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Rechargeable batteries are a key enabler to achieve the long-term goal to transform into a climateneutral society. Within this transformation, battery costs are considered a main hurdle for the marketbreakthrough of battery-powered products. Encouraged by this, various studies have been published
attempting to predict these, providing the reader with a large variance of forecasted cost that results
from diﬀerences in methods and assumptions. This article creates transparency by identifying 53 studies
that provide time- or technology-specific estimates for lithium-ion, solid-state, lithium–sulfur and
lithium–air batteries among more than 2000 publications related to the topic. The relevant publications
are clustered according to four applied forecasting methods: technological learning, literature-based
projections, expert elicitations and bottom-up modeling. Method-specific assumptions are analyzed
in-depth and discussed with regard to their results and empirical evidence. Further, 360 extracted data
points are consolidated into a pack cost trajectory that reaches a level of about 70 $ (kW h) 1 in 2050,
and 12 technology-specific forecast ranges that indicate cost potentials below 90 $ (kW h)
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continuously declining battery cost regardless of raw material price developments. However, large cost

confidence in a more stable battery market growth and, across time-specific studies, authors expect
uncertainties are found to exist on technological and chronological levels that will remain a key

rsc.li/ees

challenge for researchers and industry in the future.

Broader context
In the global endeavor to combat climate change, more than 180 countries committed to the Paris Climate Agreement in order to transform into a climate-neutral
society during the second half of this century. Adequate measures to achieve that goal include the extension of renewable energy usage and the decarbonization of
transportation. A key enabler to implement these measures are rechargeable batteries that provide the possibility to decouple energy production and usage, and to
replace fossil fuels, respectively. In addition to concerns regarding raw material and infrastructure availability, the levelized cost of stationary energy storage and total
cost of ownership of electric vehicles are not yet fully competitive to conventional technologies, mainly due to high battery cost. However, battery costs have fallen fast
during the last years and an accurate prediction of their future development is vital for profound research in academia and sustainable decisions in industry. This
article outlines the most relevant literature on battery cost forecasting and provides transparency on methodological and technological details.

1. Introduction
The forecasting of battery cost is increasingly gaining interest
in science and industry.1,2 Battery costs are considered a main
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hurdle for widespread electric vehicle (EV) adoption3,4 and for
overcoming generation variability from renewable energy sources.5–7
Since both battery applications are supporting the combat against
climate change, the increase of their market share is currently
supported by the regulation of policy makers.8–11 Yet, during the
last years, battery costs and especially those of lithium-ion batteries
(LIBs), the state-of-the-art technology for EVs12,13 and potentially the
most cost-effective technology for stationary energy storage,14,15 has
rapidly declined driven by improvements in cell chemistry, process
technology and the increase of production scale.1,3,16,17 Additionally,
beside the optimization of LIBs, advanced lithium-based concepts
such as solid-state batteries (SSBs), lithium–sulfur batteries (LSBs)
and lithium–air batteries (LABs) are discussed intensely regarding
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further improvements in battery cost and parameters such as
energy density.18–20 Considering the cost, these battery technologies
promise further reductions,20–23 linked to decreased raw material
cost (e.g., oxygen,24,25 sulfur26,27) or improved concepts of cell
components (e.g., anode-free cells28,29). However, while LIBs are
already produced on a large scale and industry players are investing
billions of dollars in the construction of respective battery factories
across the globe,30 SSBs, LSBs and LABs are currently produced
at lab or pilot scale.19,31
Encouraged by the requirement for further reduced battery
cost, various studies attempting to predict these have been
published in the last decade. These studies aim to answer
questions arising from a broad field of strategic subjects such as
eﬃcient subsidy designs,5,32 optimal R&D spending schemes,33,34
EV penetration forecasts,35,36 cost-eﬀective technology choice14,37,38
and raw material market forecasts.39 However, for the year
2030, LIB pack cost forecasts range from below 100 to above
400 $ (kW h) 1,33,35 thus implying large cost uncertainties
potentially resulting in ineﬃcient policies,40 incorrect timing
of mobility transitions,39 missed investment opportunities,32
and company bankruptcy filings.41
To allow for an in-depth understanding of the drivers
behind this cost range, a review of these publications providing
transparency with regard to applied forecasting methods and
underlying assumptions is necessary. To date, such a review is
not available within the scientific community. This study
intends to close this gap and identifies 53 relevant publications
with original battery cost or price forecasts from peer-reviewed
literature by applying a framework to an initial number of more
than 2000 studies related to battery cost. Subsequently, these
publications are classified according to four superordinate
forecasting methods (technological learning, literature-based
projections, expert elicitations and bottom-up modeling). For
each method, forecast results, relevant drivers and assumptions
are identified, analyzed and discussed. From relevant studies, a
total of 360 single data points is gathered. Based on this data set,
a general LIB forecast trajectory throughout 2050 and technologyspecific forecast ranges for LIBs by cathode technology, and LSBs
and LABs are derived.
This review contributes to the research fields of battery
technology and energy transition in multiple ways. It provides
transparency by an in-depth analysis of the most relevant
battery cost forecasts including application, applied method,
underlying assumptions and forecasted values, Further,
it provides a data base of extracted forecasts, discusses underlying assumptions and aggregates estimates into both, a forecast trajectory throughout 2050 and 12 technology-specific
forecast ranges.
The remainder of this article is structured as follows: Section
2 describes the search strategy, outlines identified articles,
describes the four forecasting methods and the method of
analysis. Section 3 gives an overview of the relevant publications
since 2010. Section 4 discusses and compares publications on
comprehensive and method-specific levels and provides a future
outlook. Section 5 summarizes the main findings and outlines
contributions and limitations.
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2. Search strategy, relevant studies
and method of analysis
In order to identify relevant articles from peer-reviewed literature that provide original forecasts of battery cost, the Web of
Science database has been searched and 2361 publications
have been retrieved. The search strategy displayed in Table 1
has been used on article titles and abstracts published between
January 2010 and February of 2021. Further, additional literature from the field has been identified based on a previously
published review on battery cost models from 20202 and an
application of the associated search strategy on the time interval between January 2020 and February 2021.
By analyzing the abstracts of the search results, 53 articles
that provide forecasts for lithium-based batteries have been
identified and are listed in Table 2.
After the identification of relevant publications, these have
been analyzed according to the following framework:
 The year of publication,
 the applied forecasting method, the technique used to
derive battery cost forecasts,
 the battery application, the examined final product for
which battery costs are estimated,
 the battery technology, the technical concept the investigated
battery is based on,
 the forecast item, the object of the forecast being battery
cost or price,
 the forecast level, the evaluated stage in the battery value
chain from material to pack,
 the forecast horizon, the latest point in time for which
values are reported,
 the forecasting period, the time interval between publication
and forecast horizon,
 the method-specific set of assumptions, the underlying
parameters or beliefs that drive forecasting values,
 the forecasted values, the time- or technology-specific
values of the forecast item studies are reporting.
In addition, to further structure the analysis, publications
have been classified by four superordinate forecasting methods
that have been applied within these publications in order to
derive cost or price estimates: technological learning, literaturebased projection, expert elicitation and bottom-up modeling.
These methods are briefly described in the following.
Technological learning, in literature also referred to as
learning curve or experience curve analysis, assumes a fundamental relationship between technology cost and one or more

Table 1

Search strategy

Conceptualization

Operationalization

Keywords used

‘‘batter*’’ AND (‘‘cost’’ OR ‘‘price’’) AND
(‘‘forecast*’’ OR ‘‘predict*’’ OR ‘‘project*’’
OR ‘‘prospect*’’)
Article title, abstract

Field of search:
document search
Focus: year
Number of studies

2010–February 2021
2361
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Analyzed articles that provide original battery cost or price projections

Open Access Article. Published on 02 August 2021. Downloaded on 1/9/2023 5:15:20 PM.
This article is licensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

Authors & year
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53

Review

Publication title

Baker et al. (2010)
Battery technology for electric and hybrid vehicles: expert views about prospects for advancement
Thiel et al. (2010)
Cost and CO2 aspects of future vehicle options in Europe under new energy policy scenarios
Gerssen-Gondelach and Faaij (2012) Performance of batteries for electric vehicles on short and longer term
Weiss et al. (2012)
On the electrification of road transport–learning rates and price forecasts for hybrid-electric and
battery-electric vehicles
Mayer et al. (2012)
Feasibility study of 2020 target costs for PEM fuel cells and lithium-ion batteries: a two-factor
experience curve approach
Brodd and Helou (2012)
Cost comparison of producing high-performance Li-ion batteries in the U.S. and in China
Catenacci et al. (2013)
Going electric: expert survey on the future of battery technologies for electric vehicles
Gallagher et al. (2014)
Quantifying the promise of lithium–air batteries for electric vehicles
Patry et al. (2014)
Cost modeling of lithium-ion battery cells for automotive applications
Nelson et al. (2015)
Cost savings for manufacturing lithium batteries in a flexible plant
Matteson and Williams (2015, a)
Learning dependent subsidies for lithium-ion electric vehicle batteries
Eroglu et al. (2015)
Critical link between materials chemistry and cell-level design for high energy density and low cost
lithium–sulfur transportation battery
Schünemann (2015)
Modell zur Bewertung der Herstellkosten von Lithiumionenbatteriezellen
Nykvist and Nilsson (2015)
Rapidly falling costs of battery packs for electric vehicles
Hagen et al. (2015)
Lithium–sulfur cells: the gap between the state-of-the-art and the requirements for high energy battery cells
Matteson and Williams (2015, b)
Residual learning rates in lead–acid batteries: effects on emerging technologies
Petri et al. (2015)
Material cost model for innovative Li-ion battery cells in electric vehicle applications
Sakti et al. (2015, a)
A techno-economic analysis and optimization of Li-ion batteries for light-duty passenger vehicle electrification
Berg et al. (2015)
Rechargeable batteries: grasping for the limits of chemistry
Wood et al. (2015)
Prospects for reducing the processing cost of lithium ion batteries
Ciez and Whitacre (2016, a)
The cost of lithium is unlikely to upend the price of Li-ion storage systems
Cole et al. (2016)
Utility-scale lithium-ion storage cost projections for use in capacity expansion models
Sakti et al. (2017, b)
Consistency and robustness of forecasting for emerging technologies: the case of Li-ion batteries for
electric vehicles
Schmidt et al. (2017, a)
The future cost of electrical energy storage based on experience rates
Kittner et al. (2017)
Energy storage deployment and innovation for the clean energy transition
Berckmans et al. (2017)
Cost projection of state-of-the-art lithium-ion batteries for electric vehicles up to 2030
Ciez and Whitacre (2017, b)
Comparison between cylindrical and prismatic lithium-ion cell costs using a process based cost model
Cano et al. (2018)
Batteries and fuel cells for emerging electric vehicle markets
Few et al. (2018)
Prospective improvements in cost and cycle life of oﬀ-grid lithium-ion battery packs: an analysis
informed by expert elicitations
Vaalma et al. (2018)
A cost and resource analysis of sodium-ion batteries
Schmuch et al. (2018)
Performance and cost of materials for lithium-based rechargeable automotive batteries
Edelenbosch et al. (2018)
Transport electrification: the eﬀect of recent battery cost reduction on future emission scenarios
Safoutin et al. (2018)
Predicting the future manufacturing cost of batteries for plug-in vehicles for the U.S. Environmental
Protection Agency (EPA) 2017–2025 light-duty greenhouse gas standards
Nykvist et al. (2019)
Assessing the progress toward lower priced long-range battery electric vehicles
Schmidt et al. (2019, b)
Projecting the future levelized cost of electricity storage technologies
Philippot et al. (2019)
Eco-eﬃciency of a lithium-ion battery for electric vehicles: influence of manufacturing country and
commodity prices on GHG emissions and costs
Wentker et al. (2019)
A bottom-up approach to lithium-ion battery cost modeling with a focus on cathode active materials
Hsieh et al. (2019)
Learning only buys you so much: Practical limits on battery price reduction
Schnell et al. (2019, a)
Prospects of production technologies and manufacturing costs of oxide-based all-solid-state lithium batteries
Comello and Reichelstein (2019)
The emergence of cost-eﬀective battery storage
Zhou et al. (2019)
Learning curve with input price for tracking technical change in the energy transition process
Schneider et al. (2019)
A modeling framework to assess specific energy, costs and environmental impacts of Li-ion and Na-ion
batteries
Schnell et al. (2020, b)
Solid versus liquid—a bottom-up calculation model to analyze the manufacturing cost of future highenergy batteries
Ciez and Steingart (2020)
Asymptotic cost analysis of intercalation lithium-ion systems for multi-hour duration energy storage
Duﬀner et al. (2020, a)
Battery plant location considering the balance between knowledge and cost: a comparative study of the
EU-28 countries
Yan and Obrovac (2020)
Quantifying the cost eﬀectiveness of non-aqueous potassium-ion batteries
Mongird et al. (2020)
An evaluation of energy storage cost and performance characteristics
Nemeth et al. (2020)
Lithium titanate oxide battery cells for high-power automotive applications–electro-thermal properties,
aging behavior and cost considerations
Beuse et al. (2020)
Projecting the competition between energy-storage technologies in the electricity sector
Penisa et al. (2020)
Projecting the price of lithium-ion NMC battery packs using a multifactor learning curve model
He et al. (2020)
Greenhouse gas consequences of the China dual credit policy
Duﬀner et al. (2021, b)
Large-scale automotive battery cell manufacturing: analyzing strategic and operational eﬀects on
manufacturing costs
Mauler et al. (2021)
Economies of scale in battery cell manufacturing: the impact of material and process innovations

learning parameters.42 This method has been introduced in the
past century and since then, has been applied in strategic
industries such as airplane43,44 or ship manufacturing.45 With regard
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to energy technologies beside batteries, major areas of research have
been electricity generation46–48 and fuel production49–51 from renewable sources. In order to derive cost projections, first, the historical
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correlation between cost and the learning parameter is examined
and learning rates are calculated. Second, this learning rate is
combined with future expectations for the learning parameter and
future cost estimates can be obtained.
In literature-based projections, forecasts are derived by the
aggregation of previously published predictions. These metaforecasts are based on the idea that forecast accuracy can be
increased by combining individual projections.52,53 This method
has been used to derive economic trends in general and to obtain
cost and price forecasts in particular.54 In addition to batteries, it
has been applied in cost forecasting of power-to-gas technologies55
and hydrogen fuel production.56 Consulted sources include
academic publications as well as industry and analyst reports
that are combined by an aggregation technique such as the
determination of time-specific means or forecast ranges.
In expert elicitations, future-oriented cost estimates are derived
by a structured interview process between authors and experts. This
approach has been used widely specifically for cost forecasting of
energy technologies.57,58 Other than batteries, the method has been
applied to predict fuel cell,59 electrolyser,60 as well as wind61 and
solar energy cost.62,63 Questions during the interview process can be
asked on diﬀerent technology levels such as product-, componentor process level and can reflect distinct external scenarios such as
regulatory support or R&D funding levels.62,64
Bottom-up modeling describes an approach to translate
technical parameters underlying the product and production
process into technology cost.65 This method has been applied
in various manufacturing industries.65–67 Regarding energy
technologies other than batteries, it has been used to project
costs for fuel cells and electrolysers,68,69 renewable energy
technologies70–72 and integrated energy systems.73,74 In order
to derive cost projections, the product is first separated into its
individual components, required resources and processes are
assigned, and cumulative cost are calculated. Regarding cost
forecasting, estimates can be obtained by simulating parameter
sets that reflect technological advances.75,76 These parameter
sets can either be defined by the authors or by external sources
such as academic literature, industry reports or experts.65
In order to compare assumptions and results of the studies
in Section 4, the focus is set on battery cost on pack-level in
$ (kW h 1), since the majority of studies agrees on this reporting
format. Whenever values for multiple applications are reported,
the forecast dedicated to electric vehicle batteries is preferred.
Among the relevant studies, several studies predict the development
of battery prices instead of cost. In general, prices do not equal costs
since they reflect the willingness to pay of customers in contrast to
costs that represent the value of all input factors required for the
production of the battery combined.77,78 In the battery industry,
prices are further influenced by strategic pricing, long-term contracts
and rebates to utilize excess production capacity.79,80 Industry experts
report that battery prices may be set below current cost levels in
order to gain market share, stimulate overall battery demand and
compensate for potential losses with expected profits in the
future.75,77,81 In addition, several diversified corporations exist
among market leaders that are assumed to subsidize their growing
battery business with profits from other industries.81 In general, the
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increase of a company’s market share is intended to strengthen its
future cost position by allowing for economies of scale in manufacturing and purchasing, and by providing favorable access to raw
materials and capital, and as a result, increasing future profits and
raising the entry barrier for new competitors.82 However, details on
company-specific prices, costs and profit margins are not publicly
available and diﬀerences are diﬃcult to assess.40,80 In battery
literature both terms are frequently used interchangeable, a
phenomenon reported earlier,39,77,80 which may be explained by
diﬀerent perspectives on the same value, since the price paid to a
battery manufacturer represents the cost to the manufacturer of the
final product. Therefore, in line with other studies,1,80 prices are
treated the same way as cost in this study, but are signified
diﬀerently (in all figures, solid polygons signify prices and hollow
polygons costs). If values are reported on a diﬀerent level than packs,
surcharge rates are applied to allow for a comparative analysis. These
rates are based on recent peer-reviewed publications and are
+30.89% to adjust from cell to pack level,32 +33.51% from material
to cell level,83 +16.14% from electrode stack to material level,83 and
have been validated with recent estimates of industry experts.84–87 If
forecasts are reported in a different currency, respective values in $
are calculated with regard to exchange rates in the year of publication
provided in the data base of the Federal Reserve.88 In all studies
reporting total battery costs, the respective value is divided by
mentioned battery sizes. All values on the forecast level originally
reported can be retrieved in the ESI.† Further, for publications
reporting multiple time-specific values, as in the case of the elicitation of various experts, the arithmetic mean is calculated. Yet if
central values or scenarios are reported, the central value for each
year is taken into account. For publications reporting technologyspecific forecasts, cost uncertainties originating from parameter
variations such as battery design or price assumptions, are
made transparent. Study-specific sources such as referenced
tables or figures are provided in the ESI.† In order to set timespecific estimates into empirical context, we include industry
price observations86,89 from 2010 to 2020. The respective source has
been chosen since values are based on a market average, are
frequently cited in official reports81,90 and are publicly available.

3. Review battery cost forecasting
A comprehensive overview of the analyzed publications sorted
by their year of publication and classified by battery application, forecasting method, forecast horizon, battery technology‡
alongside noteworthy additional aspects relevant for battery
cost is presented in Fig. 1. In the following, the publications
associated to each of the four introduced forecasting methods
are described in brief. Studies that use multiple or a
‡ Battery technologies have been categorized into lithium-ion (LIB), solid-state
(SSB), lithium–sulfur (LSB) and lithium–air batteries (LAB). LIBs are further
classified by the cathode technologies lithium nickel manganese cobalt oxide
(NMC), lithium nickel cobalt aluminum oxide (NCA), lithium cobalt oxide (LCO),
lithium manganese oxide (LMO), lithium nickel manganese oxide (LNMO),
lithium iron phosphate (LFP), lithium iron manganese phosphate (LMFP),
lithium cobalt phosphate (LCP), and by the anode technologies graphite (C),
silicon composite (Si/C) and lithium titanate oxide (LTO).
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Fig. 1 Overview of the analyzed publications on battery cost forecasting including year of publication, battery application, forecasting method, forecast
horizon, battery technology and noteworthy additional aspects relevant for battery cost.
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3.1.

Technological learning

Thiel et al. (2010) compare the total cost of ownership of EVs
and conventional vehicles for the years 2010, 2020 and 2030 by
applying a method based on technological learning.36 The
battery is identified as the major cost driver in both, plug-in
hybrid and battery EVs and induces high cost penalties on
these vehicles. The authors suggest that policy measures such
as public R&D funding or temporary subsidies are required
for a market breakthrough of these technologies in their initial
phase. Consequently, increased sales volumes lead to an
expected drop in LIB cost to 258 h (kW h) 1 until 2020 and to
between 188 and 200 h (kW h) 1 in 2030, leading to competitive
CO2 abatement cost. Gerssen-Gondelach and Faaij (2012) examine
the prospects of five selected battery technologies including LIB,
LSB and LAB and their impact on the total driving cost of purely
EVs.38 Battery cost is determined to be one of the most relevant
criteria among eight investigated battery properties. In their
technological learning approach, forecasted pack-level LIB cost
range from 990 $ (kW h) 1 in 2012 to 210 $ (kW h) 1 in 2020 based
on diﬀerent initial values and learning rate scenarios. For LSB and
LAB, a literature review is conducted and forecasted values range
from 250 to 500 $ (kW h) 1 for LSB and 300 to 700 $ (kW h) 1 for
LAB, respectively. The authors conclude that even though other
battery technologies promise advantages in cost and performance,
only LIBs may fulfill all requirements in the medium term. Mayer
et al. (2012) challenge the feasibility of industry cost targets for
2020 of high-energy and high-power LIBs and fuel cell stacks for
vehicle traction.91 Cost reductions are based on technological
learning assumptions of both, the growth of production volumes
and patent activity. Based on initial high-energy LIB cost of
871 h (kW h) 1, the authors calculate a drop to 309 h (kW h) 1
until 2020 based on the most optimistic assumptions, still
exceeding the target of 300 h (kW h) 1. Matteson and Williams
(2015, a) quantify the required amount of public subsidies for
EVs in the U.S. in order to reach LIB prices of 300 $ (kW h) 1.40
Based on diﬀerent learning rate scenarios and the frequency of
policy adjustments, the authors find cumulative required funds
to be between 2 and 34 billion $ and underline their high
sensitivity to learning rate variations. Nykvist and Nilsson (2015)
review more than 80 estimates of LIB battery pack cost for EVs.†
The authors find that LIB pack cost decreased by about 14%
annually between 2007 and 2014, leading to a decline from
above 1000 to 410 $ (kW h) 1. A steeper decline that has
previously been reported, which is explained by the high cost
in the early phase of EV sales growth, characterized by low
production volumes, high pack variance and immature pack
production processes that allowed for rapid learning. Further
cost reductions from battery R&D improvements and economies of
scale are expected by the authors and a cost level of 230 $ (kW h) 1
is projected based on technological learning for 2017–2018.
Matteson and Williams (2015, b) evaluate LIB price competitiveness
with lead–acid technology as a function of cumulative battery
production.41 Technology-specific price trajectories are calculated
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by separating material and residual cost and applying a technological learning method. For large-format LIBs, 6500 GW h of
cumulative production are forecasted to be necessary to reach
price parity. By taking into account future cost improvements
for both technologies, the authors conclude that LIB prices will
not undercut those of lead–acid batteries for more than twenty
years. Schmidt et al. (2017, a) forecast price developments for
eleven electrical energy storage technologies including LIB for
EVs, electronics and stationary energy storage until 2050.14
Technology-specific price reductions are projected based
on experience rates. The authors find that, independent of
technology, battery pack prices range from 150 to 200 $ (kW h) 1
once a total installed capacity of 1 TW h is reached. Based on
market growth assumptions, this capacity threshold is estimated
to be first surpassed by LIB battery packs for EVs in 2027, likely
making LIB the most cost-competitive storage technology with
expected battery pack prices between 36 to 96 $ (kW h) 1 in 2050.
Kittner et al. (2017) combine learning-by-doing (increased production output) and learning-by-researching (increased patent
activity) in their approach to predict LIB battery prices for EVs,
electronics and stationary energy storage until 2020.32 For EV
battery packs, prices are estimated to drop from the 2017 level of
178 to 124 $ (kW h) 1 in 2020. Further, the authors find that the
allocation of public funds to R&D activities might play a larger
role than deployment incentives since they allow for cost reductions in a shorter time frame. Edelenbosch et al. (2018) test the
sensitivity of sales projections for hybrid and purely EVs in
different battery cost and climate policy scenarios until 2050.92
While their article uses exogenous battery cost forecasts, the
authors provide endogenous trajectories in the supplementary
information, that are based on technological learning and
include total battery pack cost that range from 3400 to 8650 $
(90 to 230 $ (kW h) 1 if divided by expected battery sizes) in 2050.
In their article, the authors highlight the importance of the lower
boundary of battery cost, since global EV sales shares exceeding
15% will require battery cost to fall below 100 $ (kW h) 1. Nykvist
et al. (2019) evaluate the progress of EV attributes and assess their
economic competitiveness compared to conventional cars
throughout 2030.80 In order to model the impact of reduced
LIB cost, the authors apply the learning methodology of Nykvist
and Nilsson (2015) and extend the underlying data set by 25
recent battery cost estimates. Compared to the original data,
accelerated cost reductions and a narrower variance of estimates
are observed. By taking the updated data set into account, the
authors expect EVs to achieve competitiveness at pack-level
costs of 150 $ (kW h) 1 in 50% of U.S. car market segments
by 2020. Further cost reductions to a level ranging from 43 and
119 $ (kW h) 1 are estimated until 2030. Schmidt et al. (2019, b)
evaluate the impact of technology-specific price reductions on
levelized cost of storage for twelve power system applications
throughout 2050.37 The authors project reductions for LIB
dedicated to EVs, electronics, residential and utility-scale stationary
energy storage. For EVs, battery pack prices between 23 and
67 $ (kW h) 1 are projected for the year 2050. The authors state
that, for most stationary applications, LIB is likely to become
the most cost-efficient technology by 2030 due to reductions
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reinforced by knowledge spillovers from other markets such as
EVs. Hsieh et al. (2019) project pack-level price estimates for
NMC-based LIB until 2030 and set a particular focus on
material cost.39 By applying a two-stage learning model that
separates cost improvements of active material cost and
residual LIB pack cost and considers mineral and material
price floors, battery prices between 93 and 141 $ (kW h) 1 are
estimated for 2030. The authors infer that, due to LIB cost
reductions limited by material prices, EVs might still not be
able to fully compete with conventional vehicles by then. As a
consequence, they advise policy makers to focus on stimulating
R&D for alternative battery chemistries and on stabilizing raw
material prices. Zhou et al. (2019) compare the price performance of LIBs and lead–acid batteries based on cumulative
battery production.93 For lead–acid batteries, the authors apply
a decomposition method that separates technological learning
into variations in material prices, material quantities and
residual cost, while for LIB a single factor learning approach
is used. LIB prices are estimated to fall to 100 $ (kW h) 1 once
cumulative production reaches 2500 GW h. Beuse et al. (2020)
investigate the economic competitiveness of six technologies
for stationary energy storage throughout 2030.15 For LIBs, price
trajectories are derived by applying a one-factor technological
learning method that integrates material cost floors. In a first
step, average LIB prices are projected for 2030 based on
material price scenarios and average LIB material compositions, resulting in pack-level prices of 110 and 157 $ (kW h) 1 in
2030 for average and high raw material prices, respectively. In a
second step, the authors use a bottom-up method in order to
identify specific LIB technologies that can serve as a technological hedge against high material prices. The choice of LFP or
LMFP cathodes (107 $ (kW h) 1) is shown to be most promising
in mitigating high raw material prices in 2030 compared to
LNMO, NCA, NMC622, NMC811, LMR-NMC and HE-NMCbased batteries.§ The authors conclude that LIBs are likely to
outcompete other stationary energy storage in all considered
applications by 2030 and warn of risks associated with a
technological lock-in. Penisa et al. (2020) project prices of NMCspecific LIBs with a focus on stationary energy storage until 2025
by taking multiple approaches of technological learning.94 A twofactor model based on cumulative LIB demand and patent
activity shows the most statistically sound results and yields
LIB pack-level prices of 92 $ (kW h) 1 in 2025. From their fourfactor model reflecting increased lithium and cobalt prices, the
authors derive a nonetheless decreasing LIB price trend and
conclude that the effect of learning and innovation outweighs
raw material price effects.
3.2.

Literature-based projection

Weiss et al. (2012) compare expected future prices of hybridelectric and battery-EVs to conventional cars based on the
development of technology-specific price diﬀerentials.95 While
§ Cathode technology LMR-NMC: lithium and manganese-rich lithium nickel
manganese cobalt oxide; HE-NMC: high-energy lithium nickel manganese cobalt
oxide. Further details regarding cathode technologies are included in Section 4.
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a methodology of technological learning is applied for the
entire cost of electrification (battery, electric motor, inverter,
controller, powertrain integration), average battery-specific cost
of 320 h (kW h) 1 are discussed for 2020 and 100 h (kW h) 1 for
2030 based on analyst reports. Based on their results, a price
breakeven between battery-electric and conventional vehicles is
not to be expected before 2026. By analyzing literature and
various industry sources, Cole et al. (2016) derive cost projections
for utility-scale stationary LIB energy storage to forecast the split
of U.S. energy generation capacity and the deployment of battery
storage capacity until 2050.96 In a scenario-based approach, three
trajectories for LIB battery pack cost are derived that range from
64 to 255 $ (kW h) 1 for the year 2050. They demonstrate that
lower battery cost lead to an increase in the share of renewable
energy generation and the deployment of battery energy storage,
both resulting in a decrease of natural-gas-powered energy
generation capacity. Cano et al. (2018) evaluate the suitability of
seven energy storage and conversion technologies in diﬀerent
sectors of the transportation market.97 Among twelve criteria,
cost is considered a primary concern for future vehicle owners
and ranges for three lithium-based battery technologies are derived
based on analyst, industry and literature sources. Identified
pack cost range from 70 to 250 $ (kW h) 1 for LIBs, from 36 to
130 $ (kW h) 1 for LSBs and from 70 to 200 $ (kW h) 1 for
LABs. The authors state that LIBs may not possess suﬃcient
technological potential to meet performance requirements of all
transportation sectors. Hence, LIBs may be replaced in vehicles
by lower cost LSBs if their challenges such as poor cycle life are
overcome. LABs are facing similar challenges in cycle life, but
due to an inferior specific power may not be able to serve as a
stand-alone battery for vehicle traction. Comello and Reichelstein
(2019) forecast levelized cost of energy storage for LIB stationary
energy storage systems under policy scenarios in Germany and
California.5 The authors base their forecast on various stationary
system price estimates from industry and academia. A continuously
decreasing price level is observed and prices of 86 to 164 $ (kW h) 1
are expected by 2023. Based on this trend, decreased levelized
costs of energy storage are expected that allow for profitable
investments in LIB stationary storage systems in both examined
locations. Mongird et al. (2020) compare the annualized cost of ten
stationary energy storage technologies throughout 2025. Among
other model input parameters, current capital cost estimates are
derived from various analyst, industry and institutional sources. By
applying a method based on arithmetic means and an annual
capital cost improvement of 5%, the authors predict LIBs to have
the lowest capital cost of 189 $ (kW h) 1 and the lowest annualized
cost of all considered battery technologies in 2025.98 He et al.
(2020) evaluate the consequences of diﬀerent policy instruments
on EV sales and cumulative greenhouse gas emissions in China.99
Their market penetration model relies on LIB cost predictions
from multiple literature, analyst and institutional sources that
range from 67 to 110 (kW h) 1 in 2050. While reduced battery
costs result in higher market shares of EVs, increasing the
eﬃciency of internal combustion engines is shown to result in
significantly higher cumulative greenhouse gas emissions
potentials under current policy.
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3.3.

Expert elicitation

Baker et al. (2010) asked experts to estimate the performance
and cost for LIB technology after a 10 year period of diﬀerent
levels of U.S. government R&D spending.34 For annual R&D
expenditures of $70 million, LIB cost of 232 $ (kW h) 1 are
expected to be achievable. They conclude that present-day
public R&D investments in battery technologies may avoid
significant future CO2 tax burdens, encouraging to further
focus on their development. Catenacci et al. (2013) asked
experts from science and industry about the optimal allocation
of public battery R&D investment in the EU and its expected
impact on battery cost in 2030 for hybrid and purely EVs.33
Among seven battery technologies, experts chose to allocate the
highest share of R&D funding to LIB due to its advanced
maturity level. However, the eﬀect of these investments varies
widely across expert opinions and expected 2030 LIB battery
cost range from 200 to 750 $ (kW h) 1. Few et al. (2018) conduct
an expert elicitation to obtain estimations of cost and cycle life
of LIB battery packs for stationary energy storage for the years
2020 and 2030.75 Regarding cost, the authors ask for their
expectations based on diﬀerent R&D funding scenarios and
for major drivers of expected cost reductions. For 2020, experts’
pack cost estimates range from 50 to 657 $ (kW h) 1, major
drivers being economies of scale, incremental improvements in
cell chemistry and engineering potentials in battery management.
For 2030, the estimates are between 20 and 511 $ (kW h) 1 and
respective reductions are mainly driven by more fundamental
improvements in cell chemistry. Even though aforementioned
factors are expected to play a more significant role in cost
reductions than R&D funding by the experts, the authors advise
policy makers to reflect an identified lack of funding dedicated
to bring technologies from lab to large-scale in their future
support schemes.
3.4.

Bottom-up modeling

Brodd and Helou (2012) compare bottom-up manufacturing
cost LIBs using NMC|C-chemistry dedicated to electronics
between plants located in the U.S. and China.100 Depending on
plant location, production volume and degree of automation,
calculated cost range from 1.58 to 2.18 $ per cell. Energy-specific
cost or cell energy content are not reported. Across scenarios,
plants located in China are shown to exhibit cost advantages
mainly induced by lower labor cost. However, cost diﬀerences
between countries are shown to narrow down to 0.07 $ per cell for
highly automated plants with high production volumes. Gallagher et al. (2014) conduct a mass, volume and cost analysis for
LABs dedicated to EVs.22 The authors base their cost calculation
on the publicly available battery performance and cost model
(BatPaC101) and derive best-case (e.g., neglecting potential
required gold catalysts) LAB cost of 70 to 200 $ (kW h) 1
depending on pack concept and share of useable energy. Results
are compared to those of LIBs using LMR-NMC|Si, LMR-NMC|C,
and NMC111|C chemistries that range from 95 to 267 $ (kW h) 1.
Since advanced LIBs such as LMR-NMC|Si may approach both
energy density and cost of batteries using lithium metal anodes,
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the authors conclude that the former present lower risk pathways
for automotive manufacturers by avoiding lithium-metal-specific
challenges related to lithium deposition and solid electrolyte
interphase formation. Patry et al. (2014) compare bottom-up
cost of automotive LIBs using diﬀerent cathode materials and
electrode thicknesses to provide guidelines for future cost
reductions.102 Calculated costs for NMC111|C, NCA|C, LMO|C
and LFP|C-based cells with varying electrode thickness range
from 233 and 402 $ (kW h) 1. The authors show that cathode
materials characterized by lower capacities such as LFP and LMO
lead to higher cell cost, despite lower cathode material prices.
Further, they identify an increase of the electrode thickness as a
key lever for cost reduction that needs to be carefully balanced
with power and durability requirements. Nelson et al. (2015)
investigate manufacturing cost for LIB packs dedicated to purely
and hybrid EVs and set a particular focus on cost potentials in
flexible plants.103 Four types of batteries using NMC|C and
LMO|C chemistries are investigated and resulting pack cost
range from 161 to 226 $ (kW h) 1. The authors show that, below
specific production volume thresholds, the manufacturing cost of
each battery type can benefit from a combined production in a
flexible plant by an increased exploitation of economies of scale.
They further outline that battery packs need to comply with joint
restrictions in battery design for flexible manufacturing and that
associated cost benefits decline with increasing production
volumes. Eroglu et al. (2015) conduct a cost and performance
analysis for LSBs dedicated to purely EVs.104 The authors investigate electrode and cell design considerations and their impact
on system-level properties. Key parameters for LSB pack price are
shown to be sulfur loading in the cathode, excess lithium metal
at the anode, electrolyte volume fraction and sulfur to carbon
ratio. Based on the variation of these parameters and additional
material cost uncertainties, reported prices range from 80 to
270 $ (kW h) 1. The authors conclude that, in order to meet
automotive cost and performance targets, LSBs should exhibit
sulfur loadings above 8 mA h cm 2 while maintaining durability
targets of 1000 cycles or 15 years. Schünemann (2015) investigates
the eﬀect of variations in design and process parameters on
manufacturing cost of NMC|C cells dedicated to EVs.105 It is
shown that an increased mass loading of the electrodes results in
a more favorable ratio between active and inactive materials that
decreases material cost and increases energy density. Despite
opposing cost eﬀects in the manufacturing process such as
increased investments for longer dryers, cell costs are shown to
decrease from 189 to 156 h (kW h) 1. Hagen et al. (2015) analyze
the gap between the state-of-the-art and the requirements for
high-energy LSBs.23 The authors calculate cost based on a cell
format used in electronics and EVs and identify crucial design
parameters to be sulfur loading in the cathode and sulfur
utilization. Based on defined parameter intervals, resulting
material cost range from 70 to 250 $ (kW h) 1. In order to exhibit
cost and energy density similar to LIBs, the authors state that a
sulfur loading of 6 mA h cm 2 is required and targets for sulfur
utilization, sulfur fraction and electrolyte sulfur ratio are stated.
Petri et al. (2015) forecast LIB cost for EVs based on diﬀerent
cathode and anode technologies.106 Material cost are calculated
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for LR-NMC|Si, LR-NMC|C, LMO|C, LFP|C and NMC|C-based
chemistries that range from 93 to 111 h (kW h) 1. The authors
underline that innovative cell materials with high specific
energies could help reduce LIB material cost in the future. Sakti
et al. (2015, a) analyze and optimize manufacturing cost of LIBs
dedicated to purely and hybrid EVs.107 Based on material costs
derived from a battery design optimization model, related processing cost in a cell and pack production plant are calculated
bottom-up for NMC111|C packs. Three scenarios for parameters
in the production process, material prices and battery design
constraints are set up and resulting EV pack cost range from
200 to 370 $ (kW h) 1. Berg et al. (2015) compare cost and
performance of diﬀerent LIB, LSB, LAB and sodium-ion battery
cells based on an energy-cost model.108 Regarding LIB cost, the
authors compare LR-NMC|C, LNMO|C, NCA|C, NMC111|C,
LCO|C, LFP|C and LCP|C cell chemistries and derive estimates
that range from 191 to 295 $ (kW h) 1. LSB and LAB cell cost are
calculated to be 154 $ (kW h) 1 and 105 $ (kW h) 1, respectively.
The authors expect that LIBs using nickel- and lithium-rich
chemistries will dominate electronic and automotive applications
in the foreseeable future due to either comparable cost or fundamental challenges related to their alternatives. Wood et al. (2015)
investigate potential reductions in the processing cost of LIBs.109
For the production of NMC|C packs, the cost impact of aqueous
electrode processing, increasing electrode thickness and an optimized wetting and formation procedure are evaluated. By implementing these measures collectively, pack-level costs are shown to
decrease from 503 to 352 $ (kW h) 1 by decreased electrode
processing cost, energy consumption and formation time. Ciez
and Whitacre (2016, a) investigate the sensitivity of LIB cost to
variations in lithium raw material prices.110 The authors vary the
lithium price from 0 to 25 $ kg 1 and quantify the impact on cell
cost of four battery types classified by application requirements,
being high-energy and high-power, and used cathode material,
being NCA|C and LMO|C. Reported cell cost range from 162 to
435 $ (kW h) 1, mainly due to diﬀerent requirements and cathode
materials, variations from lithium price volatility remain below
10%. They conclude that the thread of lithium price increases will
have limited impact on the battery market and future cost reductions. Sakti et al. (2017, b) test the consistency of expert forecasts of
LIB pack-level cost estimates for hybrid and purely EVs with both,
the sum of experts’ component-level estimates and a cost estimate
derived by a process-based cost model fed with the experts’
expectations regarding underlying cell design, material and
process.77 Expert- and method-specific pack-level estimates for
purely EV batteries vary from 255 to 766 $ (kW h) 1 for the year
2018. In addition to the high range of estimates among experts,
most experts’ immediate pack-level estimates are found to
be inconsistent with their component-level forecasts and the
bottom-up cost modeling results. Berckmans et al. (2017)
develop market and LIB cost and price projections for hybrid
and purely EVs. The authors calculate bottom-up cost estimates
for NMC622|C and NMC622|SiC-based battery packs of 432 and
293 $ (kW h) 1, respectively.35 Based on current LIB market
prices and the calculated cost diﬀerences between both battery
types, the authors use a technological learning method for
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material and processing cost to project 2030 prices of 76 and
50 $ (kW h) 1, respectively. They conclude that reduced battery
prices will be reflected in EV purchase prices and will drive their
mass adoption. Ciez and Whitacre (2017, b) evaluate the impact
of cell format on LIB cost by using a process-based cost model. The
authors investigate cylindrical and prismatic formats, diﬀerent cell
dimensions, electrode thicknesses and plant production
volumes.111 For LMO|C, NCA|C and NMC|C-based chemistries,
reported cell cost range from 163 to 439 $ (kW h) 1. The
authors conclude that even though chemistry itself plays a
substantial role in cell cost, the prismatic format oﬀers cost
potential for all chemistries. Vaalma et al. (2018) compare cost
and resource availability of LIBs and sodium-ion batteries.
For the first, pack-level cost based on BatPac calculations
of NMC622|SiC, NMC622|C and LMO|C ranging from 234 to
259 $ (kW h) 1 are reported for stationary application.21 In all
three evaluated scenarios, LIBs are shown to undercut sodiumion battery cost levels at current raw material prices. Nevertheless, the authors underline potential raw material shortages
due to insuﬃcient lithium production expansion that may
increase the attractiveness of sodium-ion batteries. Schmuch
et al. (2018) evaluate performance and cost of LIBs and SSBs for
EVs. For LIBs, material costs are calculated for LMR-NMC|SiC,
NMC811|SiC, LMR-NMC|C, NCA|C and NMC622|C-based
chemistries that range from 51 to 79 $ (kW h) 1 at electrode
stack level.3 For SSBs, a concept of LMR-NMC cathode, sulfidic
LPS solid electrolyte and lithium metal anode is evaluated and
material costs of 59 to 127 $ (kW h) 1 at electrode stack level are
reported. The wide range of SSB results from significant
uncertainties related to the cost of lithium metal foil and the
amount of lithium depleted during battery operation. Based on
their analysis, the authors expect further cost improvements of
LIBs by material advances, economies of scale and automation,
helping them maintain a dominant position in the automotive
market throughout 2030. In a project for the U.S. Environmental Protection Agency, Safoutin et al. (2018) project LIB pack
cost, battery size, battery power and motor power capabilities
for the year 2025.112 After calculating required properties of
NMC/LMO|C and NMC-622|C batteries for several plug-in hybrid
and purely EV types, the authors feed BatPac with relevant data to
derive battery cost estimates. For the year 2025, bottom-up packlevel NMC622|C costs from 115 to 223 $ (kW h) 1 are derived
depending on EV size. Philippot et al. (2019) analyze the influence
of plant location on greenhouse gas emissions and cost of LIB
manufacturing.113 In both aspects, the production of NCA|C
packs with 2% anode silicon content between plants located
Korea, China, Poland, Germany, Sweden, France and the U.S. are
compared. Resulting pack-level cost for large-scale manufacturing range from 155 h (kW h) 1 in Poland to 180 h (kW h) 1 in
Korea. Since higher variabilities are found for greenhouse gas
emissions, the authors conclude that a country’s electricity mix is
a key parameter for the impact of battery manufacturing on
climate change. Wentker et al. (2019) compare the cost of LIBs
based on diﬀerent cathode materials. In their bottom-up model,
respective cell energy content and material cost for an automotive
cell format are calculated.114 Resulting cost for LNMO|C, LMO|C,
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NCA|C, NMC111|C, NMC442|, NMC532|C, NMC622|C, NMC811|C,
LR-NMC|C and LFP|C range from 65 to 88 $ (kW h) 1 on material
level. The authors conclude that advanced chemistries such as
nickel-rich materials promise both, potentials in energy density
and cost. Schnell et al. (2019) outline prospects of production
technologies and cost of oxide-based SSBs.20 Based on a cell format
for hybrid EVs, the authors calculate bottom-up material cost for
concepts using LNMO, NMC811 or HE-NMC cathodes, an oxidic
LLZ solid electrolyte and a lithium metal anode. Production costs
for cell manufacturing are based on a potential future process
derived from already industrialized fuel cell and ceramic capacitor
fabrication. Estimated large-scale cell cost range from 120 to
415 $ (kW h) 1, depending on cathode material and price for
the solid electrolyte. The authors conclude that cost of oxidebased SSBs could become competitive to LIBs if LLZ prices fall
below 60 $ kg 1 or lighter solid electrolytes are developed.
Schneider et al. (2019) compare specific energy, cost and greenhouse gas emissions of LIBs and sodium-ion batteries. Current
automotive LIB cell cost based on NMC111|C are estimated to
be 186 $ (kW h) 1, significantly below the evaluated sodium-ion
alternatives. According to the authors, this finding is mainly
due to the lower specific charges and voltage of the active
materials of sodium-ion batteries, leading to higher material
requirements and longer processing times per kW h of capacity.
They further show current LIB superiority regarding greenhouse
gas emissions and attribute this fact to the same mechanism.
Consequently, the authors state that sodium-ion batteries can
only become competitive if a performance similar to LIBs is
achieved. Schnell et al. (2020) compare the manufacturing cost
of LIBs with sulfide and oxide-based SSBs based on an NMC811
cathode and a cell format dedicated to hybrid EVs.115 For LIBs
using graphite and Si composite anodes, cell cost of 119 and
107 $ (kW h) 1 are calculated, respectively. For SSBs with lithium
metal anode, cell costs range from 86 to 132 $ (kW h) 1 using a
sulfide solid electrolyte (LPS), and from 123 to 267 $ (kW h) 1 using
an oxide solid electrolyte (LLZ). The large variances in respective
cost can be attributed to the high uncertainty in solid electrolyte
prices in their study. In addition, the authors evaluate the cost of
a sulfide-based SSB with graphite anode and derive cell cost of
159 $ (kW h) 1. The authors conclude that, in contrast to all other
investigated SSBs, sulfide-based SSBs with lithium metal anode
have the potential to become competitive to LIBs if LPS prices drop
below 60 $ kg 1. Ciez and Steingart (2020) investigate performance
and cost of diﬀerent LIB cell designs and formats in grid storage
applications.116 For LMO|C-based chemistries, the authors investigate bobbin cells, a format known from alkaline batteries and
compare it to pouch cells with diﬀerent electrode thicknesses. Celllevel costs of 105 to 180 $ (kW h) 1 are reported for pouch formats
with an electrode thickness of 100 mm. Due to the higher electrode
loading of bobbin cells, these are shown to be cost competitive
with pouch cells up to an electrode thickness of 300 mm, but are
unlikely to be suitable for EV applications due to limited rate
capability. Duﬀner et al. (2020) analyze the suitability of the EU27
countries and the UK for LIB cell manufacturing.30 Countryspecific indicators are gathered to compare both, potentials
in the knowledge required for LIB production and location-
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based cost for energy, labor and buildings. Based on an
NMC622|C chemistry for EVs, cell costs range from 92 to
98 $ (kW h) 1 from Bulgaria to Denmark, respectively. While
leading countries can be found in both single categories, no
country is found to be superior in both categories. The authors
conclude that the location decision is company-specific and
that experienced market leaders may favor lower cost countries
and new entrants potentially prefer locations with suﬃcient LIB
expertise. Yan and Obrovac (2020) quantify the cost-eﬀectiveness
of LIBs and potassium batteries for stationary energy storage.117
For LIBs based on NMC622|C chemistry, costs of 147 $ (kW h) 1
are reported on pack-level. Potassium batteries are shown to have
overall cost drawbacks due to their inferior energy density,
despite cost advantages in current collectors. The authors
conclude that competitiveness to LIBs can only be achieved
by significantly improving the currently low cycle life. Nemeth
et al. (2020) evaluate performance and price of LIBs using
graphite and LTO anodes in automotive applications.118 Price
estimations for NMC111|C and NMC111|LTO are based on
BatPac and are reported to range from 85 to 220 $ (kW h) 1
for mass-manufactured large high-energy cells. High-energy
LIBs using LTO anodes are shown to result in higher prices
than those using graphite anodes due to their lower energy
density. The authors conclude that LTO-based LIBs are more
suitable for high-power automotive applications due to their
excellent rate capability. Duﬀner et al. (2021) evaluate cost of
LIBs for EVs based on improvement potentials related to the
categories production process, material and cell design, and
location.76 Initial NMC622|C-based cell cost are calculated to be
106 $ (kW h) 1 and are forecasted to reach a level of 64 $ (kW h) 1
by changing the cell chemistry to NMC811|C and simulating
eleven additional improvements from the three categories. By
analyzing the eﬀect between categories, process improvements
are shown to result in the highest cost decrease. The authors
conclude that future cost reduction eﬀorts should focus on
process improvements in mixing, coating, stacking, formation
and aging. Mauler et al. (2021) analyze the eﬀect of material and
process innovations on the cost-eﬃcient plant scale in LIB
production for EVs.17 LIB cells using LFP|C, NCA|C, NMC811|C,
and LR-NMC|C analyzed based on current and future scenarios
of the production process and cell cost between 75 and
145 $ (kW h) 1 are calculated. The authors identify electrode
manufacturing to be the bottleneck process for plant sizing and
conclude that the analyzed innovations lead to a more than fivefold
increase in plant scales required for cost-eﬃcient production.

4. Analysis of publications and
identification of future needs
4.1.

Analysis across forecasting methods

An overview of forecasted pack-level ranges in the 53 analyzed
studies sorted by year of publication including an extract of the
parameter set of upper and lower bounds, applied forecasting
method, forecast item and the original forecast level before
conversion to pack-level is presented in Fig. 2. Regarding the
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Fig. 2 Overview of forecasted pack-level ranges in the analyzed studies including year of publication, parameter set for upper and lower bounds,
forecasting method, forecast item, and originally reported forecast level.
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analyzed technologies, 50 studies investigate LIB (signified by
solid bars), three studies SSB, five studies LSB and four studies
LAB technology (dashed bars). In addition, four studies apply
two diﬀerent forecasting methods. For two of these, respective
values could be separated, yielding the total of 64 distinct
columns. The two remaining multi-method studies have been
classified according to their methodological focus. One study
did not provide energy-specific cost or respective battery energy
content, but has been included as an empty column.100 Most of
the resulting ranges are derived by bottom-up modeling
(33 forecasts), followed by technological learning (16),
literature-based projection (10) and expert elicitation (4). Battery
cost is the most reported forecast item (40 forecasts) and the
majority of originally derived ranges is on pack-level (34).
Across the examined studies, reported values range from 20 to
1543 $ (kW h) 1. This extensive spread can be explained by a
look at the parameter extractions across methods (positioned
above the colored bars in each column of Fig. 2). Exceptionally
high ranges can be observed for early time-specific studies
with long forecasting periods using technological learning or
literature-based projection, which can be dedicated to a higher
initial level of battery cost reported at the beginning of the
decade that are not included in the ranges of later studies.
Further, the majority of studies that involve experts exhibit high
ranges, which can be explained by a high variability and
disagreement among experts reported by all respective authors.
Even though most studies applying a bottom-up method do
report values for a specific year, cost uncertainties are observable
for diﬀerent technological and market assumptions. A closer look
at the parameter extracts reveals a variety of interacting dimensions that are investigated across methods and aﬀect battery cost

Fig. 3
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across methods. Apart from time, these include battery technology,
battery design and format, production process and technology,
plant location, plant size, material prices, vehicle size, cumulative
production, R&D funding, and public subsidies. From the analysis
between methods and parameter sets, we derive that studies using
technological learning, literature-based projection and expert elicitation are, in most cases, applied to derive battery cost in the
time dimension (i.e., for a specific year), whereas studies using
bottom-up modeling show a focus on battery technology (i.e.,
technological concept such as cathode and anode technology).
For this reason, in the following method-specific analysis, we focus
on time for the first three methods and on battery technology for
the latter. In addition, we include remarks regarding the eﬀect of
the further outlined criteria.
4.2.

Technological learning

The results of examined publications that derive time-specific
battery cost forecasts based on technological learning are
summarized in Fig. 3. We further include industry-average
price observations86,89 on pack-level for comparison that are
displayed as a histogram. When looking at the empirical price
development from 2010 to 2020, high absolute reductions can
be perceived especially in the first half of the decade from
1160 $ (kW h) 1 in 2010 to 384 $ (kW h) 1 in 2015. This
reduction has been explained by high cost in the early phase of
EV sales growth, characterized by low production volumes, high
pack variance and immature pack production processes that
allowed for fast learning.1 In the second half of the decade,
more moderate absolute reductions are observable that reach a
level of 137 $ (kW h) 1 in 2020. Similar to the development
of industry data, all authors expect a decline in LIB cost.

Forecasted values of studies applying technological learning methods to derive time-specific estimates.
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Learning factor

Publication
Thiel et al. (2010)
Gerssen-Gondelach
and Faaij (2012)
Mayer et al. (2012)

Learning rate

Forecast
Approach item
Description

CAGR Value

Time
period for Industry for
calculation calculation

1-Factor Cost
1-Factor Cost

Cum. battery sales
Cum. battery production

39%
64%

10%
9–17%

r2002
Battery-specific No
1993–2004 Battery-specific Feasibility test

2-Factor Price

Cum. battery sales,
cum. patents
Cum. battery sales
Cum. battery sales

27%
30%
27%
100%

8%
27%
14%
9%

1991–2005 Battery-specific No

15.9%
16.9%
2% per 100
PCT patents
17.3%
15.5%
31.4%
14.8%
n/a
n/a, n/a

2010–2016 Battery-specific Feasibility test
1991–2015 Battery-specific Feasibility test
(See 4-factor)
1991–2015
1991–2015
1991–2015
1991–2015

Battery-specific
Battery-specific
Battery-specific
Battery-specific

(See 4-factor)
(See 4-factor)
(See 4-factor)
Lithium & cobalt
price included

23.5%

r1984

Only in bottom-up

n/a

n/a

Chemical
processing
n/a

1-Factor
Nykvist and Nilsson
1-Factor
(2015)
Schmidt et al. (2017, a) 1-Factor
Kittner et al. (2017)
2-Factor

Price
Cost
Price
Price

Cum. installed capacity
Ann. battery production,
cum. PCT patents

35%
13%
10%

1-factor
1-Factor
1-Factor
4-Factor

Price
Price
Price
Price

Ann. battery production
Cum. battery production
Cum. patents
Ann. battery production, cum.
patents, lithium/cobalt price

Berckmans et al. (2017) 1-Factor Price

Ann. battery sales

13%
16%
10%
13%
10%
n/a,
n/a
30%

Edelenbosch et al.
1-Factor
(2018)
Nykvist et al. (2019)
1-Factor
Schmidt et al. (2019, b) 1-Factor
Hsieh et al. (2019)
2-Stage
(1-factor)
Beuse et al. (2020)
1-Factor
Penisa et al. (2020)
2-Factor

Cost

Cum. battery sales

n/a

Cost
Price
Price

Cum. battery sales
Cum. installed capacity
Cum. installed NMC
battery capacity
Ann. installed capacity
Cum. NMC battery sales,
cum. PCT patents

36%
28%
43%

Price
Price

1-Factor Price
1-Factor Price
4-Factor Price

Integration of
material prices

1991–2005 Battery-specific No
2006–2014 Battery-specific No

16.8%
1991–2016 Battery-specific
19.1%
2010–2017 Battery-specific
16.5% (pack) 2010–2016 Battery-specific
3.5% (NMC)
20% 20.8%
2010–2017 Battery-specific
11% 21.2%
2007–2019 Battery-specific
10% 3% per 100
PCT patents
Cum. NMC battery demand
11% 25.3%
2007–2019 Battery-specific
Cum. PCT patents
10% 35.9%
2007–2019 Battery-specific
Cum. NMC battery demand, cum. Variables in 4-factor model stated to be
PCT patents, lithium/cobalt price statistically insignificant

n/a
No
No
Floor for mineral &
material cost
Material cost floor
Feasibility test
(See 4-factor)
(See 4-factor)
(See 4-factor)
Lithium & cobalt
price included

In bold: central method applied in the respective study.

Study-specific average estimates range from 1120 $ (kW h) 1 for
2010 to 63 $ (kW h) 1 for 2030. In comparison to the industry
average, the majority of forecasts until 2020 are above empirical
price observations and high variances in forecast levels and
developments can be identified across studies and time of
publication. These variances can be attributed to diﬀerences
in methodological variants and specific assumptions, both of
which will be discussed in further detail.
The central methods used in the respective publications
can be further specified in three diﬀerent approaches. First, the
1-factor approach that relates forecast values to the future
development of one learning factor. This is the most common
approach for battery cost forecasts and used as the central
method in nine studies.1,14,15,35–38,80,92 Second, the multi-factor
approach, which is characterized by cost or price reductions
that are derived based on the future development of multiple
learning factors. Regarding forecasts in this study, a 2-factor
approach is applied by three studies.32,91,94 Third, only applied
by one study,39 a 2-stage approach, meaning that technological
learning is conducted in two subsequent stages for different
cost components with specific learning rates. While in some
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of these studies, more than one approach is used in order to
validate assumptions, one central method is stated to explain
cost developments most accurately. This study-specific approach
is highlighted in bold in Table 3 where detailed assumptions of
the respective publications are displayed.
Across all studies, at least one type of battery production,
capacity or sales volume is defined as a learning factor, which
has been applied in various studies on energy technologies46
and has been shown to be a particularly reliable metric in
technological forecasting.119 The authors relate their time-specific
forecasts to ‘‘experience’’, namely cumulative battery production,38
cumulative battery sales1,36,80,91,92 or cumulative installed battery
capacity,14,37,39 and ‘‘economies of scale’’ such as annual battery
production,15,32,35 all of which will be referred to as ‘‘the battery
market’’, for the sake of simplicity. Regardless of the specific
learning factor, each predicted value is significantly impacted by
the determination of three parameters. First, the initial value of the
time series that aﬀects the level of subsequent estimates. Second,
the learning rate, also referred to as experience rate if prices are
concerned, that signifies the reduction rate in the forecast item for
each doubling of the learning factor. Third, the expected growth
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Fig. 4 Assumptions for learning rates and battery market growth (a) and time period for the learning rate calculation (b).

rate of the learning factor that represents the speed of progress
throughout the forecasting period and allows for a translation into
a chronological scale. Regarding all three assumptions, remarkable diﬀerences are conceivable. The initial values can be extracted
from the time-specific development in Fig. 3. Unsurprisingly, a
decreasing trend is observable for initial values with an advancing
year of publication that has been described earlier.1 For both other
parameters, that largely determine the slope of the forecast series,
an unambiguous development is not apparent and will be
discussed in detail. Learning and experience rates alongside
the underlying expectations for future battery market growth,
calculated as compound annual growth rate (CAGR) of the
learning factor in the forecasting period, are displayed in
Fig. 4a and are provided in the ESI.† Market growth assumptions, mostly based on the respective metrics for EVs from
various analyst, industry and agency reports combined with
assumptions regarding vehicle battery size, range from 11 to
100% per annum. In spite of this vast range, diﬀerences in timing
and length of the forecasting period as well as individual beliefs
regarding future policy support can justify these variances and
need to be taken into account in a comparison.46 The variability in
this assumption is particularly large for earlier studies, whereas
assumptions of market growth converge between 11 and 43% p.a.
for studies after 2015, further narrowing to between 28 and 43% p.a.
for those who forecast until 2030, indicating confidence in a more
stable level of future battery market growth in academic literature.
Regarding learning and experience rates, a diﬀerentiated analysis between 1-factor and 2-factor forecasts is essential since,
based on the same data set, 2-factor approaches generally find
lower factor-specific rates due to partial allocation of cost
reductions to other factors.46 For 1-factor models, a convergence
can be perceived for learning and experience rates that range
from 9% to 24% across publications and stabilize at a higher
level between 16% and 24% in studies after 2015. For 2-factor
models that also integrate the growth in patent activity,
although only supported by three studies, similar observations
can be made for the learning rate related to the battery market.
A major determinant of the learning rate is the time period
chosen for its calculation.120 Since learning rates are derived

This journal is © The Royal Society of Chemistry 2021

from the historical correlation between the learning factor (in
most cases, the battery market) and the forecast item (battery
cost or price), results may vary across years. The analysis of the
relationship between learning rates and underlying time periods
is a common research object for technologies in the renewable
energy sector such as solar modules,121 wind turbines and
farms,46,122 or hydro power plants.120 For batteries, study-specific
time periods for the calculation of learning rates are displayed in
Fig. 4b. When examining this relationship, an unambiguous
development cannot be identified. However, when taking into
account that Berckmans et al. derive their learning rate from a
study that investigates chemical processing in general (see
Table 3), an observation can be made for the remaining studies
that obtain their learning rate based on a battery-specific market
analysis. Among these studies, authors that integrate the years
2015 to 2019 into their calculation derive higher learning rates.
The eﬀect of both, stabilizing market assumptions and converging battery-specific learning rates, finds its expression in less
volatile forecasts from studies after 2015, depicted in Fig. 3 as
lines at the lower end between 2017 and 2030. In a comparative
analysis between the methodological variants among this
limited dataset, we find that even though the 2-factor approach
yields the lowest time-specific results, it relies on lower initial
values than the other examined variants. Regarding the 1-factor
approach, above mentioned similarities lead to comparable
slopes across studies, excluding Edelenbosch et al. that could
not be analyzed in detail due to limited transparency of assumptions. In contrast, the forecasts of Hsieh et al., using a 2-stage
approach, tend to level oﬀ beginning from 2025. This can be
explained by two specific characteristics of their approach. First,
the authors separate learning between active material synthesis
and pack production. They derive, based on historical synthesis
cost of NMC-111, slower learning for the active material
(learning rate 3.5%) compared to pack production (16.5%).
Second, they include increasing mineral cost floors to account
for expected developments in cobalt, nickel and lithium prices.
This potentially opposing trend to reduced battery cost reflects
the growing awareness of risks concerning raw material prices
and supply.123–125
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4.3.

Review

Forecasted values of studies applying literature-based projections.

Literature-based projections

The pack-level results of publications that derive time-specific
forecasts based on literature sources are summarized in Fig. 5
and range from 1093 $ (kW h) 1 for 2010 to 104 $ (kW h) 1 for
2030. All authors expect decreasing LIB cost throughout their
forecasting period, however, similar to the studies using technological learning, diﬀerences in methods exist that are further
outlined in the following.
The five studies providing literature-based projections have
been analyzed regarding their forecast horizon, the applied
aggregation technique and the type, number and year of publication
of consulted literature sources. An overview of this analysis is
presented in Table 4. All examined studies apply diﬀerent
aggregation techniques to the values extracted from literature.
Weiss et al. combine the values from 8 sources into time-specific
forecast ranges from a minimum to a maximum value until
2030. Cole et al. use the median value from 8 literature sources

Table 4

for the initial level, and calculate median annual reductions
from the studies to derive subsequent levels of their cost
trajectory throughout 2050. Comello and Reichelstein base their
forecast until 2023 on the arithmetic mean of time-specific
forecasts found in 8 literature sources. Mongird et al. exclude
the three lowest battery cost values extracted from 20 sources
and use the arithmetic mean of the remaining values as the
starting point for their forecast. The authors assume a 5%
annual decrease in battery cost to derive a future estimate for
2025. He et al. calculate the arithmetic mean of time-specific
literature values for the years 2020, 2025, 2030, 2050 based on
9 sources, and apply linear interpolation to derive cost forecasts
for intermediate years. Regarding the type of examined literature,
all studies consult academic and analyst publications, while
Mongird et al. additionally includes press articles and He et al.
government targets, respectively. Three of the studies rely on
direct sources no older than 4 years prior to publication, while
Mongird et al. includes sources dating 6 years back. For Cole
et al., details regarding the time of publication are not provided
for all sources.
When comparing the results of the diﬀerent studies with the
industry observations until 2020 displayed in Fig. 5, Weiss et al.
are in line with the empirical benchmark for 2010 but are
furthest for 2020 compared to other studies. Similar to the
observation in technological learning studies, this reflects
a previous underestimation of the speed of battery cost
reductions1,80 that is underlined by a decline in the initial
values from the literature-based studies with advancing year of
publication. For the studies after 2015, Cole et al. and Mongird
et al. are most pessimistic compared to industry observations.
While the median-based approach of Cole et al. is less sensitive
to extreme values and hence reduces the influence of particular
optimistic sources, Mongird et al. exclude the most optimistic
estimates from their average-based approach. Both studies
further rely on sources from 2015 or earlier. In contrast, the
studies of Comello and Reichelstein and He et al. rely on an
unadjusted average that equally reflects optimistic predictions,
rely on more recent sources, and derive the lowest estimates in

Analysis of publications providing time-specific literature-based projections

Publication

Weiss et al.

Cole et al.

Year of publication
Forecast horizon
Aggregation
technique

2012
2030
Aggregation of literature
values to time-specific
forecast ranges

Source types

Academic literature,
analyst reports

2016
2050
Calculation of median
from literature values
as starting point, cost
decline based on
time-specific median
reductions
Academic literature,
analyst reports

Number of direct
sources
Publication of
earliest direct
source

8
2008

Comello and
Reichelstein

Mongird et al.

He et al.

2020
2025
Removal of optimistic
literature values, arithmetic
mean of remaining values
as starting point, constant
annual cost decline

8

Academic literature, Academic literature,
analyst reports
analyst reports, press
articles
8
20

2020
2050
Calculation of arithmetic
mean of time-specific
literature values for
specific years, linear
interpolation for
intermediate years
Academic literature,
analyst reports,
government targets
9

r2015

2017

2016
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2019
2023
Calculation of
arithmetic mean
of time-specific
literature values

2014
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Forecasted values of studies based on expert elicitations.

a time-specific comparison. However, it should be noted that
the authors of the latter two studies also integrate estimates
from the agency that provided the industry observations for our
study, which contributes to their close proximity to the empirical
benchmark in Fig. 5.
4.4.

Expert elicitations

The average results of examined publications that derive timespecific LIB cost forecasts based on expert elicitations are
summarized in Fig. 6 and reach from 644 $ (kW h) 1 for 2013
to 177 $ (kW h) 1 for 2030. In line with the aforementioned
methods, experts expect decreasing battery cost and results vary
significantly between studies.
Experts across studies express diﬃculties in predicting future
battery cost due to the variance of material prices, unclear future
production volumes, dynamic evolution of battery characteristics,33
doubts concerning battery safety34 and an overwhelming number
Table 5

Experts’ expectations regarding cost reduction levers and their time-specific eﬀectiveness

Material &
product

Process

2018

2020

2030

~
~
~
~

m Incremental chemistry changes
m Cobalt-free cathode materials
’ Replacement of cobalt
’ New materials
m Better graphites
m Electrolyte/additive improvements
m More silicon in anodes
m Cell format changes
m Packaging improvements
m BMS improvements
m Engineering improvements
m Integrated design/standardization
m New manufacturing techniques
m Increased automation
m Economies of scale
’ Increased R&D funding
’ Baker et al. (2010)
m Few et al. (2018)

m Cathode/anode changes
m Binder improvements
m Separator improvements
m Solid-state electrolytes
m Electrolyte/additive improvements
m Water-based chemistry
K Technological improvements

~
~
~
~
~

Change to NMC|C, LFP|C, NCA|C cell chemistry
Improvements of cathode and anode specific capacities
Higher cell capacities
Evolutionary material or design improvements
Improved electrolytes
Silicon anodes
Increased electrode thickness
Liquid pack cooling
Cost reduction battery management system

~
~

Electrode manufacturing improvements
Improvement of production yield

Other
Source

of other factors influencing costs.75 All authors report limited
consensus among experts and a high level of variability in their
estimates,33,34,75,77 reflected in the large forecast intervals for
2030 in Catenacci et al. from 200 to 750 $ (kW h) 1 and in Few
et al. from 20 to 511 $ (kW h) 1 that is mentioned in the
respective studies. One reason for the variances between the four
studies may result from diﬀerences in size and composition of
the expert group. In the studies of Baker et al., Catenacci et al.
and Few et al., 7, 14 and 11 experts are interviewed, respectively,
the majority having an academic background. In contrast, Sakti
et al. consult 12 experts exclusively from industry and consulting.
Baker et al. and Catenacci et al. find an almost equal share of
optimists and pessimists among experts but do not assign
respective identities due to confidentiality reasons, whereas Few
et al. reports experts from academia to be more optimistic than
those from industry. We make a similar observation by comparing the results from the two most unequally distributed groups in
this analysis. 5 of the 7 experts interviewed by Baker et al. in 2010
are from academia and the average estimate of battery cost
among experts is 265 $ (kW h) 1 for 2020, an optimistic estimate
at the time. In their publication of 2017 that only relies on
industry specialists, Sakti et al. obtain approximately 50% higher
average estimates for 2018, ranging among the pessimistic forecasts
for the same year. In addition to disagreements between experts,
three authors find a number of responses to be intrinsically
inconsistent by specific consistency checks33,75,77 and Sakti et al.
and Catenacci et al. report inconclusive answers to make up a
significant share of 55% and 28%, respectively. To further analyze
the studies based on expert elicitation, the diﬀerent cost reduction
drivers mentioned by experts have been gathered from each of the
studies and allocated to the three categories material & product,
process, and other cost reduction levers. While the both most recent
studies ask specific questions on experts’ assumed cost reduction
levers and provide more detailed information, the earlier studies,
potentially due to a diﬀerent focus, mention experts’ rationales only
occasionally and detailed responses are not available. The expectations of the consulted experts regarding cost reduction drivers and
their time-specific eﬀectiveness are displayed in Table 5.

~

Sakti et al. (2017)
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K Improvement of production yield
K Learning-by-doing
K Increased R&D funding
K Catenacci et al. (2013)
m Few et al. (2018)
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A closer observation of the categorized cost reduction levers
reveals interesting findings. Most strikingly, the consulted
experts mention most frequently levers that are linked to the
material & product category. For 2018 and 2020, experts expect
rather incremental improvements in cathode and anode materials,
cell design and pack technology that lead to an increased energy
density and/or lower cost. For 2030, more fundamental improvements such as solid electrolytes or water-based chemistries are
mentioned. Regarding production process and other improvements,
experts expect improvements by new manufacturing techniques,
increased production yield, economies of scale and an increase in
R&D funding. However, in comparison, process-related answers
remain on a rather general level. We find Few et al. to describe a
lack of process knowledge across the consulted experts regarding
energy consumption and Sakti et al. to report more than half of
the experts feeling uncomfortable in answering process-related
questions. These findings indicate an underrepresentation of
process specialists in the analyzed studies that may lead to an
underestimation of future battery cost potentials in expert
elicitation. Despite the mentioned limitations, we consider
expert elicitation an important tool in predicting battery cost
due to its unique ability to provide insights into experts’ beliefs
and doubts regarding fundamentally new technologies characterized by a lack of historical data and experience.
4.5.

Bottom-up modeling

For the analysis of studies that apply bottom-up modeling, we
focus on battery technology as outlined at the beginning of this
section. In order to compare the results of the diﬀerent studies,
we classify lithium-based batteries according to common practice in battery research19,31,115 in LIB characterized by intercalation electrodes and a liquid electrolyte, SSB characterized
by a solid electrolyte, and LSB and LAB using sulfur and
atmospheric air or oxygen on the cathode side, respectively.
In addition, SSBs, LSBs and LABs typically use lithium metal on
the anode side. To compare the factors that drive forecasted
values, we focus on determinants of energy density and material
price assumptions, but if required to explain diﬀerences, outline
additional assumptions. A battery’s energy density is considered
a major driver of both, its material and processing cost.3,19,126
This is due to the fact that by increasing energy density, an
improved ratio between active and inactive materials can be
achieved, resulting in lower energy-specific cost for inactive
materials. Regarding manufacturing, more output in terms of
energy (i.e., kilowatt hours) can be produced without additional
production equipment, production footprint and respective
investments, having a decreasing eﬀect on processing cost.
Apart from energy density that indicates the amount of material
required per kilowatt hour, material prices drive material costs
that account for 60 to 80% of the battery pack.101,107 For LIB
technologies, we focus on the one hand on active material
specific capacity and discharge potential, since these largely
determine cell and pack energy density,127,128 and active material
price on the other (please note that price and cost are not always
explicitly diﬀerentiated here, with price we refer to the value that
is used as the base for cathode cost calculation). The vast majority
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of LIB estimates varies by cathode technology and base their
results on a common graphite anode. Hence, the focus is set
on cathode technologies and respective properties and price
assumptions are compared. For the average discharge potentials
of cathode materials, we rely on literature values,3,108,128 since the
examined studies seldomly state these explicitly. In the following,
we briefly describe the examined cathode technology, the average
of identified forecasts among studies that provide a related
estimate and the average of available assumptions. For the
calculation of the average forecast, we choose the baseline if only
one estimate is provided and the optimistic estimate if a range is
projected. This calculated average hence includes future-oriented
aspects such as expected improvements in cell design, production process and economies of scale. Due to the large number of
75 displayed estimates, we focus on a comparison between the
assumptions underlying the extreme values in each category.
Further details of all studies are included in the ESI.† We order
the following descriptions by average cathode specific capacities,
but group NMC materials together. In each material category,
studies are sorted according to their time of publication. An
overview of study-specific results together with specified anode
technology if diﬀerent from graphite and assumed cathode active
material properties and price is presented in Fig. 7.
The cubic spinel oxide LMO (LiMn2O4) is a cathode active
material that provides excellent rate capability but limited
energy density and cycle life.128,129 Based on ten estimates, we
calculate an average of 251 $ (kW h) 1 for LMO-based battery
packs. It exhibits an average discharge potential of B4.2 V and
related studies assume a specific capacity of 114 mA h g 1 and a
material price of 10.7 $ kg 1 on average. The minimum value of
133 $ (kW h) 1 obtained from the study of Wentker et al. is
based on a specific capacity of 130 mA h g 1 and a material
price of 9 $ kg 1. The study of Sakti et al. (a) that includes the
maximum of displayed values of 587 $ (kW h) 1 for LMO-based
battery packs, mentions a specific capacity of 100 mA h g 1,
being the minimum value among the examined studies, while
no details are available regarding cathode material prices. The
cobalt-containing olivine LCP (LiCoPO4) cathode active material oﬀers a high working potential for high-energy cells but
faces challenges regarding self-discharge and cycle life.130,131 It
exhibits an average discharge potential of B4.6 V and an
estimate of 386 $ (kW h) 1 is obtained from the study of Berg
et al. based on a specific capacity of 130 mA h g 1 and a material
price of 50 $ kg 1. The spinel oxide LNMO (LiNi0.5Mn1.5O4)
material is considered a potential environmentally benign and
low cost cathode active material3,132 and exhibits the highest
average discharge potential of B4.7 V among the examined
materials, which exceeds the stability window of common
electrolytes.108 Based on three estimates, we calculate an average of 163 $ (kW h) 1 and average assumptions for specific
capacity of 133 mA h g 1 and material price of 16.0 $ kg 1.
While both studies assume a similar specific capacity of
140 mA h g 1, the minimum value obtained from Wentker
et al. of 114 $ (kW h) 1 is based on a material price of 11 $ kg 1,
the maximum value obtained from the study of Berg et al. is
based on a price of 21 $ kg 1. The layered-oxide LCO (LiCoO2)
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Fig. 7 Overview of study-specific results, grouped by cathode technology, specified anode technology if diﬀerent from graphite, assumed cathode
active material properties and price.

This journal is © The Royal Society of Chemistry 2021

Energy Environ. Sci., 2021, 14, 4712–4739 | 4729

View Article Online

Open Access Article. Published on 02 August 2021. Downloaded on 1/9/2023 5:15:20 PM.
This article is licensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

Energy & Environmental Science
cathode active material oﬀers high cycle life and low selfdischarge but its application is mainly limited by the high,
cobalt-induced material cost.108,133 It exhibits an average discharge potential of B3.8 V and an estimate of 357 $ (kW h) 1 is
obtained from the study of Berg et al. based on a specific
capacity of 150 mA h g 1 and a material price of 55 $ kg 1.
The olivine LFP (LiFePO4) cathode active material has advantages regarding safety, cycle life and sustainability,17,134 but
exhibits a limited average discharge potential of B3.4 V. Based
on six estimates, we calculate an average of 222 $ (kW h) 1 and
average assumptions for specific capacity of 158 mA h g 1
and material price of 17.5 $ kg 1. The minimum estimate of
107 $ (kW h) 1 taken from Beuse et al. assumes a specific
capacity of 150 mA h g 1 and does not provide LFP material
prices. The maximum estimate of 526 $ (kW h) 1 obtained from
Patry et al. assumes a similar capacity, and the highest available
material price of 21 $ kg 1. The lower estimate of Beuse et al.
can be dedicated to their applied methodology that adds to
bottom-up calculated material cost a technological learning
approach for residual pack components. The olivine LMFP
(LiMn0.8Fe0.2PO4) cathode active material oﬀers high rate capability,
favorable safety and low material cost135,136 and, compared to LFP, a
higher average discharge potential of B3.5 V. Beuse et al. calculate a
price of 107 $ (kW h) 1 based on a specific capacity of 165 mA h g 1.
The nickel-rich layered-oxide NCA (LiNi0.8Co0.15O2) cathode active
material oﬀers high energy density but, compared to layered-oxide
materials with lower nickel content, exhibits lower cycle life and a
lower thermal stability.3 Based on nine estimates, we calculate an
average of 199 $ (kW h) 1 for NCA-based battery packs. It exhibits an
average discharge potential of B3.8 V and related studies assume a
specific capacity of 196 mA h g 1 and a material price of 29.0 $ kg 1
on average. The minimum value of 98 $ (kW h) 1 obtained from the
study of Mauler et al. is based on a specific capacity of 205 mA h g 1
and the authors assume a cathode thickness of 100 mm, an
improved production process in an optimally scaled manufacturing
plant. The maximum value of 418 $ (kW h) 1 obtained from the
study of Patry et al. assumes a specific capacity of 200 mA h g 1 and
a material price of 33 $ kg 1. Further, the respective estimate is
based on a maximum electrode thickness of 50 mm, the lowest
among compared estimates. The layered-oxide NMC family includes
several cathode active materials based on the stoichiometry
LiNixMnyCozO2 (x + y + z = 1) that are signified by a 3-digit aﬃx
that represents the share of respective metals in the formula.
While respective materials exhibit average discharge potentials
of B3.7 to B3.8 V, other properties vary depending on their
composition. Materials based on a higher nickel content exhibit
higher specific capacities, and hence oﬀer increased energy
density, but face challenges regarding thermal stability and
cycle life.128,137 Further, this family includes high-energy
HE-NMC materials that are characterized by an increased lithium
and/or manganese content and exceed specific capacities of
aforementioned NMC materials, but exhibit slightly lower discharge potentials.3,133 Regarding NMC111-based batteries,
we calculate an average value of 230 $ (kW h) 1 based on
eleven estimates. Related studies assume a specific capacity of
156 mA h g 1 and a material price of 29.6 $ kg 1 on average.
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The minimum value of 111 $ (kW h) 1 obtained from the study
of Nemeth et al. is based on a specific capacity of 155 mA h g 1
and an annual plant production capacity of 100 GW h, material
prices are not provided. The maximum value of 418 $ (kW h) 1
taken from Wood et al. assumes a specific capacity of
150 mA h g 1, the highest material price of 42 $ kg 1 and a
plant capacity o0.1 GW h. Regarding NMC622-based batteries,
we calculate an average value of 198 $ (kW h) 1 based on
eleven estimates. Related studies assume a specific capacity of
184 mA h g 1 and a material price of 18.6 $ kg 1 on average.
The minimum value of 115 $ (kW h) 1 taken from Safoutin
et al. is based on a specific capacity of 180 mA h g 1 and the
lowest material price of 13 $ kg 1. For the maximum value of
432 $ (kW h) 1 taken from Berckmans et al., the authors state it
is based on a low production volume, and assumptions of
cathode specific capacity and material price are unavailable.
Regarding NMC811-based batteries, we calculate an average
value of 145 $ (kW h) 1 based on eight estimates. Related
studies all assume a specific capacity of 200 mA h g 1 and a
material price of 22.7 $ kg 1 on average. While for the minimum
value of 84 $ (kW h) 1 obtained from Duﬀner et al. material
prices are unavailable, the authors assume an electrode thickness of 100 mm, a 35 GW h plant, an optimized process, a
99% cell yield rate, a labor rate of 10 $ h 1 and building cost
of 1292 $ m 2. In comparison, for the maximum value of
318 $ (kW h) 1 obtained from Ciez et al. (b), the authors assume
an electrode thickness of 70 mm, a 2 GW h plant, a baseline
process, a 95% yield rate, a labor rate of 18 $ h 1, and building
cost of 3000 $ m 2. Regarding HE-NMC-based batteries, we
calculate an average value of 139 $ (kW h) 1 based on ten estimates.
Related studies assume a specific capacity of 226 mA h g 1 and a
material price of 21.4 $ kg 1 on average. The minimum value of
95 $ (kW h) 1 taken from Gallagher et al. is based on a specific capacity of 225 mA h g 1, a material price of 20 $ kg 1 and a
maximum electrode thickness of 200 mm. The maximum value
of 250 $ (kW h) 1 obtained from the study of Berg et al.
assumes a specific capacity of 225 mA h g 1, a material price
of 23 $ kg 1 and a maximum electrode thickness of 100 mm.
Overall bottom-up forecasted values for LIB range from 84 to
587 $ (kW h) 1 and both, between material categories and between
studies in each category, high variances can be observed. The
calculated average of forecasts remains above 200 $ (kW h) 1 for
LIBs using either low specific capacity or low voltage cathode
active materials and is around this threshold for NCA and
NMC622-based batteries. Significantly lower average values are
forecasted for LIBs based on high-voltage LNMO or highcapacity NMC811 and HE-NMC. Regarding active material price
assumptions, calculated averages for materials not containing
cobalt such as LMO, LNMO and LFP are lowest, while the highcobalt materials LCP and LCO exhibit the highest prices.
Average prices of NMC and NCA materials range between both
aforementioned groups. In addition to the elemental composition,
active material prices are influenced by market dynamics, chosen
process route, precursor prices, and atmospheric requirements for
their production.138 This can partly explain diﬀerences in average
prices for NMC and NCA materials. Also having a higher cobalt
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share, NMC111 exhibits the highest average price among these
materials. NCA, NMC622, NMC811 and HE-NMC on the one hand
benefit from lower cobalt and/or higher manganese contents,
having a decreasing eﬀect on material prices. On the other hand,
higher nickel contents require increased processing eﬀorts139–142
and producers currently charge higher profit margins on nickelrich materials.138 Even though variances between estimates cannot
be explained by different price assumptions alone, we find model
inputs to significantly vary for LMO between 4 and 17 $ kg 1,
for LNMO between 11 and 21 $ kg 1, for LFP between 12 and
21 $ kg 1, for NCA between 21 and 35 $ kg 1, for NMC111
between 20 and 42 $ kg 1, for NMC622 between 13 and 25 $ kg 1,
and for graphite between 10 and 22 $ kg 1. In addition to
material and cell-related potentials, recent publication indicate
further cost reductions on pack-level, achievable by an improved
packing efficiency through cell-to-pack technology,143,144 that
have to date not been investigated in detail.
For SSB, LSB and LAB, we focus on the comparison of
assumptions regarding specific energy and prices of crucial
materials. As opposed to an organic liquid in LIBs, SSBs are
characterized by a solid electrolyte and can be further classified
by the material type into polymer, oxide, and sulfide solid
electrolytes.31 Polymer SSBs are characterized by high safety and
favorable mechanical properties for the contact between electrodes
and solid electrolyte, but suﬀer from low ion conductivity at room
temperature and poor rate performance.18,145 Oxide SSBs oﬀer
advantages in electrochemical and temperature stability, but are
limited in their ion conductivity and exhibit rigid mechanical
properties with an increased risk of mechanical failures.31,146
Sulfide SSBs promise higher conductivities, the potential for fast
charging, and good contact between electrode and electrolyte, but
face challenges due to a narrow electrochemical window and
moisture sensitivity.145–147 We identified three studies that analyze
oxide and/or sulfide-based SSBs, find high uncertainties in solid
electrolyte and anode active material prices, and hence include
these in addition to cathode material price assumptions into our
analysis. Similar to SSBs, LSBs and LABs have so far not been
commercialized at a large scale.19 Both exhibit high theoretical
specific energy and use the earth-abundant, low-cost elements
sulfur and oxygen on the cathode side, respectively.148,149 We
identified three studies that provide forecasts for LSB and two
studies for LAB and analyze specific energy and active material
prices. An overview of study-specific results for SSB, LSB and
LAB, alongside technological and material price assumptions is
presented in Fig. 8.
The cost estimates of SSBs using lithium metal anodes have
been sorted by the specific energy on galvanic cell level (i.e.,
excluding housing). The range of specific energies in the study
of Schnell et al. (a) results from the assumed cathode thickness
variation from 70 to 150 mm. A trend towards higher specific
energies can be observed for SSBs using lithium metal anodes,
the sulfide LPS electrolyte and higher capacity cathode active
materials. This trend is reflected in decreasing cost estimates
from left to right. One notable exception is the estimate of
Schnell et al. (b) for a sulfide SSB with graphite anode which
can be dedicated to the lower specific energy compared to other
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sulfide SSBs. The authors find that this SSB does not provide a
specific energy advantage or cost benefit over a similar LIB. For
the SSBs with lithium metal anodes, significant cost variations
are reported that, beside the range of cathode thicknesses from
Schnell et al. (a) result from high uncertainties in the price of
solid electrolytes ranging from 10 to 100 $ kg 1 for both, LLZ
(lithium lanthanum zirconate, not further specified) and LPS
(lithium thiophosphate, not further specified), lithium metal
foil ranging from 100 to 1000 $ kg 1, and the required lithium
excess ranging from 50 to 300%. For oxide SSB, based on four
estimates, we calculate an average of 198 $ (kW h) 1. The
minimum and maximum value of 157 and 543 $ (kW h) 1
obtained from the same study of Schnell et al. (a) is based on a
HE-NMC cathode active material priced at 20 $ kg 1 with a
thickness of 150 mm and an LLZ price of 10 $ kg 1 on the one
hand, and LNMO at 21 $ kg 1 with a thickness of 70 mm and an
LLZ price of 100 $ kg 1 on the other. For sulfide SSB with
lithium metal anode, based on two estimates, we calculate an
average of 116 $ (kW h) 1. The minimum value of 113 $ (kW h) 1
obtained from the study of Schnell et al. (b) is based on a
HE-NMC cathode active material priced at 24 $ kg 1 with a
thickness of 100 mm, an LPS price of 10 $ kg 1, a price of
130 $ kg 1 for lithium ingots (i.e., base material for lithium
foil), and lithium excess of 50%. The maximum value of
258 $ (kW h) 1 obtained from the study of Schmuch et al. is
based on a NMC811 cathode active material priced at 20 $ kg 1
with a thickness of 65 mm, an LPS price of 50 $ kg 1, a price of
300 $ kg 1 for thick lithium foil, and lithium excess of 300%.
The forecasts for LSBs have been sorted by the minimum cell
specific energy assumed in the respective studies. For the
forecasts of Hagen et al. and Eroglu et al., variances in specific
energy can be dedicated to the variation of design parameters
such as sulfur loading and cathode thickness, that in turn lead
to significant forecast uncertainties. Since the available assumptions of material prices are similar, aforementioned assumptions can explain the decreasing trend from the pessimistic cost
of 437 $ (kW h) 1 obtained from Hagen et al. based on a sulfur
loading of 1 mg cm 2 and a cathode thickness of 70 mm, over
the pessimistic value of 270 $ (kW h) 1 from Eroglu et al. based
on a sulfur loading of B3 mg cm 2 and a cathode thickness of
70 mm, to the cost estimate of 201 $ (kW h) 1 obtained from
Berg et al. based on a sulfur loading of 8.5 mg cm 2 and a
cathode thickness of 100 mm. Regarding their optimistic estimates,
Hagen et al. and Eroglu et al. both increase cathode thickness to
150 mm, but diﬀer in the maximum sulfur loading of 6 and
B12 mg cm 2, respectively. Consequently, Eroglu et al. calculate
the minimum forecast of 80 $ (kW h) 1. Based on three results,
we calculate an average of 135 $ (kW h) 1. The forecasts for LABs
have been sorted by the cell specific energy stated in the respective
studies. Gallagher et al. only provide cell useable specific energy
of 800 W h kg 1 based on a useable state-of-charge window
of 85%. However, the uncertainty of their forecasts from 70 to
200 $ (kW h) 1 results from the variation in this assumption, the
exact range of respective state-of-charge windows is not specified,
rendering a comparison diﬃcult. Both studies further agree on
the same price assumptions of cathode and anode active
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Fig. 8 Overview of study-specific results for SSB, LSB and LAB, alongside technological and material price assumptions.

materials. Based on two estimates, we calculate an average of
104 $ (kW h) 1.
Similar to LIBs, we find high variances for SSB, LSB and LAB
forecasts. For SSBs, high uncertainties are related to solid
electrolyte prices, lithium metal foil price, and required lithium
excess. Solid electrolyte prices range from 10 to 100 $ kg 1,
potentially since their large-scale synthesis process and related
precursors are to date not determined.150–152 The required
lithium excess varies from 50 to 300% between studies, influencing
both energy density and cost. Further, lithium metal foil prices
range from 100 to 1000 $ kg 1, assuming an integration of the
lithium metal foil during the cell production process. Recently
presented anode free concepts for SSBs have so far not been
investigated regarding their cost impact. Within these concepts,
the anode forms in situ on an initially lithium-free current

4732 | Energy Environ. Sci., 2021, 14, 4712–4739

collector during cycling.28,29,153,154 This concept offers further
cost potentials, since sufficient cycle life can be achieved with
no lithium excess,155,156 and cost-intensive foil production is
rendered obsolete.19,157 Uncertainties for LSBs are mainly related
to the amount of useable sulfur in the cell, expressed by sulfur
loadings between 1 and B12 mg cm 2, and for LABs, derived
variations can be dedicated to uncertainties in the share of useable
energy. While LSBs and LABs benefit from low cathode material
prices and show the lowest potential cost levels of 80 and
70 $ (kW h) 1. Interestingly, these forecasts are based on the
lowest lithium metal anode price assumptions in our study.
4.6.

An outlook to 2050 and the impact of material prices

The predicted time-specific LIB estimates from 22 studies that
use a technological learning, literature-based or expert elicitation
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Fig. 9
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Overview of time-specific and technology-specific forecasts.

approach, yielding 237 data points, are gathered on the left-hand
side of Fig. 9. Based on these, a rational regression (R2 value of
0.80) is applied in order to derive an aggregation of individual
expectations throughout 2050 (indicated by a solid black line).
We emphasize that this should not be considered as a literaturebased forecast to 2050, but merely as a comprehensive picture of
forecasted values from the past decade. Further, empirical price
observations86,89 are included (signified as a histogram from 2010
to 2020). Rapidly decreasing forecasts from above 1000 $ (kW h) 1
to about 400 $ (kW h) 1 are observable from 2010 to 2015, when
expected reductions tend to slow down and cost estimates reach a
level of B230 $ (kW h) 1 in 2020. Further declines are expected
for the next decades when aggregated forecasts reach levels of
132 $ (kW h) 1 in 2030, 92 $ (kW h) 1 in 2040 and 71 $ (kW h) 1
in 2050, respectively. Based on these expectations, the DoE
target of 125 $ (kW h) 1 may be reached in 2032 at which EVs
are expected to reach cost parity with conventional vehicles.158
In comparison to empirical evidence available for the time
frame for 2010 to 2020, most forecasted values remain above
market observations. While for the time frame between 2010 and
2014, estimated values are in line or below the empirical observations, in the period between 2015 and 2020, 90% of forecasted
values are more pessimistic than observed prices. This is expressed
by a continuously widening gap between the solid black line and
the light red bars and indicates that forecasts in the examined
literature have been on the pessimistic end in the past.
Further, the persistent span of estimates above 130 $ (kW h) 1
throughout 2050 underlines the uncertainty associated with the
prediction of LIB cost that will remain a key challenge in the future
for researchers and companies in the field.
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On the right-hand side of Fig. 9, technology-specific forecasts
for LIB, SSB, LSB and LAB have been gathered. These are based
on 26 studies for LIB (yielding 103 data points), three studies for
SSB (twelve data points), three studies for LSB (five data points),
and two studies for LAB (three data points). For LIB, forecasted
values range from 84 to 587 $ (kW h) 1, with significant
uncertainties across cathode technologies. The calculated average of forecasts drops from 251 $ (kW h) 1 for LIBs based on low
specific capacity LMO to 139 $ (kW h) 1 for high capacity
HE-NMC. Pack-level cost potentials below 100 $ (kW h) 1 are
only shown for LIBs using NCA, NMC811 and HE-NMC in the
examined studies. For sulfide SSB, LSB and LAB forecasts, the
lowest averages of 116, 135 and 104 $ (kW h) 1 are calculated
and for both of the latter, the lowest cost potentials of 80 and
70 $ (kW h) 1 are indicated. When comparing time- and
technology-specific LIB forecasts, a decreasing trend can be
perceived along the time dimension and for more advanced
materials and concepts. However, the feasibility of around half
of time-specific forecasts after 2030 is currently not supported by
bottom-up LIB calculations. Nevertheless, for LIBs, further cost
reductions are to be expected on pack-level by cell-to-pack technology that have so far been not investigated in detail. For lithium
metal batteries, in particular anode-free cell concepts promise
future cost potentials by eliminating cost-intensive lithium foil
processing in cell production and the necessity for lithium excess,
that are currently not reflected in the displayed forecasts.
Market analysts express a growing concern regarding the
impact of rising raw material prices on battery cost.159,160 On the
one hand material demand is expected to grow significantly,161,162
on the other, currently committed investments for future mining
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and refining capacities are considered insuﬃcient163,164 and
recycling volumes will not have a notably easing impact before
2030.161,165 The studies in our analysis that examine material
price fluctuations send less alarming signals with regard to
battery cost. Lithium precursor price increases are shown to
have a minor impact on NMC, NCA and LMO-based LIB cost.110,111
Further, time-specific forecasts that reflect increasing price developments for lithium, cobalt and/or nickel nevertheless derive
declining battery cost for NMC or NCA-based chemistries.15,39,94
In addition, several LIB technologies are shown to be less vulnerable for increasing cobalt and nickel prices and as such present a
lower risk pathway to reduced battery cost.15 In contrast, we find
significant forecast risks associated with the lithium metal anode
used in SSB, LSB and LAB, where price assumptions vary significantly between studies. With regard to SSBs, the price of solid
electrolytes further drives uncertainty, still impeding an exact
forecast of SSB competitiveness.

5. Summary and conclusion
In the present article, 53 studies on battery cost forecasting
published in the scientific community have been reviewed that
apply four general methods to derive predictions. Our analysis
underlines that there is no such thing as the battery cost. The
conducted literature review reveals a multitude of interacting
dimensions that researchers investigate in order to find the
right answers to their specific questions. We find studies
applying technological learning, literature-based projection
and expert elicitation to focus on time-specific forecasting,
and bottom-up modeling to focus on technology-specific forecasting. Every single study that provides time-based projections
expects LIB cost to fall, even if increasing raw and battery
material prices are taken into account. Recent technological
learning studies expect higher battery-specific learning potentials and show confidence in a more stable battery market
growth. Literature-based projections are shown to diﬀer in both,
consulted data sources and applied aggregation technique, but
can provide forecasts with limited eﬀort. Expert elicitations
allow for insights in opinions and doubts regarding fundamentally new battery technologies, however, our analysis indicates a
lack of consulted experts with suﬃcient knowledge of process
improvements in the examined studies. While the majority of
past estimates is found to exceed the chosen empirical benchmark, the consolidation of 237 time-specific data points representing academic expectations, yields a continuously declining
trajectory that reaches pack-level value of 71 $ (kW h) 1 in 2050.
Studies based on bottom-up modeling evaluate the technological
concepts of LIB, SSB, LSB and LAB. Most studies examine LIB
technology and base their estimates on a variety of cathode
technologies. Among those, advanced high-voltage or highcapacity materials indicate the lowest potential cost levels that
reach down to 84 $ (kW h) 1. Among concepts that integrate a
lithium-metal anode, sulfide SSB, LSB and LAB promise cost
advantages and a minimum value of 70 $ (kW h) 1 is forecasted
in respective studies. Across studies and methods, we find high
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uncertainty in the level of forecasted values on chronological and
technological level that will remain a key challenge for researchers
and companies in the field. This uncertainty reflects diﬀerent
assumptions or beliefs regarding market expectations, material
prices, and technological specifications underlying each of the
examined studies.
Our study provides transparency on the drivers behind this
uncertainty and sheds light on relevant publications on battery
cost. It contributes to the field of battery technology in particular,
and to the field of energy transition in general by first, presenting a
systematic overview of 53 battery cost forecasting studies regarding
time of publication, forecast horizon, applied forecasting method,
battery application and examined technology, providing readers
with a navigator to identify a study suitable for their needs. Second,
by creating transparency on method-specific forecast drivers and
assumptions, thereby allowing readers to forge an informed
opinion on forecasts and enable a choice that matches their
beliefs. Third, by providing a data base consisting of the presented
360 forecast data points and more than 1000 scenario-specific
estimates extracted from the examined studies. Fourth, by aggregating these data points into a trajectory throughout 2050 and into
12 technology-specific forecast ranges.
Our analysis is limited by several aspects that readers should
be aware of. First, even though we applied a multi-step approach
to retrieve relevant publications, the number of identified studies
for several methods and technologies is limited and does not
allow for general conclusions regarding their forecasting quality.
Second, while in economic literature a clear distinction between
the definition of cost and prices exists, in battery literature both
terms are frequently used interchangeable. In our analysis, both
terms have been treated equally but have been signified diﬀerently
in all figures. Third, an explanation between all forecasted values
that is suﬃciently brief and conclusive is not always achievable
since some models are stated to exceed a number of 250 parameters
and full transparency is seldomly provided. For further details we
refer to Section 2, the ESI,† and the original source. Fourth, the
calculated average of technology-specific forecasts includes baseline
estimates and, if ranges are provided, optimistic estimates. Hence, it
represents an optimistic view on technology, and has been marked
accordingly in all figures.
This review demonstrates a strong belief in both, declining future
battery cost and its transformative impact on the energy and mobility
sector. Our analysis provides the required transparency for an
understanding of the economics behind battery technology, which
is vital for a smooth transition towards a climate-neutral future.
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