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Abstract

This study provides a technometric analysis of patent activity on secondary battery
technologies from 2000 to 2019. Its goal is to enrich and bolster the existing literature
on the topic by providing a deeper insight into how inventive dynamics in this field
have been evolving. The research deeply explores which technologies and concepts are
emerging, declining, or becoming established, both in absolute and in relative terms.
We also delve into how geographic locations can be characterized in terms of their
position in the technology space. Mapping and measuring battery progress is relevant
as this technology is a capstone at the current intersection of energy and digital tran-
sitions. Worldwide battery patent counts are assembled and broken down alongside
time, territory, and technological dimensions. We took international patent families
as an indicator and extracted 92,700 patents from the PATSTAT database, which is the
empirical source for this study. We found that global battery patenting activity had
trended upwards in 2000-2019, the majority of battery patents originated from Asia,
and that several Asian and European countries exhibited high battery patent intensi-
ties in the given timeframe. Comparing the two decades of 2000-2009 and 2010-2019,
a considerable increase in yearly battery patenting activity was observed. We found
that four battery types (redox flow, solid-state, sodium-ion, and lithium-sulfur) have
displayed marked progress in recent years. Furthermore, countries can be clustered
in a meaningful way using their patenting performance across these four emerging
battery types and the already established lead-acid technology. Moreover, several
other battery-related technologies such as energy storage systems, battery manage-
ment systems, wireless power transmission, electric vehicle charging, and uncrewed

aerial vehicles (i.e., drones) are growing in relevance.

Keywords: Secondary battery, patent, data mining, technometrics
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Resumo

Este estudo cientifica em torno de uma analise tecnométrica da actividade de patentes
sobre tecnologias de baterias recarregaveis, para o periodo compreendido entre 2000 e
2019. O objectivo principal deste trabalho é o de contribuir para um enriquecimento
e reforco da literatura existente sobre o tema, analisando, para o efeito, as dinamicas
inventivas neste campo. Esta investigacao explora ainda as tecnologias e conceitos que
estao a emergir e a cair em declinio, tanto em termos absolutos como em termos relati-
vos. Investigamos ainda em que medida as localiza¢Ges geograficas emergem, no que
se refere ao seu posicionamento neste espaco tecnolégico considerado. A cartografia
e a medigao do progresso das baterias sao relevantes, uma vez que esta tecnologia ¢
uma pedra angular na atual interseccao entre dinamicas energéticas e transi¢ao di-
gital. Para o efeito, foi edificada uma analise recorrendo a dados massivos sobre as
familias de patentes, a saber, 92.700 patentes extraidas da base de dados PATSTAT,
Concluiu-se que a actividade global de patentes de baterias apresenta uma tendéncia
marcadamente ascendente no peridodo 2000-2019 e que a generalidade das paten-
tes sobre baterias tém o territério Asidtico enquanto origem. Nao obstante, entanto e
diversos paises europeus exibem também altas intensidades de patentes de baterias.
Verificou-se igualmente que quatro tipos de baterias (redox flow, solid-state, sodium-
ion, e lithium-sulfur) exibem um progresso assinalavel nos Gltimos anos. Além disso,
os paises podem ser agrupados de forma significativa utilizando o seu desempenho
em matéria de patentes nestes quatro tipos de baterias emergentes, mas também no
que concerne a tecnologia de chumbo-acido ja estabelecida. Além disso, varias outras
tecnologias relacionadas com baterias, tais como sistemas de armazenamento de ener-
gia, sistemas de gestao de baterias, transmissao de energia sem fios, carregamento de
veiculos eléctricos, e veiculos aéreos nao tripulados (isto é, drones) apresentam niveis

de crescimento significativos.

Palavras-chave: Bateria recarregavel, patente, mineracao de dados, tecnometria
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Introduction

The importance of batteries has been growing and with two major fields of deployment
being electric mobility applications and the storage of energy generated by fluctuat-
ing, non-dispatchable, renewable sources, their interlocking role at the intersection
of the energy-digital transition is expected to grow further in the coming decades. A
report about the recent developments in electricity storage technologies published by
the International Energy Agency (IEA) in association with the European Patent Office
(EPO), asserts that under the Sustainable Development Scenario (SDS) defined by the
IEA, “the level of deployment and the range of applicability of batteries [...] expands
dramatically” (IEA 2020 [12], p. 28). In particular, battery technologies will move
beyond consumer appliances and into industrial-size types of equipment: “Charging
batteries in electric vehicles will become the largest single source of electricity de-
mand, accounting for around 5% of global demand by 2050” (IEA 2020 [12], p. 29).
Furthermore, “the use of batteries in stationary energy storage applications is [already]
growing exponentially” (IEA 2020 [12], p. 32). Given this dynamic, identifying and

monitoring the rate and direction of battery innovation is worthwhile.

For this study, we built a new dataset containing 92,700 secondary battery patents
(consolidated in terms of international patent families, or IPFs) from 2000 to 2019. The
raw data was extracted from PATSTAT Online (edition: Autumn 2021), the web inter-
face of the PATSTAT database [5] maintained by the European Patent Office containing
a vast collection of data extracted from worldwide patent documents, usable for pur-

poses of statistical analysis.

We found that global battery patenting activity trended upwards in 2000-2019.
The majority of battery patents originates from Asia, and several Asian and European
countries exhibited high battery patent intensities in the given timeframe. Comparing
the two decades of 2000-2009 and 2010-2019, a considerable increase in yearly battery
patenting activity was observed. Furthermore, four battery technologies (redox flow,
solid-state, sodium-ion, and lithium-sulfur batteries) displayed increased patenting

activity in the latter decade. Countries can be clustered in a meaningful way using
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CHAPTER 1. INTRODUCTION

their patenting distribution over these four emerging battery types and the already es-
tablished lead-acid technology. Several battery-related technologies and applications
such as energy storage systems, battery management systems, wireless power trans-
mission, electric vehicle charging, and uncrewed aerial vehicles (i.e., drones) grew
in relevance both in absolute terms and relative to general battery patenting activity.
These results complete and bolster a number of stylized facts on battery innovation
that have been surfacing of late and attracting policy attention. [12]

This dissertation is organized as follows: Chapter 2 presents the key foundations
and concepts relevant to this study. In chapter 3 the results are presented. These
outcomes are discussed in chapter 4. Descriptions of the data selection process and
the methods deployed for this analysis are provided in chapter 5. Chapter 6 concludes.



2

Foundations and concepts

2.1 Secondary batteries

Secondary batteries are able to receive energy in the form of electricity, store it, and
at a later time—and with a certain loss due to the energy conversion processes taking
place—release it again, feeding electricity back to the grid or powering a given appli-
cation. Secondary batteries are rechargeable, unlike primary batteries that can only
discharge once and then need to be discarded. In the context of the ongoing energy
transition away from dispatchable sources such as coal-fired power plants and towards
alternatives such as wind and solar, whose input is not controllable and hardly syn-
chronous with population and industry needs, batteries and other means of energy
storage constitute a regulating bridge that conjoins the temporal gap between supply
and demand while balancing the system as a whole. Moreover, accelerated electrifi-
cation in the transporting sector, especially in individual mobility, creates a focusing
device calling out for more batteries with smaller sizes, higher capacities, and longer
lifespans (critical technologies have systemic and non-linear impacts [17]).

When referring to batteries, one has to differentiate between the terms “battery,”
“module,” and “cell”. While an entire battery pack potentially consists of multiple
modules that are “wired in series and/or (less often) parallel” a module itself consists
of multiple cells that “are connected in series or parallel” (Vezzini et al. 2014 [30],
p- 345). For simplicity’s sake, secondary batteries, meaning battery packs in their
entirety, will hereafter be referred to as batteries. The following section articulates the
notion of innovation and provides a short overview of the advantages and limitations

of using patents as an indicator for measuring it.

2.2 Industrial innovation and the uses of patents as an

indicator

Innovation is the process through which ideas and knowledge are converted into useful

applications. This means that innovation is a multi-phased process, open to feedback
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CHAPTER 2. FOUNDATIONS AND CONCEPTS

at every stage, molded in an ongoing fashion by a variety of players and institutional
settings. [3, 4] As innovation started to be regarded as an empirical phenomenon of
significant importance, its measurement and analysis became an increasingly topi-
cal agenda. Quantification of an intrinsically qualitative matter is always a partial
approach but it is highly desirable in order to understand technological change over
time and across space; plus, it is valuable in assisting managerial strategy and public
policy. [25]

An indicator used to capture the abstract concept of innovation is patent data.
Typically, interested parties (inventors, owners, intellectual property lawyers, patent
offices, etc.) create patents when an invention already has a viable conceptual proposal
but is not yet tested or fully deployed in practice. Despite only being partial evidence
of innovation, patents are still irreplaceable as sources for further study. [20] When
making a case for patents as a proxy for measuring innovation, Griliches classically
explained that patents “are available; they are by definition related to inventiveness,
and they are based on what appears to be an objective and only slowly changing
standard” (Griliches 1990 [8], p. 1661).

Patents are documents that describe intellectual property. Therefore, they contain
information such as geographic locations associated with inventors, descriptions and
classifications of the respective inventions, and timestamps like their application and
publication dates. This allows for the aggregation of patent counts alongside geo-
graphic, temporal, and technological dimensions and makes them a suitable material
for a myriad of analytical purposes, such as competitiveness studies and environmen-
tal research. [19] The following section briefly reviews the scant literature that draws

on battery patents.

2.3 Literature on battery patents analysis

Aaldering et al. [1] provided an analysis of battery patent data highlighting develop-
ments in post-lithium-ion battery technologies, Malhotra et al. [16] proposed a citation
network analysis combining knowledge extracted from patent data with results from
interviews conducted with lithium-ion battery experts, and Stephan et al. [27] exam-
ined lithium-ion battery patents from a sectoral diversity perspective and emphasized
how the sectoral distance of prior knowledge affects certain features of subsequent
knowledge.

The current study extends the existing literature on this matter. Specifically, it
aims to confirm and extend the findings presented in the IEA and EPO report. [12] It
can be understood as a continuation of their basic methodological approach, enriched
by some reasonable additions, which allow for a more granular perspective on some
aspects of this topic.

The IEA and EPO report presents information extracted from patents related to

batteries and electricity storage. Our current study is narrower (focuses on battery
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2.4. INTERNATIONAL PATENT FAMILIES

technology only) but has a longer time span. The research gaps that we identified
and which the current study aims to fill are how patent counts are distributed across
continents, how scaling them by the sizes of the respective labor forces affects the
outcome of the analysis, what their distribution across another technological classifi-
cation scheme looks like, how countries can be characterized based on their position
in a resulting technology space, and what information can be extracted from patent
titles and abstracts.

The authors of the report by IEA and EPO use the concept of international patent
families (IPF) for aggregating and counting patent applications. They claim that an
IPF “is a reliable proxy for inventive activity because it provides a degree of control
for patent quality by only representing inventions for which the inventor considers
the value sufficient to seek protection internationally” (IEA 2020 [12], p. 4). The
following section explains the differences between patent applications, patent families,
and international patent families and highlights some advantages and limitations of

the latter concept.

2.4 International patent families

A patent application is a formal request made by one or several applicants at a patent
office of their choice. These could be the European Patent Office (EPO), the United
States Patent and Trademark Office (USPTO), or any other national or regional patent
office. The applicants’ goal is to obtain legal protection for an invention that they
deem (1) directed to patentable subject matter, (2) novel, (3) inventive, and (4) capable
of industrial application, which are the four conditions for patentability. [23] The
term patent family refers to the whole set of patent applications covering the same
invention. [6] By counting patent families instead of individual applications, double-
counting of inventions is avoided. Now, by restricting the scope to only patent families
that contain applications filed in two or more countries, one obtains international
patent families. The benefit of this restriction is that only patents of higher expected
value are assessed, resulting in a more homogeneous dataset with better comparability
between elements.

As Schmoch and Gehrke [26] discussed, three limitations regarding the concept
of IPFs should be considered: First, the propensity to patent in foreign territories
differs between countries of origin, meaning that, for example, an applicant from a
European country might be more inclined to seek protection in another European
country than an applicant from China might be inclined to seek protection in the
US. This can be problematic because both situations would imply that the respective
patent is filed in two countries, thus making their patent family an international patent
family. Secondly, in specific technologies, the patent numbers for some countries, such
as Japan, may be overestimated. Thirdly, there can be some turbulence in the evidence

since IPFs with seemingly two members at the stage of applications can be reduced to
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CHAPTER 2. FOUNDATIONS AND CONCEPTS

one member, later on, something that may happen with Chinese inventors (regarding
the Chinese case, we further refer to Frietsch and Kroll [7]). Schmoch and Gehrke [26]
discuss several other concepts that exist parallel to IPFs, highlighting their advantages
and limitations. For comparability to the IEA-EPO report, we have kept international

patent families as our frame; therefore, all depicted counts refer to IPFs.

2.5 International Patent Classification (IPC)

The international patent classification system (IPC) provides a hierarchical classifica-
tion scheme that categorizes patents according to different technological areas. This
study builds on patents that can roughly be characterized in the following way: (1)
innovations related to the casing, wrapping, or covering, i.e., non-active parts of bat-
teries; (2) innovations in battery electrode manufacturing; (3) innovations related to
the manufacturing process of secondary cells; and (4) innovations related to charg-
ing of batteries. Patents belonging to these four fields were identified using the IPC
classification scheme, which is a constituent part of the data provided at the PATSTAT
database.



3

Results

This chapter presents the results obtained by counting battery IPFs both on global and
national levels, disaggregating the patterns into different technologies, and analyzing
how countries position themselves in the technology space. Furthermore, we report
the results of a text mining approach deployed on patent abstracts. This first section

contains some basic patterns highlighting the most essential battery patenting trends.

3.1 Basic stylized facts

10k

8k

6k

Number of IPFs

4k

2k

0 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Earliest publication year

Figure 3.1: Total number of battery IPFs, 2000-2019. The global battery patenting
activity displays a robust increase with a brief halt after a turning point between 2011
and 2012.

This section contains some basic patterns highlighting the most essential battery
patenting trends.
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Figure 3.2: Battery IPFs by inventors’ continents of origin, 2000-2019. The y-axis is
log-scaled and all values are incremented by 1. It is clear that the number of battery
IPFs from Asia (blue) is considerably higher than that of any other continent.
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Figure 3.3: Battery IPFs by inventors’ countries of origin, 2000-2019. The eight coun-
tries with the highest total battery IPF counts over the given timeframe are displayed.
Japan (blue) has the highest battery IPF output in the given timeframe, whilst other
countries’” IPF counts (especially South Korea’s (red) and China’s (orange)) have been
surging in the recent decade.



3.1. BASIC STYLIZED FACTS
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Figure 3.4: Battery IPFs per 1M workers by inventors’ countries of origin, 2000-2019.
The eight countries with the highest total battery IPF intensities over the given time-
frame are displayed. In this perspective, South Korea (blue) overtook Japan (red) in
2014.

The global aggregate yearly volume of battery IPFs increased almost every year
during the timeframe assessed in this study. There were slight decreases only for
two pairs of adjacent years: from 2001 to 2002 and from 2014 to 2015. The whole
time period’s average yearly growth rate in battery IPFs is 14.30% (all percentages are
rounded to two decimal places) so that between 2000 and 2019 the total IPF output
increased more than 11-fold. This dynamic is displayed in Fig. 3.1.

Asian countries dominate the battery market: The Asian continent’s mean annual
battery IPF output is approximately four times higher than Europe and North Amer-
ica’s (factor 3.57 and 4.10, respectively). Furthermore, the number of IPFs from Asia
increased by 15.96% on average each year during the 2000-2019 period. The average
increase values for Europe and North America are 13.46% and 10.80%, respectively

(see Fig. 3.2; please note the log-scaled y-axis).

Breaking down battery IPF counts by inventors’ countries of origin, the dominance
of Asia becomes even more apparent. Figure 3.3 shows the eight countries with the
highest total battery IPF output over the whole timespan. In 2019 the three top coun-
tries in terms of battery IPF output were from the far east: Japan, South Korea, and
China. These were followed by the US, Germany, France, Taiwan, and the UK. Japan,
the undisputed leader in battery IPF counts during the whole time frame, has been
displaying a vibrant rate in the dynamics of inventive output since 2016. China is
catching up fast with South Korea, which has held second place in battery IPF output
since 2011 when it surpassed the US (for the Chinese case see [10]). Germany also
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CHAPTER 3. RESULTS

displays an upward trend in battery IPF output. Please note the similarity of trajecto-
ries presented in this plot to those depicted in Figs. 6.2 and 6.3 of the IEA and EPO
report [12]. The higher numbers in the current study result from the underlying data
being defined somewhat differently. The most significant difference is that IPFs related
to the field of battery charging were included in the current study’s dataset.

By scaling the numbers shown in the previous plot by each country and year’s labor
force count, one obtains battery IPF intensities. [22] This measure gives the viewer a
different perspective on the IPF counts, allowing for the assessment of a country’s
innovative output relative to the size of its working population. Figure 3.4 shows
the eight countries with the highest scaled total battery IPF output over the whole
timespan and it can be seen that in contrast to Fig. 3.3, some small European countries
are stepping up: Austria, Finland, Switzerland, and Sweden are part of the top eight. It
is also worth noting that, in this light, South Korea overtook Japan in 2014, establishing
itself as the global leader of battery patent intensities.

3.2 Battery technologies
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Figure 3.5: Global battery patenting activity for the major battery types, 2000-2019.
The depicted battery IPF fractional counts are rounded to the closest integer. The
eight technologies with the highest total battery IPF count over the given timeframe
are displayed. The relative importance of lead-acid and rechargeable alkaline batteries
decreased, whilst IPF counts for lithium-ion batteries and other lithium-based battery
technologies have soared robustly. After 2010 four technologies emerge: Lithium-
sulphur, solid-state, sodium-ion, and redox flow batteries.

By assigning battery technology sub-areas to patent families a disaggregation of the
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dataset into 19 battery cell technologies was obtained. This process is described in de-

tail in section 5.2. The technology classes used in this study are “Lead-acid,” “Lithium-
air,” “Lithium-ion,” “Lithium-sulfur,” “Solid-state,” “Other lithium,” “Magnesium-
ion,” “Nickel-cadmium,” “Nickel-iron,” “Nickel-zinc,” “Nickel-metal hydride,” “Recharge-
able alkaline,” “Sodium-sulfur,” “Sodium-ion,” “Aluminum-ion,” “Calcium(-ion),”
“Organic radical,” “Redox flow,” and “Nickel-hydrogen.”

Figure 3.5 presents the developments of IPF counts in the eight major categories.
They were selected based on their total IPF count in the entire time frame of 2000-
2019. While the number of IPFs related to lead-acid batteries has been relatively stable
over the depicted 20 years, which resulted in its overall share in battery IPFs decreas-
ing steadily over this time period, and while rechargeable alkaline batteries exhibit a
slight downwards trend, lithium-ion batteries and other lithium-based battery tech-
nologies have soared drastically. Less relevant today than lithium-ion batteries but
with considerably higher counts than other smaller battery technologies are the four
remaining categories presented in Fig. 3.5: Patenting activity related to lithium-sulfur,
solid-state, sodium-ion, and redox flow batteries have seen a notable increase in IPF
counts in 2010-2019. In 2019 solid-state batteries reached an all-time maximum of
199 IPFs.

The observation that the recent decade displayed increased patenting activity in
these four emerging technologies motivates the way the next part of the analysis is set
up: The following section describes the results obtained by clustering countries based
on their position in a technology space computed using their technology distribution
of the years of 2010-2019.

3.3 Clustering

The most suitable technology space for clustering was found to be spanned by the coun-
tries’ distribution values over the four emerging technologies lithium-sulfur, solid-
state, sodium-ion, and redox flow, which display increased patenting activity after
2010, alongside the older lead-acid technology.

Clustering 36 countries using data from 2010 to 2019, k-means was found to be
the clustering algorithm with a better R? value for all relevant numbers of clusters
(for details on this metric see section 5.5). Setting the numbers of clusters to two,
we obtained a clear separation of the dataset between countries with a high focus on
lead-acid batteries (81.91% of IPFs are related to lead-acid batteries in this cluster)
and countries with comparatively high shares of IPFs related to the four emerging
technologies and consequently a relatively low share of lead-acid related IPFs (19.55%).

Setting the number of clusters to three to achieve a more granular separation, one
finds that the lead-acid focused cluster from the previous stage is still fairly intact,
while the “emerging technologies” cluster has been separated into two. This divi-

sion results in one cluster displaying a stronger focus on redox flow and solid-state
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Redox flow e Cluster 1

e Cluster 2
e (Cluster 3

Solid-state
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Lithium-sulfur

Figure 3.6: Cluster profiles. Inventors’ countries of origin were clustered by their
battery type distribution using k-means and data from 2010-2019. While countries
from cluster 1 are more focused on lead-acid batteries, clusters 2 and 3 exhibit a higher
patenting activity related to the four emerging technologies of redox flow and solid-
state batteries (cluster 2) and lithium-sulphur and sodium-ion batteries (cluster 3).

batteries and another exhibiting a higher relative focus on sodium-ion and lithium-
sulfur-related IPFs. Figure 3.6 shows the distribution profiles of the three-clusters
solution generated with the k-means variable “random_state” set to zero. The vari-
able “random_state” determines the centroid initialization of k-means and results in

deterministic runs of the algorithm when a value is assigned to it.

While the approximate shape of the clustering profile depicted in Fig. 3.6 is fairly
insensitive to alterations or non-assignation of “random_state,” the affiliation of the
countries to their clusters varied enough to motivate running k-means a higher number
of times (with the variable “random_state” undefined) to compute each country’s
cluster affiliation distribution for assessing which cluster each country belongs to in
the majority of events. Running k-means 10,000 times resulted in the following most

probable cluster affiliations:
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* Cluster 1 (16 countries):

Inside each cluster, countries are ordered by (1) their probability p to be in this
cluster, and (2) their total IPF count in the five categories. Each country’s name is
colored according to the following schema, indicating its probability p to belong to the
respective cluster:

A value of p = 1 indicates that a country was assigned to this cluster during each
of the 10,000 runs, meaning that its cluster affiliation appears to be quite insensitive
to the algorithm’s centroid initialization. The following section describes the results
obtained by scanning the abstracts of the patent applications contained in this study’s

dataset for key phrases.

3.4 Title and abstract mining

The content material of patents is relevant evidence that can be mined, processed,
and sorted to leverage classic patent analysis. [11] Two methods were implemented
in order to use patent wordage as empirical material. Both patent abstracts and titles
were searched for meaningful phrases. The first approach, henceforth called n-gram
counts, was to simply count occurrences of n-grams in patent abstracts and titles for
each year. The second approach, from now on referred to as n-gram intensities, was to
additionally scale these counts by the respective year’s number of abstracts or titles,
respectively. The resulting unit of measure for n-gram intensities is occurrences per
1,000 abstracts or titles, respectively, and all depicted n-gram intensities are rounded
to the closest integer. Unigrams, bigrams, and trigrams were counted. The resulting
n-gram counts and n-gram intensities were sorted in three different ways, which are
described in detail in section 5.6. The result that we found most meaningful and thus
selected for presentation in this work are the top 50 increasing trigrams extracted from

battery patent abstracts. The terms are displayed in descending order of total increase
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Table 3.1: Trigram occurrences in battery patent abstracts. The top 50 trigrams in
terms of their count increase between 2000 and 2019 are displayed. The color gradients
represent intra-row relationships.

over the given 20-years time period in Tables 3.1 (trigram counts) and 3.2 (trigram

intensities). A holistic analysis is provided by considering the different analyses jointly.

Trigram counts display several expectable trends like the surge of “lithium sec-
ondary battery” and “lithium ion battery.” The occurrence counts for these two tri-
grams increased from 46 to 844 and from 15 to 685, respectively, between 2000 and
2019 and the trigram intensities of “lithium ion battery” indicate a robust upward
dynamic not only in absolute terms but also relative to battery patenting activity. The
increase of the term “energy storage system,” which is also confirmed by its intensity’s
trajectory, hints at an upsurge in the importance of increasingly complex systems for

managing energy storage. This is buttressed by the term “battery management system,”
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Table 3.2: Trigram occurrence intensities in battery patent abstracts. The unit of
measure is occurrences per 1,000 abstracts and all values are rounded to the closest
integer. The top 50 trigrams in terms of their intensity increase between 2000 and
2019 are displayed. The color gradients represent intra-row relationships.

also occurring in both counts’ and intensities’ top 50 trigrams. As already established
by Fig. 3.5, solid-state batteries have been growing in relevance, especially in the past
decade. The increasing counts and intensities for the terms “solid electrolyte layer”
and “solid state battery” after 2010 confirm this. Notable trigrams in the subfields of
battery charging and electric vehicles are “wireless power transmission” and “electric
vehicle charging,” which have both increased considerably in both counts and intensi-
ties. The surge in relevance for redox flow batteries (see Fig. 3.5) is also confirmed by
both counts and intensities (“redox flow battery”). The trigrams “plurality battery cell”
(results from “plurality of battery cells” due to stop word removal and lemmatization)
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and “battery module plurality” (both present in counts and intensities) hint at a sub-
stantial increase in innovative output related to compositions of cells and modules
inside battery packs. An unexpected, yet reasonable, appearance in the top 50 trigram
intensities is the term “unmanned aerial vehicle,” exhibiting 4, 13, 16, and 8 occur-
rences per 1,000 abstracts in 2016, 2017, 2018, and 2019, respectively. It indicates
an increased field of application related to the deployment of battery technology in
drones.

Results obtained by using the data and methods combinations not presented in
this work (i.e., application titles and other sorting methods) can best be viewed by
opening the HTML file “03_title_and_abstract_mining.html,” which is part of the
GitHub repository associated with this study. The said repository can be accessed by

following the link provided in section 5.1.
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Discussion

Assessing Fig. 3.1, one could infer that the inflection point between 2011 and 2012
may result from the global financial crisis and the subsequent recession. Assessing
Fig. 3.1, Fig. 3.3, and Fig. 3.4 jointly, one can identify a clear difference in annual
battery patenting activity between the two decades assessed in this study (2000-2009
and 2010-2019), both on a global level and for several countries. Combining this
knowledge with Fig. 3.2, it becomes clear that Asia drives the major part of the increase

in battery patenting activity.

The observation obtained from Fig. 3.2 that the Asian continent has by far the
highest battery IPF output worldwide should be accompanied by the remark that the
countries classified as “Asia” in PATSTAT account for approximately 60% of the world’s
labor force. When computing each continents’ battery IPF intensities, one observes
that Asia falls behind both Europe and North America. For interested readers, IPF
intensities for each continent are displayed in Fig. A.1 in Appendix A.

Concerning the country-wise patent counts and intensities presented in Fig. 3.3
and Fig. 3.4, it is worthwhile mentioning that comprehensive analyses undertaken
before defining the final dataset resulted in the observation that most battery patent
applications from China in the considered time frame of 2000-2019 are only filed
nationally. Given the IPF constraint deployed for this study and the IEA and EPO
report [12], these solely nationally filed applications are not considered in either one.
In fact, in the current study’s dataset, IPFs make up only 19.41% of all battery patent
families. It is reasonable to define the data for the current study as such (the same
for the recent analysis undertaken by IEA and EPO) because it can be expected that
patents filed in only one country are of considerably lesser “value” than international
patent families. Including them would thus result in a rather inhomogeneous dataset.
Nonetheless, it is worth noting that if the IPF restriction was to be discarded and
one-country patent families were to be considered, China (which in fact is the world’s
largest producer and market) would take the first place in battery patent counts in the
majority of years of the recent decade. As a resulting thought, it would be worthwhile

investigating the battery patenting dynamics of China in detail within the context of
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future research to shed light on why China’s battery patenting behavior is so nationally-
focused and what implications this has for technology analyses in this field.

This study found robust country clusters as they advance along emergent battery
innovation pathways. This outcome means there is country variation in terms of
technological capabilities. We are thus witnessing specialization and heterogenous
technological trajectories regarding this dimension of the energy transition. By inter-
preting the clustering solution presented in section 3.3, the three resulting clusters

could be characterized as follows:

¢ Cluster 1-Lead-acid based:

Many of these countries’ battery innovation results are made up of lead-acid bat-
tery patents. Their share of battery patents related to the four analyzed emerging
technologies are close to zero, except for their lithium-sulfur component, which
accounts for approximately 8% of their IPF output in 2010-2019. This cluster
contains countries like India, Turkey, and Russia that are considerably industri-
alized but are not known for their innovative impact on the world’s technology

sector.

* Cluster 2-Redox advantage:

Relative to the other two clusters, these countries are putting an increased focus
on the two emerging technologies of solid-state and redox flow batteries. Their
patent output related to lead-acid batteries is the lowest of the three clusters
and their sodium-ion-related IPF share is close to zero. This cluster contains
high-tech industrial nations like the US, Germany, and Taiwan that are known

to have explicitly expressed their ambitions in the field of battery technology.

¢ Cluster 3-Sodium-ion-driven:

These countries’ focus lies on lead-acid and sodium-ion batteries, which account
for about 35% and 24%, respectively. They have almost no innovative output in
solid-state batteries and exhibit a greater share in lithium-sulfur batteries than
the other two clusters. This cluster comprises countries like Canada, Spain, and

the UK, which have a considerable economic impact.
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Data and Methods

5.1 The raw data

This study’s foundation is the PATSTAT database [5] provided by the European Patent
Office, more precisely the Autumn 2021 edition of PATSTAT Online. Transact-SQL or
T-SQL is the language used for querying it. The query designed for selecting and down-
loading the data used for this study is defined in the text file “PATSTAT_Online_query.txt,”
which is included in the GitHub repository associated with this work, which can be
found by following this link:

https://github.com/ph1001/battery_patents.git.

The patents that were downloaded from PATSTAT and that make up the raw dataset
for this study were all patent applications (including ungranted) that are part of patent
families whose intra-family value for the feature “earliest publication year” lies in the
time frame of 1999-2019 (the timeframe was later reduced to 2000-2019) and which
contain at least one IPC entry matching one of the following codes: HO1M... (processes
or means, e.g., batteries, for the direct conversion of chemical energy into electrical
energy), H02J 3/32 (circuit arrangements for AC mains or AC distribution networks
using batteries with converting means), H02J 7... (circuit arrangements for charging or
depolarising batteries or for supplying loads from batteries), or B60L 53... (methods of
charging batteries, specially adapted for electric vehicles; charging stations or onboard

charging equipment therefor; exchange of energy storage elements in electric vehicles).

PATSTAT Online has the restriction that all SQL queries must begin with a “SE-
LECT” statement. This fact makes analyses of a higher complexity impossible to
achieve inside PATSTAT Online itself. Consequently, data must be queried, down-
loaded, and then processed in a different environment. The programming language
used for all steps after querying the database and downloading the data was Python [29]
(Version 3.9.7), more specifically the web application Jupyter Notebook [14] (Version
6.4.3), the data processing libraries pandas [18] (Version 1.3.3) and Numpy [9] (Version
1.20.3), the visualization tools Plotly [13] (Version 5.1.0) and Seaborn [32] (Version
0.11.2), the text mining suite Natural Language Toolkit (NLTK) [2] (Version 3.6.5), and
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the analytics toolboxes Scikit-learn [24] (Version 0.24.2) and SciPy [31] (Version 1.7.1).

Ancillary sources were used. The labor force counts used for scaling were down-
loaded from the World Bank’s website [28] and for the specific case of Taiwan from the
website of “National Statistics: Republic of China (Taiwan)”. [21]

5.2 Preprocessing and data reduction

Preprocessing and data reduction steps undertaken to obtain the final dataset from
the raw data downloaded from PATSTAT are defined in the Jupyter Notebook
“01_create_dataset.ipynb,” which is included in the GitHub repository linked above.
The following paragraphs contain a summary of these preprocessing steps.

First, the raw data downloaded from PATSTAT Online was loaded and checked
for its integrity. Then each patent family’s earliest intra-family values for the features
“earliest publication date” and “earliest publication year” were determined and added
as new columns to every row of the dataset (i.e., they were harmonized on patent
family level). Like this, patent families can easily be assigned to their respective year
later during the analyses. Next, all patent families were classified and tagged as either
“IPE,” “singleton,” or “neither”. The resulting tags are stored in the newly created
column “tag”. Next, more tags for further data selection were created. This process

took place in five steps as described below:

* First, every patent family was scanned for the IPC codes related to non-active
battery parts, electrodes, or secondary cells (IPC codes HO1IM 2..., HO1M 50...,
HOIM 4..., and HO1IM 10...). Patent families containing any of these codes were
added in their entirety, except if they contained any of the IPC codes HO1M 6...,
HOIM 8..., HOIM 12..., HOIM 14..., or HO1M 16..., which are related to primary
cells, fuel cells, hybrid cells, electrochemical current or voltage generators not
provided for in groups HO1M 6/00-HOIM 12/00, and structural combinations
of different types of electrochemical generators, which were hereby explicitly
excluded from the analysis. The patent families passing this stage were tagged

as “non-active parts, electrodes, secondary cells”.

* In a second step, every patent family was scanned for the IPC codes related
to “circuit arrangements for ac mains or ac distribution networks using batter-
ies with converting means” (H02J 3/32), “circuit arrangements for charging or
depolarising batteries or for supplying loads from batteries” (H02] 7...), “meth-
ods of charging batteries, specially adapted for electric vehicles” (B60L 53...), or
“secondary cells; methods for charging or discharging” (HO1M 10/44). Patent
families that contained any of these codes were added in their entirety, except
if they contained any of the IPC codes listed for exception in the above step or
any of the codes B60L 53/54, B60L 53/55, or B60L 53/56 that refer to charging
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stations using fuel cells, capacitors, or mechanical storage means, respectively.

Patent families that passed this stage were tagged as “charging”.

* As a third step, to identify affiliations of the resulting patent families to a set of
technological categories, each patent family’s titles and abstracts were scanned
using individual sets of regular expressions for each technology. These regu-
lar expressions are defined in the Jupyter notebook “01_create_dataset.ipynb.”
Titles and abstracts of all languages were considered and a patent family was
selected in its entirety if any substring of its titles or abstracts matched any of
the respective regular expressions. Note that—to decrease the risk of false posi-
tives—before scanning abstracts for these regular expressions, they were cut off
at the beginning of any appearance of the string “independent claims are also in-
cluded for”. The selected patent families were assigned the value 1 in the newly
created columns with the column name “is x,” with x € {Lead-acid, Lithium-air,
Lithium-ion, Lithium-sulfur, Other Lithium, Magnesium-ion, Nickel-cadmium,
Nickel-iron, Nickel-zinc, Nickel-metal hydride, Rechargeable alkaline, Sodium-
sulfur, Sodium-ion, Solid-state, Aluminium-ion, Calcium(-ion), Organic radical}
being the name of the respective technology. Please note that due to the con-
siderable overlap of the concept of solid-state batteries with other technologies,
especially lithium-ion batteries, all patent families that were classified as patents
related to solid-state batteries were untagged in any other category in which they
acquired tags through the process described here. To be very clear: This espe-
cially means that the lithium-ion battery category does not contain any patent

families tagged as solid-state battery inventions.

* The fourth step’s purpose was to add patent data related to redox flow and
nickel-hydrogen batteries to the dataset. For this purpose, a combination of
IPC classes queries and text queries was deployed. The reason for this separate
step is that redox flow and nickel-hydrogen batteries are closely related to fuel
cells. Consequently, patents associated with them are often included in IPC
classes that were excluded by the above steps. Analogous to the above steps,
the IPC classes qualifying for potential inclusion were HOIM 2..., HO1M 50...,
HOIM 4..., HOIM 8..., and HO1M 10... and the IPC classes demanding exclu-
sion were HOIM 6..., HOIM 12..., HOIM 14..., and HOIM 16.... Analogous to the
above step, these patent families’ titles and abstracts were then scanned using
one set of regular expressions for redox flow and another for nickel-hydrogen
batteries. These regular expressions can be reviewed in the Jupyter notebook
“01_create_dataset.ipynb”. All patent families that passed this stage were as-
signed the value 1 in the newly created columns with the names “is Redox flow”

or “is Nickel-hydrogen,” respectively.
* As the last step, another additional column was computed: The dataset column
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“technologies one hot sum” contains the sum across each row’s “is <technology
name>" values. This sum is needed in the rare cases where technology classi-
fications overlap. The share of patent families with more than one technology
associated with them was 0.61% in the final dataset. The counts resulting from
these overlapping technologies were not counted multiple times but, using the
respective “technologies one hot sum” value, distributed as equal fractions across

the overlapping classes.

The tags created in the above steps were used for selecting the appropriate data
for each analysis. All patent families not having the “IPF” tag were filtered out before
all analyses. They were kept in the unfiltered dataset only for completeness, having
potential future analyses with a broader scope in mind. The data selection method
applied before each analysis that is based on the labels whose creation was described

above is presented in Fig. 5.1:

All patent data with the intra-patent-family earliest publication year in
1999-2019 containing at least one IPC class entry defined in the SQL query.

I
Tag data

¥
Still the same data but with newly created tags columns “tag” (values:
“IPE,” “singleton,” and “neither”), “non-active parts, electrodes, or sec-
ondary cells,” “charging,” and “is <technology name>" (values: 0 and 1).

Filter using tags

IPFs that were tagged as at least one of “non-active parts, electrodes, or
secondary cells,” “

» o

charging,” “is Redox flow,” or “is Nickel-hydrogen”.

I
Discard year 1999

¥
Battery IPFs with intra-family earliest publication year
lying inside 2000-2019. Possibility to disaggregate
further by using “is <technology name>" columns.

Figure 5.1: Flow chart depicting the data selection process for this study. The entire
raw dataset was labeled using newly created columns. Before each analysis, the final
dataset was acquired by filtering, using labels and timestamp columns.

5.3 Counting patents

As already mentioned in the Introduction, the methodological setup of this study
roughly follows the framework defined in the IEA and EPO report [12]. This means
that all dates in this study refer to the earliest publication date within the respective
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IPFE, and the geographic distributions were calculated based on the geographic infor-
mation assigned to the respective inventors in PATSTAT. Each inventor was assigned
an equal fraction of the respective count where multiple inventors were indicated.
We believe there is a limitation to this approach, which is described as follows: For
identifying the inventors, their PATSTAT name attribute “psn_name” is used. The har-
monization of this feature, which PATSTAT carried out, is not complete. For example,
pairs of entries like “KERUEL BERNARD” and “BERNARD KERUEL” exist, which in
reality correspond to the same inventor, but are consequently treated as two different
individuals. This shifts the fractions of countries of origin in these entries’ patent
families in favor of the country of the unharmonized name.

The code used for counting patents by countries is contained in the Jupyter Note-
book “02_counts_technologies_clustering.ipynb,” which is part of the GitHub reposi-
tory linked at the beginning of this chapter.

5.4 Methods: Battery technologies

Unlike the IEA and EPO report [12], in the current study, fractional counting was also
applied when breaking down counts by technological categories. Whenever an IPF
was classified as belonging to more than one category, each technology was assigned
an equal fraction of the respective count. This situation only happened in a tiny
minority of the cases since only 0.61% of all IPFs were assigned to more than one
technology. The code used for counting patents by technologies is contained in the
Jupyter Notebook “02_counts_technologies_clustering.ipynb,” which is part of the
GitHub repository linked at the beginning of this chapter.

5.5 Methods: Clustering

The metric R? applied for comparing the performance of several clustering algorithms

using varying numbers of clusters can be characterized as follows:

»_SSB_SST-SSW _ _SSW

=55t~ sst -\ st ol (5-1)

n;(X; - X)* = sum of squared dif ferences between groups (5.2)

wn

n

oo}

Il
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SSW = Z (Xi; —X;)? =sum of squared dif ferences within groups (5.3)
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and

p
SST = Z (Xij ~X)? = total sum of squared dif ferences (5.4)
with
p = number of clusters,

n; = number of elements in cluster i,

X; = centroid of cluster i,

X = center of whole dataset, and

Xjj = jth element of cluster i.

Relations 5.1 are true if and only if SST = SSW + SSB, which is the case because:

P n — p n - — — P n — p n __ _
SST=Y 3 (X=X =Y L (X;;-Xi+X-X)? = L ¥ (X;j=X;)’+ L L (X;-X)*+
i=1j=1 i=1j=1 = —— i=1j=1 i=1j=1
=0
p n —_ — —
22 (le_Xi)(Xz_X)
i=1j=1
(5.5)
—_—
poni — Em P . rom —
=) Z(Xl] X))+ L L(Xi-X)"+2) (Xi—-X) (XZ] Xi)=L (ij Xi)+
i=1j=1 i=1j=1 i=1 =1 i=1j=1
S —
p n __ -
Z (XI_X)2
i=1j=1
(5.3) (5.2)
p n . P L
:Z (Xij—Xi)2+Zni(Xi—X)2:SSW+SSB
i=1 j=1 i=1
with
n; n; n; n n;
Z(Xij - Xi) = ZXij - in = n—l ZXij -niX; =nX;—n;X; =0 (5.5)
j=1 j=1 j= b=

A higher R? value indicates a better clustering solution, given a non-varying dataset
and a fixed number of clusters. Clustering algorithms that were compared are k-means
and hierarchical agglomerative clustering using complete, average, single, and Ward

linkage. The numbers of tested clusters ranged from two to nine.
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5.6. METHODS: TITLE AND ABSTRACT MINING

The decision to use only the five dimensions “Lead-acid,” “Redox flow,” ”Solid-
state,” "Sodium-ion,” and “Lithium-sulfur” resulted from extensive testing of other
configurations, especially those that included “Lithium-ion,” “Other lithium,” or a
joint category of “Lithium-ion and other lithium”. These tests were not found to be
satisfying since it was observed that the lithium-related IPFs were overshadowing the
other categories due to their sheer amount, resulting in clustering solutions that lacked
the clear interpretability of the solution presented in this work. Lithium-air batteries,
another battery technology that has received increased attention in recent years, [1]
was considered a candidate feature for this analysis but was discarded due to its still
very low yearly IPF counts. The code used for clustering countries based on their
technology distribution is contained in the Jupyter Notebook
“02_counts_technologies_clustering.ipynb,” which is part of the GitHub repository
linked at the beginning of this chapter.

5.6 Methods: Title and abstract mining

Unigrams, bigrams, and trigrams were extracted from cleaned abstracts and titles
from which meaningless words and phrases had been removed and in which certain
synonyms and anomalies had been treated. The n-gram counts method simply counts
occurrences and displays them as annual sums. In contrast, the n-gram intensities
method does the same with the difference that its resulting values are scaled using
each years’ numbers of abstracts or titles, respectively. Three ways for presenting the
identified n-grams were designed for this study:

* Method 1a: Sorted in descending order of increase over the given timeframe of

2000-2019 with the measure used for sorting being my = count,gy9 — count,ygg.

* Method 1b: Sorted in ascending order of increase over the given timeframe of
2000-2019 with the measure used for sorting being m;. This method’s purpose
is to show n-grams that exhibit a negative increase, i.e., have decreased over the

given time period.

* Method 2: Sorted in descending order with the measure used for sorting being
my =) abs(year —to—year dif ference; ;). This method’s purpose is to show
n-grams whose count or intensity changed the most (in absolute terms) between

all adjacent years.

The results displayed in the tables that are presented in this study were obtained
using method 1a, patent abstracts, and trigrams. The code for computing these results
is contained in the Jupyter Notebook “03_title_and_abstract_mining.ipynb,” which
is part of the GitHub repository linked at the beginning of this chapter. The results
obtained by using the methods and data combinations not presented in this work
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can best be viewed by opening the HTML file “03_title_and_abstract_mining.html,”
which is also available in the same folder. The combinations for which results were
computed can be characterized by the Cartesian product c = {n =1, n =2, n =
3} x {n — gram counts, n— gram intensities} x {method la, method 1b, method 2} x

{titles, abstracts}.
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6

Conclusions

We found that the global battery patenting activity has shown a robust upward trend
in 2000-2019, which briefly came to a halt in the early 2010s, probably due to the
global financial crisis and the subsequent recession. The majority of battery patents
originate from Asia and several Asian and European countries exhibit high battery
patent intensities in the given timeframe. Comparing the two decades of 2000-2009
and 2010-2019, a considerable increase in annual battery patenting activity is observed.
Furthermore, we found that four battery technologies—redox flow, solid-state, sodium-
ion, and lithium-sulfur batteries—have displayed increased patenting activity in the
recent decade. Lithium-ion and other lithium battery technologies have also surged,
whilst lead-acid and rechargeable alkaline batteries’ share in battery patenting activity
has decreased over the timeframe of 2000-2019. Countries can be separated in a mean-
ingful way using their patenting distribution over the four emerging battery types
and the already established lead-acid technology making it possible to cluster them
in three groups. The first group contains lead-acid-focused countries, another with a
higher focus on redox flow and solid-state batteries, and a third group that contains
countries with higher sodium-ion and lithium-sulfur-related patenting shares. Lastly,
a text mining approach yielded the conclusions that the battery-related technologies
energy storage systems, battery management systems, wireless power transmission,
electric vehicle charging, and uncrewed aerial vehicles (i.e., drones) are growing in

relevance both in absolute terms and relative to general battery patenting activity.
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A

Battery IPF intensities for each continent

Figure A.1 presents the development of the number of battery IPFs per 1M workers
(battery IPF intensities) for each continent. In terms of battery IPF intensities, Europe
and North America outperform Asia. Asia contributed approximately 60% to the
global labor force in the 2000-2019 timeframe (Europe and North America contributed
approximately 9% and 8%, respectively). This imbalance explains why Asia’s battery
patenting activity is lower in the perspective of this representation.
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Figure A.1: Battery IPFs per 1M workers by inventors’ continents of origin, 2000-2019.
In terms of battery IPF intensities, Europe and North America outperform Asia.
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