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Abstract: Companies facing transformation in the automotive industry will need to adapt to new
trends, technologies and functions, in order to remain competitive. The challenge is to anticipate
such trends and to forecast their development over time. The aim of this paper is to develop a
methodology that allows us to analyze the temporal development of technologies, taking automated
driving as an example. The framework consists of a technological and a functional roadmap. The
technology roadmap provides information on the temporal development of 59 technologies based on
expert elicitation using a multi-stage Delphi survey and patent analyses. The functional roadmap
is derived from a meta-analysis of studies including 209 predictions of the maturity of automated
driving functions. The technological and functional roadmaps are merged into a consolidated
roadmap, linking the temporal development of technologies and functions. Based on the publication
analysis, SAE level 5 is predicted to be market-ready by 2030. Contrasted to the results from the
Delphi survey in the technological roadmap, 2030 seems to be too optimistic, however, as some
key technologies would not have reached market readiness by this time. As with all forecasts, the
proposed framework is not able to accurately predict the future. However, the combination of
different forecast approaches enables users to have a more holistic view of future developments than
with single forecasting methods.

Keywords: technology monitoring; technology roadmap; technology forecasting; technology readiness
level (TRL); manufacturing readiness level (MRL); autonomous vehicles; Delphi survey; publication
analysis; patent analysis

1. Introduction

In order to remain competitive, companies need to continuously analyze not only the
market and competitive environment but also the development of key technologies that
form and enable the successful implementation of business models over time. As part
of strategically aligned technology management, technology monitoring and forecasting
have become a key part of the process [1,2]. Larger companies usually have their own
departments for technology planning, while smaller and medium-sized enterprises (SME)
often lack the resources to analyze the technological environment. They often solely rely
on public technology information and product specifications from their (direct) customers
in the supply chain. Support and knowledge transfer from academic research institutions
is essential for SMEs to enhance their knowledge on how technologies can develop over
time [1].

The aim of this study is to develop a methodology for meaningful forecasting of tech-
nology trends that can be used by a wide range of users. The methodology is exemplified
with reference to vehicle automation technologies as the development of highly automated
and autonomous vehicle concepts is part of current product and technology strategies of
automotive manufacturers and major system suppliers worldwide (e.g., [3–5]). The results
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have been made publicly available to promote the transfer of knowledge from academic
research to the automotive industry.

1.1. Literature Review

There are various approaches to forecasting the future development of existing or new
technologies. The approaches can be categorized into 5 groups: monitoring, trend analysis,
expert opinions, simulations and scenarios [6]. Each group features different strengths
and weaknesses, which are discussed below, therefore suited to different target areas. The
authors of [7,8] group the methods similarly. This section provides an overview of the five
groups as well as a description of commonly used methods. Existing studies related to the
automotive industry complement the overview.

(1) Monitoring uses a large amount of information to inform a prediction of the devel-
opment of technologies. Among others, methods of bibliometrics (patents and pub-
lications) [9–17], text mining [10,12,17,18] and social network analysis (SNA) [19,20]
are used [6,7]. Text mining consists of the extraction of information from natural lan-
guage sources. It is often combined with patent and publication analyses. Publication
analyses use meta or content information, while patent analyses use structured patent
classification data in addition [6,16]. The authors of [9] use patent analysis to identify
technological areas relevant to self-driving vehicles. The authors of [10] also address
self-driving technology but examine publications in addition to patents and further
employ text mining. Both studies identify relevant technologies for self-driving ve-
hicles but lack information on their temporal development. The authors of [11] use
patents to derive the life cycle stages of technologies, thus providing information on
their temporal development. In SNAs, linkages between different actors in a domain
are examined in order to derive developments in the network. In [20], the author
shows the connections of different automotive trends in a network based on a preced-
ing patent analysis. Since this requires high computing effort, only patent abstracts
were used. In [19], the authors identify analogous technologies from bibliometrics
and SNA in order to subsequently derive the future development of various tech-
nologies of autonomous vehicles via S-curve models. The methods vary significantly
in complexity depending on their implementation. SNAs and text mining requires
in-depth knowledge of coding and machine learning.

(2) Trend analysis and statistical methods use historical data to project future develop-
ments [6,7]. Trend analysis extrapolates past information, with the selection of the
correct fitting curve significantly influencing the result [6]. In S-curve approaches,
future developments are projected using growth curves of established technology.
This approach generally performs well when life-cycle models of similar technologies
are available [7]. These methods often build on those also applied for monitoring
technologies, e.g., [11,19] (see above). In [21], the authors apply the web search anal-
ysis method: it examines web search traffic data on fuel cell vehicles to derive an
indication of life cycle curves.

(3) In case of insufficient quantitative or structured information available, expert elicita-
tion methods are commonly used: interviews, surveys, Delphi surveys, workshops
etc. [6–8]. While these are generally inexpensive and straightforward to implement,
setting up a qualitatively and quantitatively adequate panel of experts is challeng-
ing. Moreover, experts’ opinions are subjective and can be incorrect [6]. Among
expert surveys, Delphi surveys are most popular [8]: multiple experts are surveyed
anonymously in several iterative rounds. Consolidated feedback of other experts’
opinions provided following each iteration can lead to changing experts’ opinions
during the process; consensus may be created after several rounds. Compared to
other expert methods, a well-conducted Delphi survey can increase the reliability of
the results [22]. In the automotive sector, Refs. [23,24] use Delphi surveys to derive
statements on drivers and barriers of car sharing as well as short-, medium- and
long-term technological developments of sustainable production, respectively.
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(4) Models or simulations simplify real-world systems to derive insights and statements
about their future behavior. Building reliable models is usually expensive and complex
but provides the possibility to investigate developments in the context of changing
conditions. Systems dynamics and agent-based modeling can, in contrast to simpler
input-output models, simulate interactions in a complex environment and incorporate
uncertainties [6–8]. In [25–27] the authors use models to simulate the development
of the electric vehicle market. The authors of [28,29] simulate the market uptake of
autonomous vehicles. The quality of the results strongly depends on the quality of
the input data [8].

(5) Scenarios represent possible conceptions of the future considering different assump-
tions. This allows a flexible representation of a range of future possibilities, even if the
data basis is weak [6–8]. For example, Ref. [30] has conducted several workshops with
experts to develop different scenarios for the introduction of autonomous vehicles and
their implications on mobility behavior. However, scenarios are highly speculative
and thus generally more unreliable than other technology forecasting methods [6–8].

Technology roadmapping, a descriptive method, is used to map possible pathways
for introducing future technologies or products [6,18,31,32]. It is a method commonly
used in industry for strategic planning in technology management. The roadmaps provide
orientation and a basis for discussion for technical experts and management [32]. This
approach has already been used and reviewed in detail in various works [32–36].

The methods applied in the areas of monitoring and trend analysis often use big
data [6,18]. Big data analysis means that a large amount of heterogeneous data must be
collected and processed. The heterogeneity generates noise in the analyses, which is why
the data must be pre-processed [37–39]. As with all big data analyses, the difficulty lies
in structuring the chaotic information and using only relevant information [6,39]. The
use of big data from the web (e.g., social media content) is promising. However, this
requires further research to improving suitable data mining algorithms and the algorithms’
efficiency [6,18]. In addition, various studies discuss the challenge of obtaining reliable
results from big data analysis [37,38,40,41].

The most suitable method for forecasting technology trends and progress depends
on the availability of data and findings on analogous technologies [8]. According to [7,8],
expert Delphi surveys are a suitable choice if the data situation is not sufficiently high for
other forecasting methods. In addition, results are improved when several methods are
combined, since one method cannot deal with the complexity predictions usually entail [8]:
e.g., [11,19].

1.2. Contribution of This Paper

In our view, there is a need to develop a new approach to technology forecasting that
incorporates the following elements.

(1) Some approaches already combine different methods. However, regardless of the
methods used, statements about the future are subject to uncertainty [31,32]. Contrast-
ing different methods could further increase certainty.

(2) The complexity of the method should be appropriate for the user. The authros of [42]
identify a need for “easily comprehensible, timely, and cheap sources of [technol-
ogy forecasting] for small companies,” which may not be the case for sophisticated
simulation models, software-based SNA and text mining.

(3) A broader range of technologies required to achieve functions of self-driving vehicles
should be examined, not only singular technologies. Depending on the level of detail,
functions may represent different levels of automation (SAE level) or, with higher
granularity, functions such as lane keep assist or adaptive cruise control.

(4) A temporal indication of the development of the technologies should be provided,
ideally based on their maturity levels.
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Existing approaches (Section 1.1) partly address these requirements but do not address
all of them simultaneously: For example, Ref. [17] satisfies the first point (contrasting
expert opinions and patent analyses combined with text mining) but not the other points
(e.g., low complex methodology). Similarly, there are a number of studies that use rela-
tively low-effort methodologies but do not provide explicit temporal development or lack
counter validation.

This work therefore applies a combination of two complementary approaches: (1) fore-
casting at a functional level based on publication analysis and (2) technology roadmaps
informed by a Delphi survey. The predictions resulting from both approaches are contrasted
to reveal possible inconsistencies and thus improve the results’ reliability. This combines
two approaches, both of which are moderate in terms of complexity and also suitable for
the requirements of SMEs. The publication analysis addresses functions on the road to
self-driving, while the technological analysis (Delphi) examines a wide range of individual
technologies. This complements a top-down (functional level) approach with a bottom-up
approach (technologies required for the functions) along a timeline with specific dates.

The remainder of the paper is organized as follows: Section 2 develops the methodol-
ogy for this paper, which is applied in Section 3 to the exemplary case of self-driving road
vehicles. The results are discussed in Section 4, while conclusions are given in Section 5.

2. Methodology

To improve the reliability of forecasts compared to standalone approaches, this work
uses a consistent combination of different approaches. Ideally, the results obtained from
different approaches verify each other. Otherwise, it identifies inconsistencies which can be
further examined using the combined approach.

The work follows the methodological framework shown in Figure 1. In the functional
development area, functions are first identified, followed by the derivation of their de-
velopment over time based on a publication analysis. In the second, parallel section, a
Delphi method and a patent analysis are used to create detailed technology fact sheets and
technology roadmaps.

Figure 1. Methodology developed for this work (source: own depiction).

The results of both approaches are then aggregated and discussed as part of an overall
roadmap. The proposed methodology is applied to technologies for automated driving of
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passenger cars. The procedure is transferable to different technology areas, however. Each
methodological element is detailed in the following sections.

2.1. Publication Analysis for Functional Development

First, the relevant functions are derived from discussions with experts and literature
research for the considered technology area. As mentioned above, this paper focuses on
automated driving technology. A publication analysis is conducted to obtain predictions
on the future development of these functions.

This analysis includes 67 studies published in the period from 2013 to 2021. These com-
prise national and international publications from OEMs, automotive suppliers, research
institutions, policy departments and consulting companies (Figure 2).

Figure 2. Statistics on the analyzed publication (source: own depiction).

Few publications provide temporal estimates of the occurrence of individual functions
such as lane keep assist. In accordance with the SAE J3016 standard, the commonly known
automation levels, SAE levels 0–5, are utilized as functions, as a more aggregated indication:
Table 1.

Table 1. Automation levels according to SAE J3016.

SAE Level Title

0 No Driving Automation
1 Driver Assistance
2 Partial Driving Automation
3 Conditional Driving Automation
4 High Driving Automation
5 Full Driving Automation

The publication analysis results in 209 data points. The earliest or latest market entry
date estimated by the respective authors for the individual automation levels is determined
from the publications. If the publication does not provide a range, the data point is assigned
to the category “earliest entry year.”

The unstructured format in which the statements are available (press releases; parts of
illustrations; time span vs. discrete years) means that considerable effort for pre-processing
the data is required [39], analogous to the challenges of dealing with large datasets pre-
sented in Section 1.1. The subsequent analysis is, in comparison, less time-consuming and
can be easily automated.

The analysis is shown in Section 3.1, while a list of all analyzed publications is available
in Table A1.
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2.2. Delphi Survey and Patent Analyses for Technological Development

The “technological development” section, marked with a blue dashed frame in Figure 1,
is complementary to the results from the “functional development” part. Expert interviews
and literature research are used to identify relevant technologies and assign them to the
functions. Next, a two-stage expert survey is conducted using the Delphi methodology. The
core of the Delphi survey is assessing the development of technology and manufacturing
maturity levels over time for relevant technologies. Extensive patent analyses complement
this survey and verify or supplement the respondents’ findings. The results are consolidated
in standardized, structured technology fact sheets and technology roadmaps.

2.2.1. Identification of Relevant Modules

The developments at module and component level result from the functions obtained
in the first step (Section 2.1) via a top-down approach. This involves conducting an
extensive literature search and expert interviews. A total of 59 technologies in 15 modules
could be identified with respect to the scope of this work: focus on automation hardware
technologies for passenger cars; no production, infrastructure or software technologies.

Modules on sensors (e.g., lidar and camera), actuators, by-wire systems, positioning,
communication and microsystems are examined. For automation, of course, further com-
ponents are required. However, these are not analyzed in this work but must be addressed
in further work.

2.2.2. Practice-Oriented Classification of Maturity Levels

The work was carried out in close cooperation with the industry. Small and medium-
sized enterprises (SME) shall especially benefit from the results. In consultation with them,
the commonly used and known NASA-based technology readiness level (TRL) does not
provide enough relevant information. Therefore, the classification of maturity levels in
Table 2 is utilized instead. It represents the combination of TRL according to NASA [43]
and manufacturing maturity levels (MRL) according to the Automotive Council UK [44].
The first three levels of the new classification group the technology maturity levels, while
the last three levels are about different manufacturing maturity levels. While the first two
levels are oriented towards basic research, the other levels beginning with TRL 5–8 are
explicitly related to automotive application. Neither TRL nor MRL indicate the success of
the technology on the market. Instead, the MRL only indicate how far the manufacturability
has progressed.

Table 2. Maturity levels utilized for assessing the temporal development of technologies (adapted
with permission from [45]. 2021, Springer Fachmedien Wiesbaden GmbH).

Level Title Description

TRL
1 Basic research Fundamental principles reported; scientific research conducted;

performance predicted

TRL
2–4 Technological research

Technology component and/or basic subsystem validated in the laboratory
or in a test environment; basic concept observed in other industries;

requirements and interactions with relevant vehicle systems identified
TRL
5–8 Product demonstration Testing and demonstration phases completed; technology proven in its

final form and under the expected conditions; performance validated

MRL
8 Initial production

Initial production up and running; manufacturing and quality processes
proven in the production environment; early supply chain established

and stable

MRL
9 Mass production capability demonstrated

Capability for mass production demonstrated; key system design features
stable and proven in testing and evaluation; materials available to meet

projected volume production; manufacturing processes established

MRL
10 Successful mass production proven

Full rate production demonstrated; engineering changes limited to quality
and cost improvements; system, components, etc., are in volume

production and meet all design, performance, quality and reliability
requirements; all materials, manufacturing processes, inspection and test

equipment are in volume production and controlled for quality
assurance purposes
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2.2.3. Structured Presentation in Technology Roadmaps

In alignment with the target user group, modules identified as relevant (Section 2.2.1)
are described in a module catalog and supplemented by (1) a technology roadmap and (2) a
patent analysis for the current state of research and application (see below). Fact sheets for
each technology complement the roadmap visualization. A uniform and structured fact
sheet format ensures that users will be able to obtain the relevant information immediately.

Technology roadmaps graphically summarize the development over time of all tech-
nologies belonging to a module. The time frame of the roadmaps extends from 2019 to 2035
and is divided into “short-term” (up to 2025), “medium-term” (2025–2030) and “long-term”
(beyond 2030). Grey highlighted sections represent developments before 2019 or after 2035.
The development of technologies is shown by maturity levels (Section 2.2.2) along a time
axis. If markers are missing, it was not possible to obtain an assessment from the experts
for this maturity level. If a timeline does not end with MRL10, this does not mean that the
technology’s development has stopped but that no annual figures could be obtained for
the subsequent maturity levels. The temporal development of the technologies presented
in the roadmaps is derived from a Delphi survey with experts.

2.2.4. Delphi Survey

The Delphi method is used to generate the contents of the technology fact sheets and
roadmaps. The Delphi expert survey was developed in the 1950s by the RAND Corporation
in the USA and is used for technology forecasting based on the assessments of several
experts [46]. These experts are interviewed several times in a multi-stage, anonymized
process [22,47]. After each round, the answers are consolidated and compiled for the next
round. Confronted with the answers of their colleagues, the experts are asked to reconsider,
justify and confirm or change their initial answer. This process has to be conducted at
least twice [22,46]. A well-conducted Delphi survey outperforms other expert opinion
methods [22]. Characteristic features of a Delphi survey are, according to [46,47]:

• Identification of experts in a Delphi panel (the initial base must be large enough so
that, despite the expected shrinkage in each round, there are enough experts left in the
last Delphi round);

• Survey of the panel with a structured questionnaire;
• Anonymity of the responses as well as of the experts;
• Consolidation of the answers after each round of questioning, including reasons for

drastic discrepancies;
• (Multiple) repetition (min. two rounds) of the survey.

According to the process, the expert panel for this work is established first: Domain
experts are identified with respect to the relevant modules (Section 2.2.1). For each module,
authors most frequently mentioned in various online full-text scientific databases were
identified in order to target highly qualified experts. Figure 3 shows the identification
process on three databases: Scopus, Web of Science and IEEE Xplore.

In this work, a total of 81 experts were asked to participate in the Delphi expert panel.
However, only 14% consented. Two iterations are conducted for the Delphi survey. In the
first round of the process, a formalized questionnaire was answered anonymously by the
expert panel. The questionnaire included mainly questions on the temporal development
of the identified technologies’ maturity levels but also questions on the content for the
fact sheets. The responses of all experts were consolidated after the first round. The
consolidated results were then returned to the expert panel, with their initial responses of
the first round for comparison. The second iteration of the Delphi survey was conducted
as a telephone interview with a semi-structured interview guideline in order to improve
the response rate, as suggested by [48]. This allowed 55% of the remaining Delphi panel
consisting of 11 German experts to be successfully consulted (Figure 4). The interviewer
reviewed with each expert individually possible differences between their initial answer
and the panel’s consolidated answer. If no consensus could be achieved, the consensus of
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the majority was used as input for the roadmaps, but the differing answer of the outlier
expert is mentioned in the fact sheets.

Figure 3. Process to identify the most qualified experts; for example, searching for the term “lidar
AND (automotive OR automobile)” in the platforms Web of Science, Scopus and IEEE Xplore (source:
own compilation with screenshots from the respective websites).

Figure 4. Statistics on the experts interviewed for the two-stage Delphi survey (source: own depiction).

The low response rate is a major but well-known challenge of Delphi expert sur-
veys [48,49]. A concern with the Delphi method is that the experts, as specialists for the
respective modules, are more inclined to be optimistic about the development of the respec-
tive technologies [46,47]. In this work, the parallel design and comparison with publication
analyses (Figure 1) addresses this challenge.

Using the two-stage Delphi process, 37 technologies were successfully verified. The
remaining 22 technologies are based on an extensive literature review and the authors’
expertise. Whether a technology successfully passed the Delphi process is indicated in the
fact sheets.

2.2.5. Patent Analysis

Enhancing the qualitative Delphi Study, a quantitative analysis of research and devel-
opment (R&D) activities was carried out for each module using an in-depth analysis of
patent applications in the respective technology fields. The goal is to identify the develop-
ment of R&D intensities for each module over a time period of 15 years in order to provide
SMEs with supplementary information on development trends and leading companies in
the respective R&D fields. By combining IPC classes and search terms, individual search
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strategies were developed for each technology option being analyzed to achieve the best
possible narrowing of results to road transport and passenger cars.

Transnational patent applications were identified in the database of the European
Patent Office (EPO). As far as possible, the ten largest patent applicants for each technology
option are listed in a column chart. Furthermore, other companies headquartered in
Germany are listed and highlighted for this analysis.

3. Results

The following sections present the results obtained with the elaborated method and
applied to automotive automation. With reference to the methodological structure in
Figure 1, trends in functional development are examined first, followed by an analysis of
technological developments. Each analysis is complemented by an estimate of complexity
and implementation effort. Both intermediate results are merged into the final aggregated
result in the Section 3.3: the overall roadmap, in which the results of both approaches
are contrasted.

3.1. Trends in Functional Development

In Figure 5, boxplots of the various predictions on SAE levels 2–5 entry dates are
shown. Neither publication dates nor source categories are filtered, i.e., all data points are
included in this figure. The standard deviations for SAE levels 2 and 3 are significantly
lower than for SAE level 4 (8.12), at 3.54 and 3.67, respectively, and even about 5 times
smaller than for SAE level 5 (15.62). This was expected and is plausible since SAE level
2 has already been achieved, and SAE level 3 is close to market introduction. The more
distant the function introduction, the more uncertain the prediction and the greater the
scatter of the respective estimates. For SAE level 5, there are some extreme outliers (at the
years 2055, 2060, 2075 and 2100) that confirm this behavior.

Figure 5. Publication analysis on market introduction dates of different SAE automation levels; basic
visualization using all publications and all publication dates (source: own work utilizing the Python
packages Seaborn [50], Matplotlib [51] and Pandas [52]).

According to the medians, the following chronological development is derived from
the sources as a whole: SAE level 2 has already been introduced, SAE level 3 should have
been introduced as early as 2020 (which has not come to be true), followed 5 years later by
SAE level 4, and finally another 5 years later by SAE level 5 in 2030.
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A more in-depth analysis of the publication is shown in Figure 6 (top), filtering for
sources published before and after 2020. The filtering reduced the sample size, however.
The median for the top two SAE levels does not change when distinguished by publication
year. However, SAE level 3 moves from 2020 to 2023, which is plausible in that there were
no SAE level 3 passenger cars in 2020. One publication published in or after 2020 still
determined the introduction of SAE level 2 after 2020. This is surprising as SAE level 2 is
commonly agreed on to be already introduced before 2020 (e.g., Tesla (Austin, TX, USA)
Autopilot or GM (Detroit, MI, USA) Super Cruise systems).

Figure 6. Publication analysis on market introduction dates of different SAE automation levels;
filtering on publication dates and categories (source: own work utilizing the Python packages
Seaborn [50], Matplotlib [51] and Pandas [52]).

The press releases or assessments of the OEMs and suppliers are excluded in Figure 6,
as they might have an overly optimistic outlook on the introduction of their new automation
functions. However, the distribution of the results is only slightly more widespread, while
the medians remain the same (compared to Figure 5). Only the mean values of the upper
two SAE levels experience a shift of 1 and 5 years, respectively. For SAE level 5, this is due
to outliers (especially the one in the year 2100) now being more significant in the calculation
of the mean value.

The computational effort for this publication analysis is low. However, the continuous
monitoring of the statements on introduction dates of different automation levels requires
considerable (manual) effort. Not only are new predictions constantly being made but
also the reliability of the sources must be validated and the chaotic, heterogeneous (big)
data processed in a structured manner so that an automated analysis can be conducted.
Monitoring could be automated with big data analyses. This requires a very high initial
effort, however.

3.2. Trends in Technological Development

The development over time of the technologies relevant to automotive automation
and their descriptions are based on the Delphi expert survey. The results are accessible via
technology roadmaps and fact sheets; a web app visualizes the outcomes in an interactive
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format. In the following sections, roadmaps and supporting patent analyses are presented
on the example of the camera module in the field of automation sensor technology.

The fact sheets providing in-depth information for each of the 59 technologies can be
accessed via www.tkbw.de (accessed on 28 March 2022) or in the graphical, interactive web
app: https://www.transformationswissen-bw.de/technologiekalender-app#/ (accessed
on 28 March 2022). The tool was developed together with Touchwert®for the e-mobil BW
GmbH (Stuttgart, Germany) as part of the “Strategiedialog Automobilwirtschaft BW” and
“Transformationswissen BW” initiatives.

3.2.1. Roadmaps Based on Delphi Survey

Roadmaps illustrate the temporal development of technologies based on experts’
assessments. In the following, the exemplary roadmap of relevant camera technologies is
shown, while the remaining 14 roadmaps can be found in Appendix A.

Figure 7 represents the roadmap for the camera module, which includes six key tech-
nology trends. Only one technology, “sensor fusion,” is expected to reach MRL 10 before
2025. More details on the technology can be accessed in the fact sheet. Some technologies,
such as “sensor fusion,” may have already reached MRL10 with other specifications. There-
fore, it is important to interpret the roadmaps not on its own (based only on the technology
titles) but in close coordination with the descriptions in the fact sheets.

Figure 7. Exemplary technology roadmap for the module “camera” (source: own work visualized
with the Python packages Matplotlib [51] and Pandas [52]); corresponding roadmaps for the 14 other
modules are created and given in the Appendix A.

In the case of the other technologies of the camera module, the focus is on technological
developments (TRL) in the short term; in the medium to long term, the main drivers are
expected to be industrial manufacturing (MRL). “Event-based vision,” “hyperspectral
imaging” and “scientific CMOS”, in particular, will reach MRL 9 and 10 comparatively late,
well after 2030.

For example, “sCMOS” or “scientific CMOS” is the further development of the CMOS
image sensor, which is already widely used in vehicles for environment detection in
addition to the CCD technology. “sCMOS” features a very good signal-to-noise ratio, fast
frame rates, a wide dynamic range, high resolution, high sensitivity and a large field of
view. On the other hand, experts believe that the technology is still far too bulky, complex

www.tkbw.de
https://www.transformationswissen-bw.de/technologiekalender-app#/
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and expensive to be used in passenger cars in the foreseeable future. Rather, it is currently
used in science [53–55].

In addition to improving image sensors, among other things, intensive research is
being conducted on machine vision and artificial intelligence on the software side. On the
hardware side, the acquisition of other frequency ranges (e.g., “hyperspectral imaging”)
promises additional information of the environment such as road conditions [56–59].

The effort for the visualization of the results is only to be done once and can then
be automated. In comparison, the effort for the preparation and execution of the Delphi
survey is much higher. The preparation of the relevant technologies requires research as
meaningful descriptions are needed so that all experts refer to the identical technology.
The acquisition of the expert panel requires a lot of time and the response time of the
experts when conducting the first Delphi round is long. The telephone interviews as well
as reaching a consensus is work intensive for the conducting team.

3.2.2. Patent Analyses

To enhance the information on trends in technological developments for SMEs in the
respective technology fields of automated driving and their development over time, re-
search and development activities were identified by conducting extensive patent analyses.
In the following, the results of these analyses will be exemplarily displayed for the field of
“camera systems.” The analysis covered all relevant patents applied globally within the
period from 2000 to 2018 and was executed within the database of the European Patent
Office (EPO).

As a result, a total of 3666 patents could be identified in this technology field (Figure 8),
which were further analyzed in order to identify possible technology options as well as
companies particularly driving the development in this technology field. The latter is
especially important for small and medium sized enterprises evaluating the expansion of
their product portfolios or searching for joint business opportunities with (new) partners.

Figure 8. Patent activities for the module “camera” (source: own analysis and depiction); correspond-
ing patent analyses are created for the other modules in [59].
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As a result of the analysis, only Bosch as a German company is represented in the top
ten worldwide. Overall, Japanese companies dominate the ranking by number of patents,
and only one U.S. supplier, Qualcomm, is part of the ranking. Eight other German compa-
nies invest in technology development and are active in this area with patent applications.

Considering the trend in patent applications over time, a strong growth in R&D
investment from 2007 onwards can be identified, with a further steady growth from 2010 to
2018. The peak of patents relating to automotive camera systems is reached in the last year
of this analysis: 493 applications in 2018. It can be assumed that this trend will continue
and even further intensify in the future, supporting the statements of the experts on TRL-
and MRL-development in the Delphi survey.

The computational effort for this patent analysis is low when focusing on the interpre-
tation on patent numbers and patent meta information (like date of application, assignee or
priority country), on the one hand, and can intensify when analyzing patent content and
property rights in detail, on the other hand. For this analysis and with the aim to identify
R&D intensities, development trends over time, leading institutions in the respective tech-
nology fields as well as to identify technology options, the analysis of meta information is
sufficient, and SMEs can cope well with this effort. However, the continuous monitoring of
patent applications and especially the interpretation of patent content and property rights
requires considerable (manual) effort. Not only are new patents constantly being applied
but the relevance of the intellectual property claimed must be validated when individual
patents are of special interest to the SME.

3.3. Aggregation of Functional and Technological Roadmaps

As shown in Figure 1, the “development path of automation functions” and the “path
of technological development” are now being merged. Both representations are valuable
roadmaps on their own. By superimposing the two independent roadmaps in this work,
however, the basis for discussion can (1) be improved and validated and (2) provide
additional information for valuable discussions between experts.

In Figure 9, all technological developments from the Delphi survey for which MRL 10
has not yet been reached by 2030 or whose future development could not be conclusively
assessed are shown for the time horizon 2019 to 2035. The functional roadmap, trimmed
to the corresponding time period, adjoins at the bottom: the SAE levels according to their
market entry dates from the publication analysis.

Comparing the roadmaps in Figure 9, it is noticeable that some technologies only
reach the final maturity levels after the potential introduction of the SAE levels 4 and 5.
The technologies’ impact on the functions has to be linked to the automation levels to be
able to interpret the results.

The technologies “event-based vision” and “hyperspectral imaging,” which are out-
lined in red, considerably reduce the computational effort required for environment detec-
tion and provide significantly more information about the environment, respectively. Their
development can, therefore, be closely linked to the upper SAE levels, especially for SAE
level 5.

The technologies surrounded by a yellow dashed line are not yet ready by 2025 or
2030 but are less essential or can be better substituted than the red highlighted ones.

For yet other technologies such as “cooling for high performance computing,” no
future development path could be derived in the Delphi survey, but thermal management
of computing units in vehicles is of significant importance, nevertheless. This is why
technology roadmaps have to be updated regularly.

The compilation does not provide an immediate statement for reaching the market en-
try dates of the SAE levels; however, after analyzing the correlations between technologies
and functions, a full market entry for SAE level 5 in 2030 seems too early.
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Figure 9. Matching function and technology roadmaps; top: extract of a cross-module roadmap with
automation technologies which have development paths beyond 2030 or for which development
could not be estimated beyond a certain year (source: own work visualized with the Python packages
Matplotlib [51] and Pandas [52]); bottom: extract of Figure 5, cut to the timeframe from 2019 until
2035, so that it matches with the technology roadmap above (source: own work utilizing the Python
packages Seaborn [50], Matplotlib [51] and Pandas [52]).

4. Discussion

This study presented a method to improve the quality of technology forecasts, con-
sisting of two parallel roadmaps: a functional roadmap and a technology roadmap. The
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output is a comparative roadmap, created by linking the two roadmaps depicting the
functional and technological developments. The consolidation of the publication analysis
for functional developments and Delphi process for technological developments method
enables a deeper insight into the results compared to the use of a single forecasting method.

The functional roadmap presented in this study was created via a publication analysis
of 67 sources from 2013 to 2021. Out a total of 209 predictions of automation functions (SAE
levels 2–5), the potential market entry dates of individual automation levels were derived.
Technology roadmaps were developed in parallel. For this purpose, relevant technologies
were first derived considering different automated driving functions: 59 technologies in
15 modules. Using a two-stage Delphi process, a panel of experts was questioned on the
technology and manufacturing maturity of these technologies. This process resulted in
15 technology roadmaps, further supported by patent analyses.

The method was applied to the development of technologies and functions for self-
driving vehicles. As a result, the functional roadmap indicates that SAE levels 4 and 5
may be introduced in 2025 and 2030, respectively. However, the Delphi analysis of the
technologies results in later dates (up to 3–4 years) as some technologies for automation
functions may not be mature yet. This creates a valuable source of additional information for
better estimating and discussing future technology developments. The method developed
is not exclusive to the technology field of automated vehicles but can also be applied to any
other technological field. As with any roadmap, the results do not claim that the future will
develop exactly as expected but provides a much improved basis for discussion in expert
and stakeholder workshops.

In Section 1, the need for a new approach to forecast the development of key functions
and technologies for SMEs was derived. The work described in this paper addresses the
individual research gaps of existing approaches simultaneously as follows:

(1) While other works combine different technology forecasting methods for pre- or
post-processing [11,19], the approach described in this paper utilizes two different
approaches for a functional assessment on the one side and a technological evaluation
on the other side. Contrasting the respective findings validates or disproves them. In
any case, it creates a sophisticated basis for deep-dive discussions among technology
and business experts.

(2) The authors of [42] demand an easy-to-use and low-effort technology forecasting
methodology for SMEs. The methodology proposed in our study does not require
complex computing efforts. However, it can still be varied in its complexity: for
example, the more experts that are included in the Delphi expert panel, the more time
is needed to conduct the survey, thereby improving the reliability of results.

(3) This method starts from the perspective of functional development and, subsequently,
derives technologies that are required for achieving these functions. Thus, a broad range
of relevant technologies is evaluated, rather than individual, isolated technologies.

(4) Some existing research does not focus on the granular temporal development of tech-
nologies by year [9,10]. As this is a key insight for strategic planning in companies, the
temporal development of the technologies’ maturity levels was evaluated until 2035.

The following section discusses existing limitations of this study and identifies corre-
sponding suggestions for future research.

This study only considers developments for passenger cars, not commercial vehicles;
moreover, only hardware, not software or infrastructure technologies, was included. In
a next step, these fields should also be considered; especially software, as major develop-
ments are expected in this area, and it is essential for the implementation of automation
functions. The analysis of technologies for the further development of automated vehicles
in terms of vehicle concepts and vehicle structures would be useful, as automated vehi-
cles can be used in other operating concepts and, therefore, have different requirements,
including high durability in highly frequent operation (7 × 24). In addition, the high
energy consumption of components for automation could be addressed, e.g., via further
developments in lightweight construction. Fundamentally different vehicle concepts, like
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the on-the-road modular vehicle concept U-Shift [60], feature components that are not
needed by conventional vehicles. The temporal development of these technologies as well
as corresponding production technologies should be investigated in further work applying
the method presented in this work to identify further potentials for SMEs.

The relationships between SAE level and technologies need to be further analyzed in
future works. A higher granularity in functions, i.e., “congestion assistant” level rather
than “SAE level 3” level, may provide a better understanding of developments.

In the case of publication analysis, a higher level of different filtering options promises
a deeper understanding of the extent to which different source categories differ in their pre-
dictions. At the same time, the data basis needs to be continuously extended and updated.

The expert panel for the Delphi interviews consisted mainly of technology experts. In
future work, the panel should be extended to include system and strategy experts in order
to obtain a more holistic view of the development of the examined field.

The methodological basis, the combination of Delphi interviews and publication
analyses, could be extended in future works, e.g., by S-curve approaches. This way, the
aggregated results would benefit from the application of the technology life cycle theory.

Further, it is not sufficient to forecast technology developments only at one point
in time. Due to the rapidly changing research findings and surrounding conditions of
technologies, current predictions may already be inaccurate after a short amount of time.
The findings on technological developments presented in this paper are from 2020; the
publication analysis for functional development was updated in 2021. A continuous process
is required in which the existing results must be constantly reviewed and new findings
incorporated. Measures that can be taken to achieve this include regularly reactivating the
Delphi expert panel to update the technology roadmaps.

5. Conclusions

The goal of this study was to develop a methodology for technology forecasting that
allows forecasting with increased reliability and yet moderate complexity. In addition, the
methodology was to be applied to an example and the results made publicly available to
promote knowledge transfer from academia to industry.

The approach combines two roadmaps, one depicting the temporal development of
functions based on publication analyses and one focusing on corresponding technologies
based on the combination of Delphi survey and patent analyses. Finally, the results are
combined in an aggregated roadmap. This aggregation allows us to contrast the results and
highlight possible discrepancies. Thus, the quality of forecasts improves and an enhanced
basis for expert discussions is provided offering more valuable information than single
technology forecasting methods on their own. The approach uses methods that can also be
applied by companies who do not have dedicated foresight departments.

The study applied the proposed methodology to automotive automation. The find-
ings of the functional analysis suggest that SAE levels 4 and 5 will be ready for market
introduction in 2025 and 20230, respectively. However, the technological analysis indicates
that these predictions may be too optimistic.

The methodology must consider the connections between the functions and technolo-
gies in more detail to improve its accuracy in the future. Therefore, not only the aggregated
SAE automation level should be analyzed but also the functions at a more detailed level.
The methodology requires continuous updating of the results, as new publications and
patents are published regularly, and experts’ opinions may change due to new (and/or
unexpected) developments.

Further research could investigate automatic acquisition of information from publi-
cations using big data analysis algorithms. Further, the expert panel should be expanded
to include more experts as well as experts from other sectors and technology fields. The
counter validation part, which is key to this methodology, could be expanded to include
other technology forecasting methods such as patent-based S-curve modeling.
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Appendix A

Table A1. Sources used for the publication analysis [Section 2.1].

Source Category

[61] OEM/supplier
[62] OEM/supplier
[63] Academic research
[64] OEM/supplier
[65] Consulting
[66] Consulting
[67] Policy
[68] Policy
[69] OEM/supplier
[70] Academic research
[71] Academic research
[72] Academic research
[73] OEM/supplier
[74] Consulting
[75] OEM/supplier
[76] Industry association
[77] Policy
[78] Policy
[79] Policy
[80] Policy
[81] Policy
[82] Policy
[83] Academic research
[84] Academic research
[85] OEM/supplier
[86] OEM/supplier
[87] OEM/supplier
[88] OEM/supplier

www.tkbw.de
www.tkbw.de
https://www.transformationswissen-bw.de/technologiekalender-app#/
https://www.transformationswissen-bw.de/technologiekalender-app#/
https://www.transformationswissen-bw.de/wissensspeicher/publikationsdatenbank
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Table A1. Cont.

Source Category

[89] Consulting
[90] Consulting
[91] Academic research
[92] Policy
[93] Consulting
[94] Consulting
[95] Academic research
[96] Academic research
[97] Consulting
[98] Consulting
[99] Consulting

[100] Academic research
[101] Consulting
[102] Policy
[103] Consulting
[104] Consulting
[105] Consulting
[106] Consulting
[107] Policy
[108] OEM/supplier
[109] Industry association
[110] Industry association
[111] OEM/supplier
[112] OEM/supplier
[113] Consulting
[114] OEM/supplier
[115] OEM/supplier

Figure A1. Technology roadmaps for each considered module; I/IV (source: own work visualized
with the Python packages Matplotlib [51] and Pandas [52]) [Section 3.2].
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Figure A2. Technology roadmaps for each considered module; II/IV (source: own work visualized
with the Python packages Matplotlib [51] and Pandas [52]) [Section 3.2].

Figure A3. Technology roadmaps for each considered module; III/IV (source: own work visualized
with the Python packages Matplotlib [51] and Pandas [52]) [Section 3.2].
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Figure A4. Technology roadmaps for each considered module; IV/IV (source: own work utilizing
the Python packages Matplotlib [51] and Pandas [52]) [Section 3.2].
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