The impact of automated vehicles on long-distance travel
In Germany

Felix Steck, Tudor Mocanu, Christian Winkler

Institute of Transport Research
German Aerospace Center (DLR)

*Correspondence address: felix.steck@dlr.de

28 February 2019

Short Paper

Keywords: Automated vehicles, autonomous driving, long-distance travel, Value of travel time
savings, travel demand model

Introduction

Automated vehicles (AV) might soon become reality, considering the rapid development of vehicle technologies
and data processing in the past years. Following the technological pathway and the complexity of driving tasks,
the highway pilot might be one of the first use cases of autonomous driving, since it requires a lower level of
automation (ERTRAC, 2017). According to experts, automated driving might change personal mobility and
mode choice decisions, as the driver being able to pursue other activities during the trip increases the comfort of
travelling (Anderson et al., 2014, Fraedrich et al., 2016). This is especially the case on long-distance trips, in
which driving is often seen as an exhausting and monotonous task (Trommer et al., 2016). Such trips are
particularly relevant due to a number of reasons. They are mostly rare events but amount to a large proportion of
the overall vehicle miles travelled (VMT), private car is dominating the modal split, and the total mileage
traveled on long-distance trips has continuously increased in past years, even though daily mobility remains
constant (Kuhnimhof et al., 2014). The share of the total VMT by car in Germany on highways is 28% (Baumer
et al., 2017). These facts also indicate the high impact that long-distance car trips have on the environment in
general (Goeverden et al., 2016). It is therefore necessary to ascertain whether autonomous driving — even with
vehicles having lower automation (e.g. Level 3) — will impact on car VMT in the near future in order to provide
decision makers information for planning the transport system in accordance to the future challenges posed by
automation.

As highway pilots will likely be the first automated driving functions and drivers could benefit the most on long
journeys, the context of long-distance travel on highways in Germany was chosen in this study. We defined
long-distance travel as trips longer than 100 kilometer for all analysis steps. The time horizon of the study is the
year 2030, when the market ramp-up of AVs with mostly lower automation functions is expected to occur
(Trommer et al., 2018). With respect to the classification of automation (SAE, 2014) we defined that vehicles
with high automation (Level 4 or 5) can drive fully automated on highways at any time. In contrast, vehicles
with conditional automation (Level 3) need to be monitored by the driver in the automated driving mode. The
driver might be required to take over control of the vehicle in certain unforeseen situations, e.g. uncharted
roadworks or difficult light or weather conditions. The more often such take-over requests occur, the less will
drivers benefit from the additional comfort of automated driving. Finally, partial or non-automated vehicles
(Level 0-2) cannot drive autonomously, so drivers have to continuously concentrate on the driving task.

The aim of the paper is to quantify the perceived comfort improvements brought by vehicle automation to car
users, implement it into a travel demand model and estimate its impact on car travel demand for long-distance
trips in Germany in terms of VMT.
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Methodology

In order to provide insights into the impact of autonomous driving on long-distance travel we combined four
analysis tools: An online survey including a stated preference experiment towards autonomous driving and mode
choice to estimate changes in the value of travel time savings (VTTS) when autonomous driving is available (1),
a technology diffusion model to determine the future fleet of privately owned vehicles and the share of AVs
within this fleet (2), a transport demand model to simulate mode and destination choices and thus changes in
VMT for each mode of transport (3), and finally a car traffic assignment model in which vehicles are
differentiated by their level of automation (4). The contribution of our study is to present a comprehensive
approach on the impact of vehicle automation on long-distance travel taking into account changes in user
behavior, the diffusion of different levels of AVs and its usage.

(1) Stated Preference Experiments on autonomous driving

As already mentioned, when driving autonomously the driver do not longer have to follow the driving task and
can instead engage other activities. This might lead to a change in the perception of time during the trip and
finally in a change of VTTS. For this reason we conducted an empirical study on the change in VTTS as an
online survey with a representative sample of approximately 500 participants in Germany. The study design was
a combination of Revealed Preference (RP) and Stated Preference (SP) methods with two stated Preference
experiments. In the first one, the participant had to choose between current available modes of transport: private
car, train, bus and airplane. In the second one, a future mode choice decision was created by presenting a private
car with autonomous driving function instead of the private car. According to the study design, the automated
private car could be either driven manually or autonomously. All SP experiments were created on the
information provided by the first part of the survey, in which the respondents reported detailed information about
their last long-distance trip, such as trip duration and length. The attributes of each alternative in the SP
experiments were the in-vehicle time, the arrival and departure time, the waiting time, travel/flight costs and the
total travel time.

A joint Mixed Logit, including both SP experiments with the current and the future choice set, was estimated
with the survey data using the software PythonBiogeme (Bierlaire, 2016). Based on the estimation results and its
time and cost parameters, different VTTS could be determined for each mode of transport. Due to the possibility
for the participant to choose between an autonomous or manual driving mode in the private car, different VTTS
could be calculated for driving a car manually or autonomously. The survey and study design, as well as
methodological approach including model estimation and calculation of the VTTS is described in details by
Kolarova and Steck (2019).

(2) Diffusion Model
The diffusion of AVs in the overall passenger car fleet is a crucial factor when analyzing the impact of
autonomous driving on the transport system. We adapted an existing technology diffusion model (Trommer et
al., 2018) in order to forecast the share and the number of AVs in the German passenger car fleet in 2030. We
differentiated the car fleet by automation level, age and segment in the following way:

— 3 automation levels: no automation (Level 0-2), conditional automation (Level 3) and full automation
(Level 4 or Level 5)

— 3 age categories: up to 3 years, 4 to 7 years and 8 years or older

— 4 vehicle segments: XS, S, M and L (an adapted version of the German Federal Motor Transport
Authority classification (KBA, 2018))

The diffusion rate of each automation level and each vehicle segment was calculated using a Gompertz function
(Gompertz, 1825). The year of introduction and the initial market penetration rate differs for each vehicle
segment and automation level, thus resulting in different overall diffusion levels. We derived the years of
introductions from a Roadmap towards autonomous driving (VDA, 2015).

For calculating the size of the German privately owned passenger car fleet in 2030 we considered the current
number of new passenger car registrations for each vehicle segment (KBA, 2018) and kept it constant for future
years. On the other hand, we implemented a dynamic rate of abolishment for privately owned vehicles, based on
the age distribution of the vehicle fleet in 2017. The result of this model is the total car fleet size differentiated
by automation level, age and vehicle segment for each year, beginning from 2018 and up to 2030.
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(3) Transport Demand Model
A multimodal, Germany-wide transport model (DEMO) was used to determine the effects of autonomous
driving on long-distance traffic throughout Germany (Winkler and Mocanu, 2017). DEMO consists of several
modules covering passenger and freight transport demand. For this study, only the long-distance passenger
transport module was employed. In this module, the destination and mode choice for trips with distances of over
100 km are modelled using a nested logit model. The utility function and the preference parameters towards
travel times and costs are derived from a German value of travel time study (Axhausen et al., 2014).
Travel demand for 2030 is based on the results of the Reference scenario from the DLR project “Transport and
the Environment” (Winkler and Mocanu, 2017). The Reference scenario foresees a business-as-usual
development of the transport system in terms of infrastructure, network quality, income growth, user costs etc.
and does not consider the effects of vehicle automation on travel demand. The scenarios presented in this paper
differ from the Reference scenario only by the explicit consideration of privately owned AVs.
In order to model the impact of automation on long-distance travel demand we used insights from the stated
preference experiment on autonomous driving (Kolarova et al., 2019) and implemented the VTTS reduction into
the car utility function. As only Level 3 (to some extent), Level 4 and Level 5 vehicles will benefit from this
VTTS reduction we based the travel demand calculation on a fictional car serving as weighted “average” over all
automation levels. The weights are given by the respective automation level shares in the vehicle fleet, as
estimated by the Diffusion Model. Furthermore, this VTTS reduction only applies on those journey segments
where autonomous driving is enabled, i.e. according to the scenario considered here on highways. The thus
modified utility affects both destination and mode choice in the Transport Demand Model. OD matrices and total
VMT by mode are the results of this model step.
As the benefit of automation by Level 3 depends on the frequency of users having to take-over control of the
vehicle during a trip, we set up a recent review on the number of take-over control on highways. Since no
verified numbers were found, a sensitivity analysis was done by varying the reduction of VTTS for different
automation levels. In the Reference Scenario (“No Benefit”) for all levels of automation no reduction of VTTS is
assumed. In Scenario 2 (“Partial Benefit”) the reduction of the VTTS is considered by 50% for Level 3,
indicating that with a higher number of take-overs the benefit of automation decrease. However, Level 4 or
higher generates the full benefit of automation. In Scenario 3 (”Full Benefit”) Level 3 also benefit by the total
reduction of VTTS by automation just as Level 4 and 5.

(4) Differentiated Car Assignment Model

The scenarios presented in this paper investigate the effects of enabling autonomous driving on highways only,
and assuming manual driving for all other road types. Therefore, a route choice model is required in order to
determine the proportion of travel time on AV-enabled roads, i.e. highways, for each OD pair. Furthermore, as
driving on highways becomes more attractive for users of AVs, this might also lead to different routes being
chosen compared to drivers of non-autonomous vehicles.

A multi-class assignment based on the DEMO network model (Winkler and Mocanu, 2017) was set up, with
each automation level representing an individual vehicle class. As the car trip matrices resulting from the
Transport Demand Model are not differentiated by automation levels, they were split up according to the
procedure proposed by Mocanu (2018) factoring in the vehicle fleet shares, the trip purpose and trip distance.
Results from the assignment model, i.e. impedance matrices for travel times (on highways only and overall) and
distance were fed back into the transport demand model to ensure consistency between the two model steps.

Results

The combination of different analysis tools gives us the opportunity to investigate the impact of AV on the
transport system and address some specific questions. Crucial inputs for our transport demand model is VTTS
for each mode of transport as well as the composition of the private vehicle fleet. The model estimation on the
mode choice experiment including autonomous driving shows that participants perceive the in-vehicle time less
negatively if they rode a private car autonomously than participants driving their private car manually. The
results from the stated preference experiment indicate a reduction of the VTTS by 22 % for people riding their
private car autonomously instead of driving it manually. In more detail, the calculated VTTS of participants with
middle income is 16.20 €/h for riding a private car autonomously and 20.80 €/h for driving a private car
manually and is almost similar to the VTTS of using the train (15.60 €/h) (Kolarova and Steck, 2019).

This VTTS reduction is relevant only for cars having automation level 3 or higher. In 2030 the share of AVs in
the German privately owned car fleet is 17 %, whereby primarily vehicles of the segment M or L are automated.
In total the modelled car fleet consists of 45.46 million vehicles with 5.16 million and 2.46 million vehicles
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having automation level 3 and 4 respectively. The latter ones are capable of driving fully automated on
highways, so the full reduction of VTTS by 22 % can be assumed for the travel time on these road segments.

The VTTS reduction leads to an increase in car travel demand, both in terms of mode shares and trip distances.
To sum this up, the impact of automation on long-distance travel demand in Germany is evaluated by means of
the total car VMT. In the Reference scenario (“No Benefit”), this amounts to 167 billion VMT per year. The
figure increases by 2.8 % in Scenario 2 (“Partial Benefit”) and 4.2 % in Scenario 3 (“Full Benefit”), highlighting
the impact that the uncertainty regarding the functionality of Level 3 automation has on the results. These
preliminary results indicate that, while automation will not radically change long-distance travel demand, it will
nevertheless lead to a noteworthy increase in car traffic.

Finally, the assignment model results show that, already in the Reference scenario, 87 % of the car VMT from
long-distance trips will occur on highways. This indicates that the German highway network is sufficiently dense
and accessible to attract the overwhelming majority of long-distance travel. The percentage increases slightly to
88 % in the automation scenarios. As expected, highways will attract a comparatively larger amount of
additional traffic, though this effect seems to be rather limited due to the already high levels in the Reference
scenario. The resulting overall VMT increase on highways will be of 5.1 % in Scenario 3.

Conclusions

The combination of the four analysis tools shows that even in the near future a partial automated vehicle fleet
with a low level of automation can influence the transport system significantly. The individual benefits for the
users by automation might lead to an increasing usage of the private car and consequently to more VMT by car.
On the one hand, users choose the private car instead of other modes of transports automation. On the other
hand, automation also induces additional transport. These negative effects on the transport system as well as on
the environment have to be investigated further on.
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