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ARTICLE INFO ABSTRACT

Keywords: The constant introduction of new mobility options in urban transportation complexifies the mode choice of in-
Urban transport assessment dividual users. Relevant indicators have to give users a reliable guideline for mode choice as well as giving
S“Stai“a_bility municipalities and industry a reasonable guideline for strategic orientation. Therefore, in this paper, a compre-
Etr;;]tejat\;:ecosts hensive assessment of transport options is conducted for indicators such as travel time, costs, CO2 emissions and
co2 external costs. The main added value of this paper is the method employed: Trips with origin-destination (OD)
Emissions coordinates are routed for different transport modes using Open Trip Planner (OTP). In the next step, a cost model
Shared mobility calculates these indicators for all transport modes. The presented method can compare privately-owned vehicles

with different propulsion types with conventional as well as new public mobility services from a spatial per-
spective within the Munich area as a case study. The comprehensive information provided by these results helps
mobility stakeholders in the decision-making process. The thematic analysis potential of the method is shown in
figures which present the efficiency and sustainability of transport modes in different contexts. Recommendations
for individual users, the mobility industry, and political decision-makers can be derived from these figures to im-
plement measures for more sustainable and efficient mobility. Results include, that i) Individual users are more
cost-efficient when using shared mobility services depending on the annual mileage (below 5,000 km for cars);
ii) electric vehicles will be the most cost-efficient propulsion type and, at the same time, have the lowest CO2
emissions. The visualized interdependencies between the guiding principles for transport planners and transport
modes allow providers of mobility-as-a-service (MaaS) platforms to integrate a variable pricing system according
to these principles. Pricing models will be investigated in further studies.

indicators (cost or emissions), transport modes (private or public) or
locations (inner city or regional), and are not able to draw a larger pic-

1. Introduction

The number and impact of new transport options in urban mobil-
ity is continuously increasing (Kamargianni et al., 2016). Therefore,
the number of different choices to be made for a simple trip in the
city area is high. The lack of transparency regarding travel time, costs,
emissions, and the external (social) costs of these options lead to un-
certainty amongst users and highly complex mode choice behavior
(Kamargianni et al., 2016). At the same time, these indicators are rele-
vant for the formation of guiding principles and measures in municipal-
ities’ city planning efforts, as well as for the strategic orientation of the
mobility industry.

Recent literature is not able to manage the comparison of costs
and emissions between privately-owned vehicles and public services, al-
though this is a key information for private users in order to shift from
privately-owned vehicles to public services and thus reduce car usage
in the inner cities. Most of the relevant studies are focused on specific
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ture showing a comprehensive comparison of all urban transport options
(Table 1).

The comprehensive nature and uniform comparison of private and
public transport modes are primary added values of this paper. In the
context of this study, “comprehensive” is used to describe the wide scope
of the comparison and data analysis in terms of target values (cost and
emissions), locations (inner city and regional) and number of transport
modes (private and public). Conventional (public transport, taxi) as well
as new (ridesharing, ride-hailing) mobility services are considered in
this study. At the same time, the illustration of full travel costs includ-
ing consumer-facing monetary costs as well as CO, emissions and exter-
nal costs is another novel feature. The results presented can be used as
decision-making support by mobility stakeholders like individual users,
political entities, and industry. Additionally, the study’s method shows
further application potential for subsequent tools that can implement
decision-makers’ strategies such a Mobility-as-a-Service (MaaS) plat-
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Table 1

Overview of relevant thematically related studies.
Author Included factors Method

Time Cost Emissions Other

Focus on sustainability and social benefit
Konig, Nicoletti et al. (Konig et al., 2021) X X X Calculation / Simulation
Bugiel et al. (Anita Bugiel; Anne Vonderstein; Chrstina Denz 2010) X X X Experiment / simulation
Wachotsch et al. (Wachotsch et al., 2021) X X X X Calculations
Pomykala (Pomykala, 2018) X X X Evaluation of secondary lit.
Condon (Condon & Dow, 2020) X X X X Calculation / analysis
Saighani and Leonh&user (2017) X Calculation / analysis
Skrucany et al. (Skriicany et al., 2018) X X Calculation / analysis
Sommer et al. (SOMMER et al., 2021) X Calculation / analysis
Focus on individual benefit
Pez (Wilde et al., 2017) X X Experiment
Miiller-Gornert (Miiller-Gornert, 2021) X X X Evaluation of secondary lit.

forms with a corresponding pricing system. MaaS describes digital ser-
vices or smartphone apps which enable access to public, shared and
private transport modes. The platform integrates planning, booking and
paying for the journey.

However, the TUM Accessibility Atlas and related tools (Biittner
et al., 2018; Pajares, 2021) as well as GIS-APIs for mobility data analysis
tasks (Adenaw et al., 2019; Pajares, 2021) also provide a comprehensive
overview and comparison of urban mobility and can take city-specific
and social aspects into account. The visualization and evaluation meth-
ods differ from the approach used in this study because the results are
linked rather to the geographic position (accessibility), whereas results
in this paper are related more to the specific transport modes, and com-
pare a larger quantity of different transport mode characteristics. This
paper builds upon recent work in (Konig et al., 2021) and puts the pa-
rameters presented for the calculation of consumer-facing costs, CO,
emissions and external costs in the spatial perspective of the Munich
area as a case study.

The goal of this study is to present and test a new method (Section 3)
and to demonstrate the method’s application potential. Section 4 shows
the first thematic applications and analysis potentials by comparing
privately-owned vehicles and public services in terms of costs and emis-
sions. It also shows the efficiency and sustainability of these transport
modes in different contexts.

2. State of the art

In the following sections, the current status of literature assessing ur-
ban transport options is investigated. First, we concisely summarize gen-
eral methodologies of mobility research. In the subsequent paragraph,
a brief overview of studies on the analysis of transport options in recent
literature is given. This allows for a comparison of the method used
to calculate similar or related indicators in the present study with ap-
proaches utilized in existing literature. Finally, the method of this study
is put in context with current focus areas of urban mobility research.

Collection and analysis of mobility data plays a major role in
transportation research. A variety of methods can be applied in or-
der to gather data. Classic approaches include questionnaires, experi-
ments, (expert) interviews, traffic census, focus groups or observations
(Kim et al., 2017; Yu et al., 2021). While working with an extensive
amount of data in the past often meant elaborate survey procedures, cir-
cumstantial agreements for proprietary data and sophisticated analysis
software, progressing digitalization, as in many other domains, opens
new possibilities especially regarding data availability. An increasing
number of governmental but also private institutions either publish data
directly or set up application programming interfaces (APIs) which en-
able third party developers to access certain data. Data sources used in
this paper as well as general advantages of data publication will be dis-
cussed later on in this section. Tools like smartphones and corresponding

applications, GPS-Loggers as well as powerful simulation tools mutually
increase researchers’ possibilities regarding collection, processing and
analysis of data. In the following paragraph, existing studies are catego-
rized, inter alia, according to the aforementioned methodologies.

Konig, Nicoletti et al. (Konig et al., 2021) give an overview of pa-
rameters and costs for mobility options in general and focus on bat-
tery electric vehicles. They include innovative mobility scenarios such
as shared mobility and automated driving services as well as conven-
tional mobility services such as public transport and taxi. Additionally,
Konig, Nicoletti et al. (Konig et al., 2021) consider energy consumption
and total costs of ownership for different vehicles, vehicle segments and
propulsion types. Publications from various authors likewise deal with
the analysis and evaluation of urban transport modes. Table 1 provides
an overview of relevant, thematically related studies. It categorizes the
publications according to their focus and shows which of the indicators
were used and which methodology was applied.

Opposing to most of the studies presented in Table 1, this study
uses a simulative approach based on Open Trip Planner (OTP) and the
APIs of mobility service providers. Identified as “the most promising
open-source trip planning software” (OpenTripPlanner 2013) as early as
2013, OTP still is a popular tool when it comes to traffic and/or spatial
analysis. Wessel and Farber (Wessel & Farber, 2019) for example analyze
the impact of time dependency when estimating travel times on public
transport. They use OTP as an instrument for calculating the shortest
paths between origins and corresponding destinations at multiple times
during a day. Tenkanen and Toivonen (Tenkanen & Toivonen, 2020)
present a longitudinal dataset on spatial accessibility by different travel
modes in order to understand how city regions function. Following the
door-to-door principle, they compute travel time and distance during
different hours of the day using OTP. The results support spatial plan-
ning and decision-making on a regional level. Their basic findings and
approaches obtained with data from Helsinki can be transferred to ev-
ery city providing comparable data. Poelman et al (Poelman et al., 2020)
utilize the route planner in their working paper to measure urban acces-
sibility for low-carbon modes of transport in various cities. The results
of the paper include an in-depth analysis of multiple cities’ public trans-
port (PT) efficiency as well as general indicators giving hints on city
characteristics influencing the performance of environmentally friendly
modes of transport.

Based on OpenStreetMap as well as General Transit Feed Specifi-
cation (GTFS) feeds, OTP strongly relies on the previously mentioned
open data. Open data, meaning e.g. spatial, environmental, or mobil-
ity data being generated and publicized in accordance with applica-
ble privacy guidelines by private companies or governmental agen-
cies, possesses enormous potential as a basis for new mobility prod-
ucts (Lohrer et al., 2021). Besides establishing transparency, it allows
companies to draw on its potential by aggregating and processing it.
The concept of open data defines the free usage and dissemination of
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Fig. 1. Schematic overview of general aspects or levels in
urban transport research.
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machine-readable, structured data through the application of open uti-
lization rights (Binzen & Termer, 2017).

The significance of open data, especially from public transport agen-
cies as an enabler for GIS-based analyses is recognized by Gidam &
Kalasek (2020). Machine-readable timetable information offers new pos-
sibilities and is crucial for understanding PT as the key element of an
eco-friendly mobility system. To obtain realistic results, this paper uti-
lizes programming interfaces from various mobility providers. These al-
low the collection of fundamental data, such as the location of rentable
vehicles. An overview of the used APIs is given in Table 3 (Section 3.1).

As the comparison of previous studies assessing urban mobility op-
tions in Table 1 shows, different metrics are employed in current re-
search. However, it is apparent that objective indicators are needed in
order to validly evaluate various mobility options. Understanding the
user’s choice behavior is crucial when determining the right factors.
Theoretical approaches describing the process of transport mode choice
deliver scientific frameworks based on objective metrics and therefore
build the foundation for the indicators used in this paper. Theories on
transport mode choice can be classified into two major groups (Juschten
& Hossinger, 2020):

¢ Economic theories focusing on objective properties of all disposable
options and the decision-makers themselves

¢ Psychological or behavioral approaches, emphasizing the influence
of subjective habits, attitudes, values or norms which affect individ-
ual behavior

Economic theories are mainly based around the idea that mode
choice is primarily driven by the maximization of individual utility
(Juschten & Hossinger, 2020). An introduction to decision-making mod-
els derived from the field of economics, like the principle of maximizing
utility or a variants of logit models can e.g. be found in (Javeed et al.,
2019). Konig (Konig, 2005) further describes how such models can be
developed and which factors are most relevant. A well-established the-
ory, belonging to the latter of the two aforementioned groups, for un-
derstanding mode choice (Ajzen, 2020; Juschten & Hossinger, 2020)
is Ajzen’s theory of planned behavior (Ajzen, 1991). While the basic
theory itself isn’t novel, it keeps being adapted and/or extended (e.g.

(Ahmed et al., 2020; Ibrahim et al., 2020)) to consider the most recent
developments in research and allow for optimal analysis of transport
behavior. Focusing rather on objective, quantifiable indicators, multi-
ple studies consider costs and travel time as especially relevant fac-
tors when choosing between modes of transport (Ahmed et al., 2020;
Déllenbach, 2020; Jin et al., 2020; Konig, 2005; Wilde et al., 2017). Fur-
thermore, personal norms such as environmental awareness have been
identified as deciding factors by other authors (Ababio-Donkor et al.,
2020). These findings in literature lead to the choice of indicators pre-
sented in Section 3.

In accordance with the comprehensive approach described in
Section 1, we derive methods from multiple directions of urban trans-
port research in order to quantify the indicators described above. During
the field research for this study, four different focus areas or levels in
urban transport analysis were identified (Fig. 1).

There is an individual level where the behavior of transport mode
users is investigated and modelled. This can be done by examining the
aspects that influence people’s mode choice, or by predicting behav-
ior and travel demand. Measurement data and new AI methods (Nam
& Cho, 2020) are used to make predictions. Most recent papers try to
assess and analyze the effects of travel behavior by examining the fac-
tors that influence people’s mode choice (Kim et al., 2017; Li et al.,
2020; Witchayaphong et al., 2020). With information about origin and
destination, routing algorithms can create trips for different transport
modes with specific priorities (shortest, fastest, eco-friendliest, etc.). Re-
cent studies focus on routing in combination with new mobility trends
such as ridesharing (Yu et al., 2021) and Maa$S (Georgakis et al., 2019),
as well as sustainability and emissions reduction (Tirkolaee et al., 2018).

At the spatial level, infrastructural information and inputs from
the individual level are used to simulate traffic flows (agent-based)
or accessibilities within a city. Accessibility analyses for specific ar-
eas and transport modes (Biittner et al., 2018; Pajares, 2021) can be
used for transportation network design, management and city planning
(Biittner et al., 2018; Di et al., 2018). New approaches also consider
user perception in accessibility measurements (Littman et al., 2018)
to create more realistic results and precise recommendations for net-
work design. Agent-based simulations can model the actions and inter-
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Table 2

Overview of transport modes, vehicle segments, and propulsion types included.
Criteria Characteristics
Private vehicles Cars Motorcycle! Motorized scooters' Bicycles Pedelecs E-scooters
Public services Taxi Ride-hailing  Car sharing® Bike sharing E-scooter sharing ~ Public transport
Car segments Small car ~ Medium car Large car Small SUV

Propulsion types for cars  Gasoline Diesel

Electric (BEV*)

Hybrid® (charged) Hybrid® (empty) Fuel cell (FCEV®)

1 (electric / gasoline)

2 free-floating (FF) and station-based (SB)
3 Plug-in hybrid (PHEV)

4 Battery Electric Vehicle

5 Fuel Cell Electric Vehicle

actions of transport mode users on a spatial scale. This delivers very
detailed results on traffic performance and users’ travel behavior for
a specific city (Martinez et al., 2017) or mobility service (Liyanage &
Dia, 2020).

Urban transport is analyzed on a more abstract level when com-
ing from a planning perspective. Here, outputs from the spatial and
individual analysis are used to create or assess indicators, measures
and recommendations for mobility and city planning efforts. A popu-
lar measure undertaken in urban transport management is the imple-
mentation of pricing policies (Fowri & Seyedabrishami, 2020). Foster-
ing sustainable mobility is another common scope. Before correspond-
ing steps can be taken, indicators for sustainable urban transport sys-
tems must be investigated (Buzasi & Csete, 2015). Another more abstract
method to work out decisions and measures for sustainable transport is
the usage of multi-criteria-decision-making models (Kizielewicz & Do-
bryakova, 2020; Satabun, Palczewski, & Watrdbski, 2019; Zapolskyté
et al., 2020).

Finally, the transport mode-specific level considers models that de-
scribe the technical properties of machines and services used for trans-
port. Their technical and economic characteristics are summarized for
cost, energy consumption, and emission models (life cycle (Mitropoulos
& Prevedouros, 2015)). Costs can be analyzed in different ways such
as total-cost-of-ownership (Mitropoulos et al., 2017), life-cycle costs
(Qiao et al., 2020), and service pricing, depending on the transport mode
and scope of the study.

Fig. 1 shows the aspects examined by this study (in bold) by putting
them in the general context of transport research. The field investigat-
ing individual user behavior provides fundamental insights when iden-
tifying significant indicators that allow an objective assessment of dif-
ferent well-established or emerging mobility options. In order to quan-
tify those indicators, different techniques of spatial mobility analysis
are applied. Origin-destination (OD) matrices are processed by rout-
ing algorithms for different transport modes. The obtained results, like
travel time or distance, are subsequently extended through the combi-
nation of cost and emission models partially derived from mode spe-
cific research approaches. Finally, using elements from planning level
concepts, concrete measures and recommendations can be formulated
(Section 5). By combining approaches from all of the identified research
areas described above, this paper presents a novel, comprehensive view
on mobility analysis. However, the specific approaches used in this pa-
per only constitute a limited subset of their respective field. The main
contribution of this work lies in the development of a framework that
takes major parameters of urban mobility into account and allows for
the derivation of specific recommendations backed up by numerical
indicators.

Although preceding studies achieve assessments of specific modes
of transport based on methodologies of their respective research field,
the preceding section substantiates a need for a comprehensive anal-
ysis that combines multiple approaches and produces results that are
directly comparable and transferable to city planning. This leads to the
research question of the present study: How can the full travel costs of
private and public means of transport be uniformly compared with the
goal of deriving a pricing system for sustainable and efficient mobility?

Start

Input of simulation
parameters

]
Generation of coordinate pairs
(=trips)
:

[ Tripl...n ]
]

Interface query &
routing
‘ -

- Spatial model

Calculation of key figures -  Cost model

T .

Visualization

End

Fig. 2. Simplified program sequence of the spatial and cost model.

The hypothesis of the paper claims that the method presented can fulfill
the research question and offer an adequate comparison of travel costs
between public and private transport modes.

3. Methodology and data

This study harnesses two approaches of assessing transport modes.
First, the spatial aspects of trips are analyzed for specific transport
modes (spatial model). Subsequently, costs, emissions, and external
costs are calculated for all transport modes (cost model). Both are com-
bined within one comprehensive model. The simplified program se-
quence is shown in Fig. 2.

3.1. Transport modes in Munich

Transport modes covered in this study can be divided into three cat-
egories:

e Privately owned vehicles
e Public mobility services
¢ Walking
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Table 3

List of APIs used in this paper.
Provider Information used Source
MVG Route planning, estimation of travel time, identification of tariff zone of start and end location ~ (Schneider, 2021)
Flinkster Location of the closest rental vehicle (DB Connect GmbH 2021)
Call a Bike Location of the closest rental vehicle (DB Connect GmbH 2021)
Tier Location of all available rental vehicles within a given radius (TIER Mobility GmbH 2021)
Emmy Location of the closest rental vehicle (Cornelius Miiller 2020)
Google Maps ~ Route planning / Travel time estimation including traffic (Google LLC 2021)

Legend for trip types:
: commute in
: commute out
: regional
: city

: inner city

- Munich

Center

N

OQ>enStreétMaQ contributors

Fig. 3. Munich area with city districts and definition of trip types; map tile from openstreetmap.org (OSM 2021).

All transport modes, vehicle segments and propulsion types included
in the model (Section 3.2 and 3.3) are available within the city of Mu-
nich and summarized in Table 2. Cars are categorized into the bestselling
vehicle segments in Germany (Statista GmbH 2021). Different consumer
behavior was added for plug-in hybrids (charged and empty battery) due
to the significant difference in costs and emissions (Chakraborty et al.,
2020).

In Order to obtain information on e.g. public transport schedules or
pricing or positions of shared vehicles and public mobility services, APIs
were utilized. Table 3 lists the APIs used in this paper and summarizes
their respective usage within the analysis.

Access with documentation was provided for all listed APIs, and sub-
stantially contributed to the calculation method (Section 3.3) and trans-
port mode comparisons (Section 4). However, access to the API of float-
ing car sharing providers (e.g. ShareNow) was not available.

3.2. Spatial model

A spatial simulation model was developed in order to compare pri-
vate vehicles with public mobility services. The goal of the spatial model
is to calculate the distance and duration for trips between arbitrary geo-
graphic points in the region of Munich. APIs from different mobility ser-
vice providers (Table 3) are combined with OTP (Marcus Young 2021).
For the analysis, 5.000 coordinate pairs are randomly generated and
classified into trip types according to Fig. 3 based on the location of
the start and destination points, resulting in slightly different numbers

for each trip type. The number of trips is greater than 500 for all trip
types, so that the significance of the statements is constant and the re-
quired minimum sample size is always exceeded, while ensuring that
the required computational effort does not exceed the capacity of com-
mon hardware. The minimum sample size is calculated in the case of
an infinite population, as represented by the trips within an urban area,
according to the equation presented by Mossig in (Mossig, 2021).

n=z2. 20 )
&

The minimum required sample size n is therefore 385 for a safety
probability Z of 95% and a tolerated error ¢ of 5% and is thus clearly
exceeded for all trip types. The actual mean value of the population P
is unknown in the present case and is assumed to be 0.5, which means
that the product P - Q is maximized (Q = 1 — P) and thus the worst case
is assumed (Mossig, 2021).

An arbitrary daytime between 8 am and 6 pm during weekdays is
set for each trip (Table 4). During that time period, the PT plan is most
consistent and unrealistic waiting times are avoided. Random times of
day with a high number of samples are chosen to equalize the advan-
tages and disadvantages of schedule-dependent transport modes. Trips
by cars, bicycle, and on foot are directly routed by OTP using the A*-
algorithm with Euclidean heuristics, and the results are received via
HTTP-query (Barbeau et al., 2020). For sharing service providers such as
Flinkster (car-sharing station-based), Call a Bike (bike sharing), Emmy
(scooter sharing) and Tier (e-scooter sharing), the position of the near-
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Table 4
Query start time.

Program sequence  Weekday Date Time of day CET
Sequence 1 Monday 2020-04-20  2:43 pm
Sequence 2 Monday 2020-04-20 5:22 pm
Sequence 3 Tuesday 2020-04-21 5:18 pm
Sequence 4 Wednesday 2020-04-22 1:06 pm
Sequence 5 Thursday 2020-04-23  8:36 am
Sequence 6 Thursday 2020-04-23  9:04 am

est vehicle must first be determined. Subsequently, the trip is composed
of walking to the vehicle and driving to the destination, and both again
routed by OTP. E-scooter trips are approximated by bike rides with walk-
ing to the scooter first and adapted average speeds (Konig et al., 2021).
The routes for public transport can be queried directly over the API us-
ing the MVG app (Munich’s PT provider).

All API data is only available for the moment of the query, historical
data cannot be obtained. In this study, API data is queried once per trip.
The exact time slots of the program sequence start time with a lead time
of around two hours are listed in Table 4.

For each sequence around 200 to 800 trips were queried. The trip
queries are separated in order to cover different times of day and week-
days for the analysis. In the second step, the data is cleaned from erro-
neous values. A common method in data mining is to remove the trips
for which at least one API does not produce a result (Runkler, 2015).
This occurs, for example, when the randomly generated coordinates are
located in poorly accessible places such as forests. Around 500 trips were
eliminated according to this method.

The model configurations and results are restricted to the area of
Munich shown in Fig. 3. Different trip types and three zones with con-
centric circles around the geographical center of Munich (Northern
Tower of Frauenkirche) (Statistisches Amt Miinchen und Landeshaupt-
stadt Miinchen, 2021) have been defined. The first zone has a radius of
2.5 km and defines the center of Munich. The radius was chosen to rep-
resent an area where all sharing services are available. The inner area
with a radius of 5 km approximates to MVG zone M with constant pricing
for public transport tickets. For the outer area, a radius of 25 km was
chosen, because the majority (82%) of commuters resides within the
specified area (Statistisches Bundesamt. Berufspendler - Erwerbstitige
nach Stellung im Beruf, 2021). Trip type “commute in” describes com-
muting trips from the outer area to the inner area, trip type “commute
out” the opposite direction. Trip type “regional” includes all trips within
the outer area, trip type “city” within the inner area, and trip type “inner
city” within the center. In addition, compass directions (given by OTP)
for each calculated trip are saved in the result dataset.

After the distances and durations for all trips and transport modes
have been calculated, these values are given to the cost model to calcu-
late costs and emissions for these trips (Section 3.3). Spatial model out-
puts are the linear distance Dy;,.,,, traveled distance D, ,.q and travel
time T}, ve1c4 Which, at the same time, represent inputs for the cost model.

3.3. Cost model

To assess and compare different transport modes regarding con-
sumer costs, emissions and external costs, a model for these indicators
was developed. All input parameters for the model were gathered from
(Konig et al., 2021).

In the context of this study, two different cost types are defined.
Firstly, consumer-facing costs include all costs directly passed on to
the user of the transport mode. For services and public transport, these
are defined by the prices a costumer has to pay. For private vehicles,
consumer-facing costs are defined by the total cost of ownership (TCO).
Secondly, external and social costs describe all costs that are caused by
the usage of the specific transport mode. This includes, for example, pro-
duction costs, costs by environmental damage, costs in the health care
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system due to accidents or noise, costs by land usage and many more
factors. The detailed definition and determination of parameter in the
field of external costs will be objective of future studies. The actual cal-
culation of the two types of costs is explained in detail in the following
paragraph.

The model for consumer-facing costs can be divided into two differ-
ent approaches. For privately-owned vehicles a total-cost-of-ownership
(TCO) approach with cost factors according to German regulatory frame-
works, and for mobility services a price-based approach depending on
the provider price model is chosen. The total costs-of-ownership for a
trip of a privately-owned vehicle is calculated using the following equa-
tion

Crco.ij = Diraveled

( Cdepreciation + Ctax + CT4V + Ctires * Crepair * Cinspection + Ceare + Cinsurance + Cpark
D,

+ Cenergy )

(@)

‘annual

using i €= {5, 10, 15} thousand kilometers annual mileage for cars and
j €=1{1,2,5} thousand kilometers annual mileage for other vehicles
(scooter, bicycle, etc.). The energy costs per kilometer,
Cenergy = % - Cruel 3
are dependent on the average fuel or electric energy consumption f,
and the average fuel or electric energy costs Cy,. Considering the com-
plex tariff structure, public transport costs were calculated assuming two
opposing usage patterns, single tickets and a subscription (“Isar Card
Abo”). Single ticket prices were directly queried from the MVG API while
per-trip-prices in case of a subscription are calculated under the assump-
tion that the ticket is used on 20 days per month and two times per day,
which resembles commuting. Ridesharing service costs, as well as ride-
hailing and taxi costs, were calculated according to the provider’s price
model. These cost models are summarized in (Konig et al., 2021) and
adapted to the presented cost model. For the calculations of final travel
costs of each trip Cyyice, minimum prices C,;,, base prices Cy,., price
per travel time Cr . and price per travel distance Cp, . are considered
using

ervice = {crale = Cbase + D(mve]ed . CDirale + Tlmve]ed . CTira(e; v Cmin < Cra(e} (4)

Coin’ V¥ Cin > C,

min> mj rate

according to the mobility service provider’s specific price rates. For the
calculation of emissions per kilometer, well-to-tank emissions,

€02y, = Dypea- L2 .02, ®
and tank-to-wheel emissions,

CO2y, = Dypyeted * % "CO2, (6)
as well as total emissions,

C02,,, = CO2,, +CO2,, o)

are considered depending on the energy consumption of the specific
vehicle. External costs for a trip,

C,

external —

D,

traveled ~ “ext,lit (8)

depend on literature values summarized in (Konig et al.,, 2021).
Emissions and external costs for taxis and ride-hailing services have
to be adapted due to an additional percentage of empty rides
(Komanduri et al., 2018; Wittmann et al., 2020). Life-cycle emissions
for production and recycling are not included but will be further inves-
tigated in subsequent studies. CO, emissions per kilometer for public
transport are taken directly from an analysis by the municipality of Mu-
nich (Landeshauptstadt Miinchen, 2021).

For simplification purposes, the following assumptions are made.
OTP can route a limited number of transport modes: cars, bicycles and
walking. To represent a more realistic routing for additional transport
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Fig. 4. Data set overview with selected result dimensions.

modes such as pedelecs and e-scooter, the average speed for cycling as-
sumed by OTP was adjusted to more realistic speed values (Konig et al.,
2021). For car sharing, e-hailing and taxi emission calculations, the
equivalent emissions of a medium car with a gasoline powertrain were
assumed.

4. Results

To comprehend the full extent of the results, an overview of
the dataset created by the described model (Section 3) is given in
Section 4.1. After that, the data is further analyzed regarding questions
that address social, industrial and political challenges and opportunities.

4.1. Data set overview

The data set has the following characteristics:
Fig. 4 visualizes a part of the data set by plotting key results against each
other. Linear dependencies between costs, emissions and traveled dis-
tance are illustrated. A significant spread in the results between costs,
emissions and linear distance is observed, especially for public trans-
port (PT) and sharing services. This is due to the fact, that walking dis-
tances to shared vehicles and PT stations as well as waiting times at
the stations are taken into account and vary significantly for each trip.

Table 5

Data set characteristics.
Characteristics
Number of trips Nyips = 4500
Number of trip types Nigpes =5
Number of transport modes Nians = 13
Linear distance, longest trip Dy, = 40.5 km
Linear distance, shortest trip Dgyore = 100 m

Number of result dimensions N, = 11

This provides an opportunity to draw conclusions regarding optimal ge-
ographical conditions and mode choice. The calculation method chosen
causes the linear dependency between distance traveled and costs, emis-
sions and external costs for private vehicles and all non-sharing services.
The second box on the bottom of Fig. 4 shows the correlation between
travelled and linear distance of all calculated trips. The trips or points
are shown in different colors for each transportation mode listed in the
legend on the right side. Public transport in dark grey on the left side of
the graph indicates the most direct correlation between linear and trav-
elled distance. On the other side, station based car-sharing in orange
points out a very spreaded correlation between linear and travelled dis-
tance due to the additional travel distances to the car sharing stations in
combination with the low density of stations within the city and region.

4.2. Data analysis

The data set presented offers a numerous different analysis options
and shows the implications for transportation system stakeholders. Due
to the possibility of comparing privately-owned vehicles with public mo-
bility services of all kinds, highly diverse and informative graphs can be
created. In the following section, a variety of topics such as shared mo-
bility, micromobility, sustainable transport, vehicle propulsion systems
and external costs are analyzed. This variety represents the added value
of this method, which will be further discussed in Section 5.

The first case examined deals with a comparison of monetary costs
for private and shared vehicles. A prominent question in this case is:
Does it makes sense to buy a car, or just use new sharing services? This
depends strongly on the annual mileage traveled and the region in which
one resides (Fig. 5).

The graphs in Fig. 5 show that sharing services for outer regions (trip
type regional) with longer distances are more cost-efficient than inner-
city trips (trip type inner city), especially in comparison to private vehi-
cles. However, the difference in average trip duration between private
vehicles and sharing services increases significantly for regional trips
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Fig. 5. Comparison of privately-owned vehicles and sharing services (car segment small SUV and holding period of 5 years for all private vehicles).

due to the lower coverage of sharing vehicles and stations in outer re-
gions. Free-floating car sharing is more cost-efficient than station-based
services in the city area. For outer regions the costs deviate less. How-
ever, car sharing performs significantly worse compared to the other
modes in regards of total travel times. This is due to the additional time
needed to reach the vehicle, which is assumed to be done on foot in this
study. Better coverage or other sharing systems (which were not con-
sidered in this study due to unavailability of data) could mitigate the
observed effect. Compared to gasoline propulsion, electric propulsion
becomes more cost-efficient the lower the trip distance and the higher
the annual mileage. The break-even point for buying a car in the in-
ner city (trip type inner city) is at around 4500 km annual mileage,
and around 300 km for a motorized scooter. In the city area (trip type
city), it is around 6000 km for cars. Below these minimum total travel
distances, it is more cost-efficient to use sharing services than invest in
privately-owned vehicles.

Another common question regarding micromobility options in the
city area is: When should I use a bike or an e-scooter for my trips, and
should I buy one for myself (Fig. 6)?

Looking at the micro and active mobility options, all of these options
can compete with cars in the inner-city area (trip type inner city) in
terms of average duration. Pedelecs and e-scooters can even compete
with cars in the outer city (trip type city), but all of these options become
less worthwile for longer trips in the regional area (trip type regional).
For low annual mileages below 5000 km per year it is more cost-efficient
to use an e-scooter sharing service than a private car for trips within the
city area. The break-even point for buying a bike or e-scooter is below 50
km per year. Above that limit, it is more cost-efficient for an individual
to buy a bike or e-scooter.

Environmental sustainability is becoming more important for private
users as well as industrial and political stakeholders, and CO, emissions
are one of the key indicators for sustainable transportation (Buzasi &
Csete, 2015). In Fig. 7, the CO, emissions for well-to-tank and tank-to-
wheel are aggregated and ranked for various transport modes in 2020.

CO, emissions for active and micromobility options are the low-
est. Due to the current EU energy mix (European Environment Agency
2021), electric vehicles are less sustainable in terms of CO, emissions
than public transport, but comparable to motorized scooters with gaso-
line propulsion systems. Individual and privately-owned mobility op-
tions with high percentages of tank-to-wheel emissions have the highest
CO, emissions in total. In particular, hailing services such as e-hailing
and taxis emit the most CO, due to the empty rides that are needed to
operate these services. 59% more rides for e-hailing (Komanduri et al.,
2018) and around 80% more rides for taxis (Wittmann et al., 2020) are
expected per occupied ride.

The urban mobility market is undergoing disruption by services. This
is why conventional public transport providers and taxi companies are
competing with new services such as e-hailing and any kind of sharing
service. Fig. 8 shows the competitiveness of the services in the specific
region.

It is clear that among hailing services, e-hailing (Uber, FreeNow,
etc.) is significantly more cost-efficient than conventional taxi services.
Comparing only sharing services requiring a street license and reach-
ing speeds above 40 km/h, scooter sharing (e.g. Emmy) has the lowest
costs for inner-city use. In the outer city area, however, all three ser-
vices incur about the same costs for consumers. E-Scooter sharing (Tier,
etc.) has higher consumer-facing costs than bike sharing for all regions,
but is more cost-efficient than public transport in the inner city. In the
outer city and regional areas, conventional public transport is the most
efficient transport mode of all public services.

In addition to new mobility services, conventional car manufactur-
ers have to adapt to changing emissions limits, and must choose more
sustainable and cost-efficient propulsion types. Fig. 9 compares the CO,
emissions and TCO for different vehicle segments and propulsion types.
BEVs have by far the lowest CO, emissions compared to all other propul-
sion types, while gasoline car segments have the highest emissions in
terms of CO,. Comparing that to the total cost of ownership for vehi-
cles with these propulsion types, BEVs are only slightly more expensive
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Fig. 10. Modal share and external costs per km in Munich.

than gasoline or diesel cars. Both CO, emissions and TCO increase with
vehicle size. Large gasoline cars emit around 30% more CO, than small
gasoline cars, and around 300% more than small BEVs. In TCO terms,
small BEVs are already cheaper than small gasoline cars in Germany
due to the significant environmental subsidy program of the German
government, though larger BEVs are more expensive than their gaso-
line equivalents. Electric scooter emissions are a quarter of small BEV
emissions.

Political decision-makers try to act in the best interest of society. Due
to the complexity of society these decisions cannot be made based on
single factors such as costs or emissions. For this case, a new dimen-
sion is introduced to represent costs for the society (Konig et al., 2021).
These costs are hereinafter called “external costs”. Fig. 10 shows the mo-
bility behavior of citizens in Munich’s metropolitan region, and which
transport modes are responsible for most external costs.

Figure 10 visualizes the percentage of consumer-facing-costs, CO,
emissions, and external costs calculated by the presented model based
on the modal split of trips being taken in the Munich area (Follmer &
Belz, 2017). It can be seen that only 56% of all trips are taken by cars,
but these cause 85% of consumer-facing costs, 81% of CO, emissions,
and 75% of all external costs. The right-hand portion of the graph shows
the external costs per km linear distance, which were multiplied with
the modal shares for Munich to show the average external costs caused
by a one-kilometer linear distance traveled for each transport mode. For
each kilometer traveled, cars produce around 10.5 cents of social costs,
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while PT produces 2 cents. Biking and walking can only reduce these
costs by around 2 cents, due to the positive health and environmental
effects.

Fig. 11 shows the difference between distance traveled and linear
distance. It can be seen that walking trips have the most direct con-
nection, while sharing services have the most inefficient routing due
to detours to free vehicles or stations. The PT network in the city is
quite dense, and can accomplish more direct routes than cars. How-
ever, in the outer region, the difference between PT and car routes is
smaller.

5. Discussion

The following discussion includes interpretations of results, recom-
mendations for mobility stakeholders and a critical discussion of method
and results.

5.1. Interpretation of results and recommendations

In the following section, the results obtained (Section 4.2) are dis-
cussed and interpreted. Also, specific recommendations are drafted for
actions in the specific areas of society, industry, and political sphere.

For citizens living in the city of Munich some basic recommenda-
tions regarding the usage of sharing services can be made (Figs. 5, 6, 8).
Sharing services could be used for trips longer than 2 km within the city
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region, but not in the outer region due to the low coverage. The pre-
sented method can indicate recommendations for the minimum annual
mileage above which buying a car is cost efficient. The results show,
that an annual mileage of around 5.000 km or higher is recommended
in order to buy a car. Another learning from the results is that buying
an electric vehicle is more cost-efficient than a gasoline-driven vehicle
for a total of around more than 15.000 km per year. Bike and e-scooter
sharing is recommended for touristic or short visits only, otherwise, the
annual mileage of 50 km per year will be exceeded and a private ve-
hicle would be more cost-efficient. Other convenience aspects such as
free parking and leaving sharing vehicles at arbitrary places can raise
the reasonable annual mileage for bike or e-scooter sharing.

To be environmentally sustainable in terms of CO, emissions, cit-
izens of Munich could use active and micromobility for short trips in
the inner-city area, and can save more than 90% emissions compared
to gasoline-powered cars (Fig. 7) without losing time on their trips. If
weather conditions are bad or other circumstances exclude these op-
tions, public transport could be used, and up to 75% of emissions can
be saved compared to gasoline cars (Fig. 7). For sustainable transport
also offering individual usage and a higher comfort level, electric ve-
hicles are recommended, saving around 60% of emissions compared to
gasoline cars (Fig. 7).

New mobility services have to compete with conventional services
and competitors within their own markets. To be successful, the follow-
ing recommendations can be made. Due to the high consumer-facing
costs compared to other options, taxis must become at least 30% more
cost-efficient to be able to compete with e-hailing services. This is possi-
ble by reducing the number of taxis and using more efficient fleet man-
agement strategies (Wittmann et al., 2020). Sharing services in general
have to find the best trade-off between coverage in outer regions and
utilization or profitability of the services. The method presented in this
study can optimize these regional and cost aspects by implementing syn-
thetic sharing vehicle distributions instead of using the API and evalu-
ating each combination. Station-based car sharing could focus more on
outer regions and leave business in the inner city to free-floating ser-
vices, due to the detours to stations necessary for short trips in the city
center. Also, the ratio of distance traveled to linear trip distance is high
for station-based car sharing in the city area (Fig. 11). Public transport
is most cost-efficient for longer trips, but expensive compared to other
options for shorter trips. The PT provider in Munich could offer lower
prices for short trip tickets and establish a new ticket price section for
mid-range trips within the M Zone area (Fig. 8).
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The recommendations for the automotive industry derived from the
results presented above all point into one direction: Investment in BEV
technology. Smaller cars or electric scooters are preferable for the city
area due to their low emissions and costs. FCEVs are currently too ex-
pensive for private ownership and are not competitive. PHEVs could be
considered as a transition technology for short-term or specific use cases
with longer trip distances (e.g. vacation). In the long run, electric vehi-
cles will account for the majority of individual transport in metropolitan
areas.

To reduce social costs, an increase in investment in active mobility is
needed. This could include several different measures such as improv-
ing cycling paths, banning cars from specific streets or districts, and
many more (Nieuwenhuijsen & Khreis, 2016; Sallis et al., 2016). Ad-
ditionally, external costs of cars and PT must be reduced at the same
time as reducing the percentage of car trips in general. In other Eu-
ropean cities such as Copenhagen, the city government provides more
support for active mobility, which leads to lower costs for society as a
whole (Fig. 12). Compared to Munich, Copenhagen has a substantially
different city structure, history, culture, industry and many other fac-
tors which lead to a different traffic system and modal share. However,
Copenhagen was chosen as one case example in order to demonstrate
the impact of modal share on external costs.

Copenhagen has around 20% fewer car rides, around 25% more cy-
cling and around 15% more walking trips than Munich (City of Copen-
hagen 2021), and thereby achieves significant negative external costs
per km traveled (detours are not considered because the model including
routing only works for Munich so far). External cost values are based on
a cost-benefit-analysis where negative external costs represent positive
effects on society and thereby a reduction of costs for society. Copen-
hagen is a smaller city with less population, so it is easier to walk short
distances within the city. However, the exemplary calculation shows
that it does not need much change in the modal split to at least equalize
the external costs to zero.

5.2. Limitations of method and results

The presented method achieves a comprehensive assessment of di-
verse mobility options in terms of manifold research directions. How-
ever, due to the complexity of the topic, simplifications and assumptions
possibly distorting the results had to be made. Those are discussed in the
following section. Results for free-floating car-sharing are not accurate
because of the missing API access, and thus missing position of available
vehicles. In addition, motorized scooter trip duration and distance are
approximated by the values used for cars, which is mostly accurate for
inner-city streets but not for regional roads and highways. External costs
are generalized and must be approximated by categories such as car, bi-
cycle, walking and public transport. The external cost issue and other
areas for improvement will be further investigated in future studies to
optimize the model shown.

On the other hand, the evaluation of existing data offers further po-
tential. For example, the spatial and geographical information (GPS co-
ordinates) of the trips can offer more information that can be analyzed
accordingly (e.g. distance to next PT station, distance and walking dura-
tion to next sharing vehicle, etc.). Another option is a higher resolution
of the chosen zones, compass directions, and trip types, which would of-
fer a more detailed analysis of the city infrastructure and traffic network.
Additionally, only multimodal but not intermodal trips are considered
in this study. A combination of different transport modes for one trip
has not been taken into account yet, except for the combination with
walking when using public transport or sharing services.

A critical aspect of this method is the use of randomly generated
coordinates. It can only reflect the current status of the urban transport
system but is not able to make any statements about the travel demand of
citizens in that area. Many results of infrastructural impacts are based on
the urban settlement structure and the historically developed land use
of a region. However, the presented method provides the opportunity
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of using OD matrices for real trips that were made by citizens in that
area. This can reflect the actual travel demand, making more accurate
analyses possible. The necessary data can be extracted from popular
German mobility surveys (BMVI 2021; infas Institut, DLR, IVT Research
2021) and will be investigated in future studies.

This method already offers several strengths and aspects that are not
included in other studies. The exact OTP routing in this model gives
the difference between distance traveled and linear trip distance, which
is an important aspect for comparing different transport modes. It in-
creases the accuracy of the calculations and offers high comparability
for potential interpretations. In particular, the possibility of cost compar-
isons between the performance of public mobility services and private
vehicles is the leading cause for the significance of this method. Another
advantage is the inclusion of spatial aspects such as trip type, compass
direction or regional zones which gives the opportunity to draw con-
clusions about the local infrastructure and transport network. Finally,
the large amount of data offers a high level of accuracy for general
statements about the transport system of a whole region such as the
Munich metropolitan area. Therefore, despite yielding limitations, the
presented method can offer the claimed comparison of travel costs for
private and public transport modes and thus give valuable information
for consumers to either stay with their private vehicle or shift to public
services.

6. Conclusions

In this study, the unique approach of combining a spatial mobility
model with a cost model was taken. The spatial model calculates dis-
tance and duration of random trips using the OTP routing algorithm and
other APIs, whereas the cost model calculates total-costs-of-ownership
for privately owned vehicles and service prices for public mobility op-
tions as well as emissions and external costs for all trips created in the
spatial model. The combination of both models generates a multidimen-
sional dataset that can be analyzed for the mobility stakeholder inter-
ests of society, industry, and political actors. The main results of the
data show that sharing services are a viable solution for users with low
annual mileages, and that society and industry could invest in electric
propulsion systems to produce and use sustainable mobility products.
In order to not only consider environment-friendly mobility but also
reduce the external or social costs of mobility, municipalities could in-
crease the share of active mobility such as cycling and walking within
cities by investing in infrastructure improvements. In addition to the re-
sults described and interpreted in Section 4 and 5, this approach offers
several other advantages and uses:
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The trade-off between occupation and availability of vehicles or sta-
tions of sharing services for outer regions can be optimized by using
this tool with minor adaptions.

By adapting input parameters for the cost model, forecasts and future
scenarios can be analyzed and used for strategic decisions or invest-
ment made by industry or municipalities. At the same time, “What-if
scenarios” can be investigated and prepared for future strategies.
The same approach can be used for cities other than Munich to com-
pare these cities and benchmark different mobility measures (in e.g.
infrastructure and cost reduction).

In general, a high utilization for measures in society, industry and
politics is possible due to the high accuracy and comparability as
well as comprehensive view of the results for all transport modes in
urban mobility

Ultimately, this study is used to generate transparency towards cit-
izens in cooperation with municipalities and transport associations in
the Munich metropolitan area. Furthermore, the interdependencies in
the model translate guidance principles and strategies into suggested
incentives for specific transport modes. This relationship will be used
for a new pricing concept for all transport modes within Munich that is
implemented in a Mobility-as-a-Service (MaaS) platform. Future studies
will concentrate on the conception of such pricing models and a prin-
ciple guided MaaS platform. Additionally, a further analysis of external
costs is recommended in order to identify the different influence factors
on external costs and more reliable external cost parameters.
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Formula directory
Cepreciation: Annual depreciation costs in € for a newly acquired vehi-

cle with a holding period of 5 years and a decline in value proportional
to the annual mileage (Konig et al., 2021)
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Cenergy® Average energy costs in € per kilometer
Cexternal: EXternal costs in € per trip
Cexic: Literature values for external costs in € per kilometer summa-

rized in (Konig et al., 2021)

Crueit Average fuel or electric energy costs in € per liter, kWh or kg
(Konig et al., 2021)

Cinspection: Average annual costs in € for vehicle insurance

(Konig et al., 2021)

Cpark: Average annual costs in € for parking (Konig et al., 2021)

Chrepair: Average annual costs in € for repair services (Konig et al.,
2021)

C,,x: Annual taxation costs in € depending on vehicle segment and
propulsion type (Konig et al., 2021)

Ciires: Average annual costs in € for tires (Konig et al., 2021)

Crco i j: TCO per trip in € with i = 5/10/15 thousand kilometers an-
nual mileage for cars and j = 1/2/5 thousand kilometers annual mileage
for other vehicles (scooter, bicycle, etc.)

Cr4v: Average annual costs in € for TUV (German regulatory author-
ity for road vehicles) (Konig et al., 2021)

CO02,,44: CO, emissions for the production of fuel and electric energy
in gram per liter, kWh or kg (Konig et al., 2021; Lienkamp et al., 2021)

CO2,,: Total CO, emissions per trip in gram

CO02,,,: Tank-to-wheel CO, emissions per trip in gram

CO2,,,: CO, emissions for the combustion in the vehicle in gram per
liter (Konig et al., 2021; Lienkamp et al., 2021)

CO02,,: Well-to-tank CO, emissions per trip in gram

Seons: Average fuel or electric energy consumption in liter, kWh or
kg per 100 km (Konig et al., 2021)

P: Actual mean value of the population

Q:1-P

D,nuat: Annual mileage in kilometers

Djjpeqr: Linear distance for each transport mode

D, avereat Traveled distance for each transport mode

Tiraveled: Travel time for each transport mode

Z: Safety probability in %

e: Tolerated error in %
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