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ABSTRACT

Climate changes, declining inventories of fossil fuels, high space requirements, noise
emission and congestion are only a few reasons why conventional cars are in discussion as
individual means of transportation in cities. Bikes receive increasing attention in city
transportation, mainly because they reach areas in cities that do not have direct access to
public transport. Furthermore they do not contribute to congestion or pollution of the
environment. The implementation of information systems in traditional bike renting leads to
bike-sharing systems providing easy and quick city wide access. Thus, bike-sharing systems
have rapidly emerged in major cities all over the world in recent years.

The planning and operations of such systems receive attention in academia as well as in
practice. However, scientific literature in this field is still rather scarce. Recent articles focus
on mainly practical advises. Some analyze bike-sharing data to get insights into customer
behavior and for predicting the future number of rentals. A common issue observed in
modern bike-sharing systems is imbalance in the spatial distribution of bikes over time
caused by one-way use and short hiring times of bikes. The availability of bikes (= probability
of successful bike rental) decreases nonlinearly with the number of requesting customers in
the system. The active repositioning of bikes to stations of potential customer requests
supports the objective of maximizing the availability of service.

Spatiotemporal modeling of repositioning activities for bike-sharing systems is a complex
decision support task, which involves extensive data analysis or customer surveys to
determine bike demand at stations and creating a suitable optimization model. In the first
instance we refrain from building a spatial model. This contribution assesses the prospects of
operational repositioning services by means of an aggregate feedback loop model. Therefore
we adopt the approach of Karmarkar in the field of capacitated production planning.
Karmarkar has developed a nonlinear “clearing function” in order to model the output of a
production system as a function of the average work-in-process. We adopt this clearing
function to model the probability of successful rentals under a certain number of requesting
users in the system. The clearing function also contains a parameter modeling the benefit of
the repositioning effort with respect to the probability of a successful bike rental. This function
is engaged in a system dynamics model which allows insight in the dynamics resulting from
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different levels of repositioning activities. First a causal diagram is built to depict the general
interdependencies of the bike-sharing business model. Second an inventory and flow
representation is used to simulate the impact on the corporate performance of bike-sharing
systems under different effort spent on repositioning of bikes.

The findings from this model motivate repositioning activities in bike-sharing systems and
can be used to determine a reasonable effort spent on repositioning. Results for different
levels of repositioning effort are discussed.

Keywords: bike-sharing systems, repositioning activities, system dynamics
1 MOTIVATION

Climate changes, declining inventories of fossil fuels, high space requirements, noise
emission and congestion are only a few reasons why conventional cars are in discussion as
individual means of transportation in cities. Moreover cars are not considered as status
symbols by younger generations and parts of urban population any more (Canzler 2009).
Bikes receive increasing attention in city transportation, mainly because they “provide the
missing link between existing points of public transportation and desired destinations”
(Midgley 2009). Furthermore they do not contribute to congestion or pollution of the
environment. Comparing to other modes of transportation, bikes also have drawbacks. Using
a bike as means of transportation depends on weather and topography of a city. Furthermore
bikes are predominantly suitable for short trips (DeMaio 2004). The introduction of
information systems supporting the provision of bike-services leads to modern bike-sharing
systems (BSS) that stand out due to easy and quick city wide access (Buhrmann 2008).
Aims of cities implementing BSS are to encourage the use of bikes instead of cars for inner-
city trips, increase mobility choices, improve air quality and reduce congestion (Midgley
2009). According to DeMaio (2009b), BSS increase “bike mode share between 1.0 - 1.5
percent in cities with pre-existing low cycling use”. This underlines that BSS have a
noticeable impact on the urban mobility. Thus, BSS have rapidly emerged in major cities all
over the world in recent years. Examples for successfully implemented systems are given in
the next section.

The planning and operations of such systems receive attention in academia as well as in
practice. However, scientific literature in this field is still rather scarce. The majority of articles
focus on mainly practical advises. Some analyze BSS data to get insights into customer
behavior and for predicting future number of rentals. This article describes the history of BSS
and their operation (Section 2). A common issue observed in BSS is imbalances in the
spatial distribution of bikes over time due to one-way use and short hiring times of bikes.
Therefore we describe causes of imbalances and measures to overcome these imbalances,
e.g. active repositioning of bikes. Further insights into BBS are given by modeling
repositioning activities with the help of a system dynamics approach (Section 3).
Interdependencies in the BSS business model are presented and a non spatial stock and
flow model is derived. We verify the interdependencies with simulating the outcome of
different effort spent on repositioning with self-generated data. The findings from this model
motivate repositioning activities in BSS. Finally, the paper is concluded (Section 4).
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2 OPERATING BIKE-SHARING SYSTEMS

Monitoring and maintaining the service quality in BSS is important for the acceptance of bike-
sharing programs. One-way use and short hiring times lead to imbalances in bike
distribution. A brief history of BSS is given in this section to explain the general functionality
of BSS. This is followed by a description of problems arising from this modern type of bike-
sharing. Finally, measures to overcome imbalances are described.

History of bike-sharing systems

Over the past years traditional day rentals in tourism have evolved into modern BSS. In
recent years the implementation of information systems in bike-sharing led to easy and quick
city wide access with one-way use. For a better understanding of BSS, a brief summary of
bike-sharing history is given according to DeMaio (2009a). This is followed by examples for
the two main bike-sharing business models.

Three generations of BSS can be identified: The idea to provide the general public with bikes
for intra-city trips was put into practice in Amsterdam in 1965. This first generation of bike-
sharing programs started with ordinary, white painted bikes. Anyone could ride these bikes to
a destination of their choice and leave it there. Burglary and vandalism caused the system to
collapse within days. It almost took thirty years until a second generation of BSS was
invented in the 1990s. The Copenhagen “Bycyklen” introduced special designed robust bikes
with advertising plates on the spokes. A coin deposit is necessary for picking up a bike at
one of the special locations distributed all over the inner city. Therefore customers were still
anonymous and the program had an issue with theft. The next generation of BSS was
smartened with electronically locked racks or bikes. Users had to identify themselves with a
smartcard to rent bikes. Furthermore information and telecommunication systems for a better
customer and bike tracking were established.

The Bike-Sharing World Map (Metro Bike 2009) currently records about 160 BSS worldwide
compared to 90 at the end of 2008. Midgley (2009) talks about 80 systems with almost
27.000 bikes and more than 4.600 stations in May 2009.

A distinction between commercial and non-commercial models of provision can be made
(DeMaio 2009a). Providers are advertising companies, quasi-governmental transport
agencies, non-profit and for-profit organizations, governments and universities. In addition,
BSS differ in how bikes are provided to the customer. There are rack-bound systems and
mobile phone based services. In both types users have to register their name and credit card
information, which is typically done on the provider’s website. In rack-bound systems, bikes
are made available at certain locations throughout the city. Picking up a bike is done by user
authentication at the bike with a smart card or at a self-service kiosk where users have to
type in their login information. The biggest rack-bound system worldwide is the “Veélib” in
Paris, operated by the advertising company JCDecaux. This BSS was implemented in 2007
and offers more than 20.000 bikes at almost 1.450 stations with different rack sizes
(Midgley2009). There is no charge for the first 30 minutes of a ride. According to DeMaio
(2009b) about 50 million bike trips were reported in the first two years. Also 28 percent of
asked users in 2008 were less likely to use their personal vehicle, which increased to 46
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percent in 2009. An example for a mobile phone based system is “Call a bike”, which is
operated by the German railways agency “Deutsche Bahn” in many German cities. More
than 1.600 bikes are provided in Berlin. Bikes can be dropped off at any intersection and the
location is transmitted via phone call to the provider. When picking up a bike users request
the bike’s unlocking code via phone call. Users pay according their travelling time per minute
(Call a bike 2009).

Causes of imbalances in bike-sharing systems

A common issue observed in BSS is imbalance in the spatial distribution of bikes. Users
pickup bikes and return them at stations at their own discretion. In most major rack-bound
BSS the first half hour of usage is free of charge. In Paris’ BSS 92 percent of the trips last
less than half an hour (Midgley 2009). After the free minutes, charges increase exponentially
forcing people to keep trip length short. These factors lead to one-way use and short hiring
times that cause imbalances in bike distribution. Therefore bikes have to be efficiently
distributed within the system to assure a good quality of service for the customers. In this
section we classify causes of imbalances and then recapitulate an analysis of Barcelona’s
BSS.

Bikes are not uniformly distributed among stations, because certain stations are more
popular than others regarding pickups and/or returns. Two causes of imbalances can be
identified: continuous and discrete. Continuous imbalances arise due to unilateral input or
output bike flows as well as a change in the direction of flows. At high elevation stations more
pickups than returns occur, because people avoid riding uphill. In addition to this unilateral
imbalance, there are temporal patterns in incoming and outgoing bike flows at stations. For
example stations with a high amount of returns in the morning and a high number of pickups
in the late afternoon. Imbalances are also caused by discrete events such as a sudden
change of weather like starting rain.

An example of user behavior in BSS is given by Froehlich et al. (2009). They analyze the
user behavior of Barcelona’s BSS “Bicing” to detect temporal and spatiotemporal patterns in
bike usage. Bicing comprises of 390 stations and 6.000 bikes with over 150.000 subscribers.
The analyzed data covers 13 weeks and contains the bike stock at each station every five
minutes leading to 288 snhapshots of the bike stock per day. This data includes repositioning
activities. Individual bike flows are not considered. One result of the analysis is that the
system-wide number of used bikes during workdays follows a three-pronged spike. This
spike corresponds to a high bike usage in the morning, during lunch time and in the evening.
Furthermore a cluster algorithm is applied to identify stations with similar behavior in terms of
available bikes in accordance with the day-time. Stations that tend to be empty are located
between 80-110 meters above sea level in contrast to stations at the coast that tend to be full
during the whole day. The bike availability of midtown and downtown stations drops in the
morning when people ride to work and increases in the late afternoon, whereas stations in
business areas show the opposite behavior and are full during working hours.

Monitoring and maintaining the distribution of bikes is important to ensure a good quality of
services to the user. Therefore the allocation of bikes is discussed in the following section.
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Resource allocation in bike-sharing systems

The allocation of resources in BSS means providing customers with free bikes and free racks
respectively. This task is split into long-term and mid-/short-term measures to improve the
availability of bikes. Both planning types require a prediction of bike demand. For that reason
we describe two models of future rentals prediction.

Expanding the infrastructure is afflicted with high costs and therefore has to be planned in
the long run. Costs for bikes range from 250 to 1.200 Euro added by costs for racks and
service terminals (Midgley 2009). When planning and implementing or expending a rack-
bound BSS, a sufficient number of stations have to be placed at suitable locations. The
distance to popular locations should be between 300 and 500 meters (Bihrmann 2007). In
the Veélib system, stations are located at about every 300 meters in central Paris (Nadal
2007). The same high density of stations is found in Barcelona’s Bicing (Midgley 2009). This
raises the probability of finding a free bike and returning it near the rider’s destination.

Two short- and mid-term measures of overcoming imbalances can be identified: direct
provider based distribution through repositioning activities and indirect customer based
distribution through pricing or incentives.

By offering incentives customers are encouraged to use certain stations. Reaching a good
acceptance means keeping the usage of BSS simple and clearly communicating terms of
rentals to the user (Buihrmann 2007). Incentives should not change frequently to avoid
customer confusion. Therefore determining incentives can be considered as a mid-term
planning task. In Paris’ BSS, users have 15 extra minutes to return a bike at special labelled
high elevation stations, because there is high effort spent to reach such stations. Another
concept is to accumulate extra time for picking up or dropping off bikes at certain stations.
Besides that extra time can be used for other trips, it would be possible to exchange extra
time for money paid by the operator (DeMaio 2009a). This could reduce active repositioning
of bikes and save money respectively when choosing adequate payouts. A special form of
incentives observed in BSS can be called compensation. If a bike cannot be returned at a
certain station because it is already full of bikes, users get frustrated. Therefore the Citybike
in Vienna (CBW 2010) and many other BSS provide extra free 15 minutes to return the bike
at another station. The station’s terminal shows stations with available boxes that are nearby.
This measure keeps the dissatisfaction of customers low.

Repositioning overcomes spatial imbalances with the help of service staff reallocating bikes
from low demand/high supply to high demand/low supply areas based on a daily basis.
Therefore special service vehicles are used that carry several bikes. Estimated 3 US Dollar
are spent per repositioned bike in the Vélib system (DeMaio 2009a). Annual operating costs
per bike, including maintenance, repositioning, service, staff, electricity et cetera, vary from
250 to 1.600 US Dollar depending on the used technology (DeMaio 2009b, Midgley 2009).
The analysis of usage data as well as critical user feedback is the basis for improving the
distribution of bikes (BlUhrmann 2007). Therefore we recapitulate two approaches of
predicting future bike demand in the remainder of this section.

In order to improve the availability of bikes and boxes respectively a prediction of future
demand is needed. Borgnat et al. (2009) develop a linear regression model to predict the
system-wide number of bikes hired per day and fluctuation per hour from historical data for
Lyon’s bike-sharing program Vélo’V. The underlying data contains rental operations with
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starting and ending stations and time. The model holds parameters for the number of
subscribed users, weather (temperature, volume of rain), day of week, hour of day and the
occurrence of holidays and strikes. Froehlich et al. (2009) use a Bayesian network to predict
the number of available bikes at a station up to 120 minutes in the future for the Barcelona
BSS. Individual bike flows are not considered. They use snapshot data with the bike stock at
each station.

3 MODELING REPOSITIONING ACTIVITIES IN BIKE-SHARING
SYSTEMS

The conventional approach of modeling repositioning is spatial and temporal. Spatiotemporal
modeling of repositioning activities for bike-sharing systems is a complex decision support
task. Although extensive analysis of bike data or customer surveys can be applied to predict
future bike demand at stations, the demand still has to be considered stochastic and not
deterministic. Moreover various points in time have to be incorporated in a suitable
mathematical optimization models that yield decisions on the adequate level of repositioning
activities. Such a stochastic and dynamic model can be computational intractable. In
addition, customer behavior cannot be modeled in these mathematical optimization models.
Therefore we refrain from building a spatial model at first. This contribution assesses the
prospects of operational repositioning services by means of a system dynamics aggregate
feedback loop model. According to Forrester (1991) system dynamics combines theory and
methods for analyzing the behavior of systems in management and many other fields.
Wherever we want to understand and influence how things change over time, system
dynamics provides a common foundation that can be applied. Concepts from the field of
feedback control are used to organize available information and generate computer
simulation models. The findings from these models can be used to improve decision making.
Modeling repositioning activities in BSS requires understanding the structure and behavior of
such systems. Therefore we apply a system dynamics approach to discover and represent
the interdependencies and feedbacks in the bike-sharing business model. This is a proper
analyzing instrument because BSS fulfill the following properties according to Strohecker
(2007): The availability of bikes evolves over time according to the number of users.
Furthermore feedback loops can be identified that have a balancing or self-reinforcing
structure.

We follow the modeling process according to Sterman (2006). This process starts with an
articulation of the problem, namely imbalances in bike distribution, for which reasons and
solutions have to be found. After that we develop a causal loop diagram that explains the
bike-sharing business model and includes measures to overcome bike imbalances. On that
basis a nonlinear function is developed that models the probability of successful rentals
under a certain number of requesting users on an aggregate, system-wide view. This
function also holds a parameter for effort spent on repositioning activities and is engaged in a
stock and flow model to simulate impacts on the corporate performance under different levels
of repositioning.
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The bike-sharing business model

That the factors quality and satisfaction contribute to the company's success is a common
acknowledged statement. The transaction specific satisfaction of a service is based on the
experienced quality of this service (Kaiser 2004). The satisfaction in turn enhances the
company's success. Thus ensuring a certain quality of service in BSS is crucial for a high
customer satisfaction and the accompanying business success.

These factors are modeled in a causal loop diagram. For the sake of comprehensibility,
rentals but no returns are considered. Figure 1 gains insights in the operational
dependencies and feedback loops of a BSS operated by an advertisement company. There
is a certain amount of requesting bike-sharing customers that use the provided bikes for their
trips around the city. Revenue generating advertisement is displayed on bikes and stations
throughout the city. The bigger the amount of bike-sharing users the better advertisement
contracts can be acquired by the provider, which leads to higher income. But customers also
generate costs due to maintenance of bikes and stations as well as complaints, stolen bikes
et cetera. Income and costs determine the company’s profit. If more customers request a
bike the availability of bikes drops and so does the number of successful rentals. The more
customers find a free bike the higher is the experienced quality of service leading to more
satisfied customers. Positive word-of-mouth increases the number of users. If the availability
of free bikes decreases the number of unsuccessful rentals increases. This leads to a higher
number of dissatisfied customers. Due to frustration the number of bike-sharing users
decreases.

+

incentives for income profit frustration

customer-based ) compensation
distribtution /
+
a +

adwertisement + costs  +

+

¥

+ regesting users - dissatisfied

customers
user de-
+
- crease
LN

availability of bikes *

satisfied customers )
provider-based

+ repositionin
user in-

Crease

succesful rentals o Unsuccesful rentals

Figure 1 - Bike-sharing business model with measures to overcome imbalances

We assume that the increase of users in the system has an s-shaped growth: The growth of
bike-sharing users is exponential at first, because enough bikes are provided and satisfied
customers generate more customers. Then it gradually slows down as the number of
successful rentals decreases and unsuccessful rentals increase because not every costumer
finds an available bike. These frustrated customers leave the BSS which leads to an
equilibrium level of bike-sharing users.

As we have stated above incentives for customer based distribution and provider based
repositioning improve the availability of bikes. The impact of incentives on bike distribution
has to be considered lower than active repositioning because actions of customers cannot be
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controlled to the full extend. Frustration compensation lowers the number of dissatisfied
customers. All three measures increase operation costs. Determining adequate incentives is
not in the focus of this paper and we refer to literature on Revenue Management and
Dynamic Pricing. In the next section we model the availability of bikes and quality of service
used in the system dynamics model.

Modeling bike availability and service quality

Modeling the behavior of BSS on an aggregate level requires a definition of the key factors
availability and quality of service. Extensive numerical studies would be necessary building a
spatial model. We refrain from building a spatial model; instead we adopt findings in the well
studied field of capacitated production planning to make assumptions for the user behavior in
BSS under a certain workload.

Availability of bikes

Due to one-way use and short rental times imbalances in the spatial distribution of BSS
arise. User behavior can be described with probabilities for picking up and retuning bikes at
each station. As stated above the popularity of stations varies. If the number of bikes and
bike boxes at stations is not limited, buffer sizes according to a certain storage policy
(Gunther 2002) can be determined that unsuccessful rentals and returns are unlikely. But in
short term planning changing the infrastructure is not possible. The system’s behavior with
fixed station sizes, number of bikes and stations can be described as follows:
If the number of requesting customers is low compared to the system’s capacity, the
probability of successfully renting a bike is rather good. When more users request bikes,
stations still provide bikes until certain stations start running out of bikes, whereas other
stations have enough bikes on stock. Therefore we assume that the probability of successful
rentals decreases nonlinearly with the number of requesting customers in the system. This
relation is derived from the field of capacitated production planning. A nonlinear relation
between workload and lead-time in aggregate planning is observed here due to queues at
the capacitated resources.
Karmarkar (1989) developed a nonlinear clearing function in order to model the output of a
production system as a function of the average work-in-process. We adopt this clearing
function to model the probability of successful bike rentals under a certain number of
requesting customers in the system. This function yields the approximated impact of different
repositioning activities without an extensive spatial modeling.
The Karmarkar clearing function yields the output X of a production system under the work-
in-process W. The maximum output and capacity respectively is given by C and batch sizes
by K.
o
CK+W

In the context of BSS we interpret K as the used repositioning capability K = C — R with R
being the number of repositioned bikes. Repositioning increases the system’s capacity:

_(C+KWw

- K+W
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Furthermore the work-in-process of the system is determined by the available capacity minus
requesting users N. With W = C — N this leads to:

_(C+K)(C—-N)

~ K+4+C-N
Normalizing this function yields the probability of a successful rental under a certain number
of requesting users:

(C+K)(C —N)

C(K+ C—-N)

Figure 2 (left) depicts the probability of successful bike rentals for a given capacity of 100
bikes. The number of requesting users is plotted on the x-axis. The curves shapes show that
the probability of a successful rental decreases nonlinearly for every new user at each level
of repositioning activities. Imbalances are reduced due to repositioning of bikes. The more
bikes are repositioned the higher is the probability to get a free bike under certain capacity
utilization. A high repositioning effort yields a higher probability under increasing user
utilization than lower repositioning effort. As the system reaches its capacity the probability
for a high number of repositioned bikes drops significantly. The absolute number of available
bikes (Figure 2 right) under a given utilization is the cumulative probabilities of successful
rentals. Under a system utilization of 30% almost every user gets a free bike for different
repositioning effort. Under a higher workload the number of successful rentals disperses
increasingly.

P(X) =

probability of successful bike rentals availability of bikes
1 100
R=05 90
0,8 80
R=90 70
0,6 e R=80 60 = —
R=60 50
0,4 40
R=40 30 P
0,2 R=20 20
0 R=1 10—~

1 1 21 31 41 51 61 71 81 91 101

Figure 2 - probability of successful rentals and availability of bikes for different repositioning activities

Quality of service and population growth

Quality of service is a crucial factor for the acceptance and growth of the system regarding
the users. Quality is defined as the number of successful rentals divided by all rental
attempts, which is the proportion of users that can successfully rent a bike.

In 1838 Verhulst (Sterman 2006) discovered that the net growth rate of a system is
determined by the population size P and the carrying capacity C:

P
net growth rate = g* (1 - E) P

Factor g* is the maximum growth rate when the population is very small. This function is also
known as logistic growth and models an s-shaped curve, because the net growth rate is
positive if P < C, null if P = C and negative if P > C. We transfer these findings to BSS by
assuming that users who do not get a free bike evoke a negative growth rate and users leave
the system. In contrast, users who successful rent a bike generate positive growth and
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attract more customers. The impact of successful and unsuccessful rentals in BSS is not
studied and general conclusions do not exist. Therefore we assume that only a small fraction
of successful rentals generate new customers, since users expect finding a free bike. That is
why we introduce a customer attraction factor with values up to 0.5. We claim that the
disaffection effect is much bigger and holds values bigger than 0.5. The higher the
disaffection factor the less tolerant users are regarding unsuccessful rentals.

Formulation of a stock and flow model

Simulating the behavior of BSS requires the formulation of a stock and flow model (Figure 3)
that is derived from the bike-sharing business model diagram. We refrain from building a
spatial model. Instead we observe the interdependency on an aggregated level to show
changes in the number of requesting customers regarding the availability of bikes. Therefore
the nonlinear clearing function is engaged in the model. For the sake of comprehensibility,
rentals but no returns are considered.

== g2

satlslied customers USErs dissatisfied customers

+
+ + \
. user in- r . .
customer attraction user de disaffection
crease -crease
unsuccessful

successful rentals

+
\ Y
availability of bikes
/ \
repositioning capacity
Figure 3 - Stock and flow model of a BSS

rentals

A certain number of bike-sharing users request a bike. Whether users get a free bike or not
depends on the availability of free bikes. The outcome of successful und unsuccessful
rentals is determined by the number of requesting customers, the BSS capacity and number
of repositioned bikes. According to the customer attraction factor, a certain fraction of
satisfied users generate new customers. The dissatisfaction factor determines the fraction of
frustrated users who leave the system. If the capacity and repositioning activities are rather
high compared to the number of requesting costumers, users will likely get a free bike and
new costumers are attracted. Unsuccessful rentals will barely occur. Therefore the number of
bike-sharing users grows and the availability of bikes drops. This is followed by a decrease in
the number of successful rentals and attracted costumers respectively on the one hand and
an increase in the number of unsuccessful rentals and dissatisfied costumers respectively on
the other hand.

Simulation

After building the stock and flow model, experiments with different levels of repositioned
bikes, attraction and disaffection factors are made to observe the impact on satisfied
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customers. We use the simulation tool VENSIM PLE from Ventana Systems. Basis of all
experiments is a carrying capacity € of 100 bikes and the simulation horizon is 20 periods.
The initial number of requesting users is 20. All users request a bike in every period and a
certain number of bikes R are repositioned within every period. We assume that the clearing
function does not change over time, because customer growth is in the focus of the

simulation.
Table 1: Number of requesting users and satisfied customer

# requesting users # satisfied customers
a B | 9 quality of service ] R=10 | R=40 | R=80 | R=10 | R=40 | R =80
0,1 |09 0,91 32 36 56 29 33 52
0,2 0,8 0,80 62 70 94 50 56 75
0,3 | 0,7 0,70 85 93 108 60 65 76
0,4 | 0,6 0,60 103 108 126 62 65 76

Results for different combinations of customer attraction a« and disaffection g for varying
repositioning activities are shown in table 1. The quality of service in the BSS depends on the
combination of « and B. Users are more tolerant regarding unsuccessful rentals if the
disaffection factor declines and the attraction factor increases. This leads to higher number of
requesting users, but also increases the gap between requesting users and satisfied
customers. Therefore the quality of service drops. The higher the number of repositioned
bikes, the more requesting users and satisfied customers are the system. This holds for
every combination of a and f. Therefore the assumption that a higher amount of
repositioning activities leads to a higher number of requesting users in the BSS is verified by
the simulation model.

The BSS behavior regarding user growth for one combination of the attraction and
disaffection factor and different effort spent on repositioning is depicted in Figure 4. Time
steps are displayed on the x-axis and the number of users on the y-axis. All curves show the
described s-shaped growth. Depending on the level of repositioned bikes, the number of
requesting users increases. The more effort is spent on repositioning the higher is the growth
at first until the user increase gradually slows down. The system’s equilibrium is also reached
earlier. This leads to the conclusion that applying a higher level of repositioning leads to a
higher number of satisfied customer and a more intense growth in the BSS customer
number.

100
90
80
70
60
50
40 +
30 -

20
satisfied customers (R=10,
10 (10

requesting users (R=80)

= == == satisfied customers (R=80)

—reuesting users (R=40)

== «= == satisfied customers (R=40)

requesting users (R=10)

o+—7TTTTT—T—TT—T 7T T T—T—T

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

Figure 4 — User growth for different levels of repositioningand a =0,2, 3 =0,7
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4 CONCLUSION

This paper deals with modeling repositioning activities in BSS. One-way use and short hiring
times cause imbalances in the spatial distribution of bikes over time. In order to alleviate
these imbalances, two possibilities are presented and modeled in a system dynamics causal
diagram. One the hand side direct provider based distribution through repositioning activities
and on the other indirect customer based distribution through pricing or incentives. A
nonlinear clearing function is introduced to model repositioning activities on an aggregate
level. On the basis of simulation experiments, we present the outcome of different effort
spent on repositioning activities. We conclude that more effort spent on repositioning leads to
a better corporate performance in terms of satisfied customers.

In further research the systems dynamics model should be validated by means of real BSS
data. Therefore, data analysis is necessary in order to derive system’s behavior regarding
pickups and returns at stations and the number of customers. A comparison of the corporate
performance with and without repositioning activities should be made. For that reason a
spatial simulation model should be build to replicate the customer behavior and corporate
performance of BSS without repositioning. Furthermore a spatiotemporal transportation
model can be applied to determine repositioning flows. Repositioning flows engaged in the
spatial model lead to the BSS corporate performance with repositioning. The presented
clearing function can also be validated by the findings from the transportation model.

REFERENCES

Borgnat, P., Abry; P., Flandrin, P., Rouquier, J.-B. (2009): Studying Lyon’s Vélo'V: A
Statistical Cyclic Model. European Conference on Complex Systems, ECCS'09,
Warwick University (UK), 21-25 September 2009.

Bidhrmann, S. (2007): New Seamless Mobility Services: Public Bicycles (NICHES Policy
Note 4). Rupprecht Consult Forschung und Beratung GmbH, Kéln.

Buhrmann, S. (2008): Bicycles as public-individual transport — European developments.
Rupprecht Consult Forschung und Beratung GmbH, Kalin.

Call a bike (2009): Call a bike homepage: http://www.callabike-interaktiv.de.

Retrieved 2010-01-12.

Canzler, W.; Knie, A. (2009) Griine Wege aus der Autokrise. Vom Autobauer zum
Mobilitatsdienstleister. Ein Strategiepapier. Band 4 der Reihe Okologie, Heinrich-Boll-
Stiftung. Berlin.

CBW 2010: Citybike Wien homepage: http:citybike.at. Retrieved 2010-01-26.

DeMaio, P.; Gifford, J. (2004): Will Smart Bikes Succeed as Public Transportation in the
United States? In: Journal of Public Transportation, Vol. 7, No. 2: 1-15.

DeMaio, P. (2009a): Bike-sharing: Its History, Models of Provision, and Future. In:
Velo-city 2009 Conference. May.

DeMaio, P. (2009b): Bike-sharing: History, Impacts, Models of Provision, and Future. In:
Journal of Public Transportation, Vol. 12, No. 4, 2009.

Forrester, J. (1991): System Dynamics and the Lessons of 35 Years. In: The Systemic Basis
of Policy Making in the 1990s. De Greene, Kenyon B. ed.

12" WCTR, July 11-15, 2010 — Lisbon, Portugal

12



MODELING OF REPOSITIONING ACTIVITIES IN BIKE-SHARING SYSTEMS
VOGEL, Patrick; MATTFELD, Dirk Christian

Froehlich, J.; Neumann, J.; Nuria, O. (2009): Sensing and Predicting the Pulse of the City
through Shared Bicycling. Twenty-First International Joint Conference on Atrtificial
Intelligence (IJCAI-09), Pasadena, California, USA, July 11 - 17, 2009.

Gunther, H.-O.; Tempelmeier, H. (2002). Produktion und Logistik. Springer, Berlin,
Heidelberg, New York.

Kaiser, M.-O. (2004): Erfolgsfaktor Kundenzufriedenheit. Erich Schmidt Verlag GmbH.

Karmarkar, U. S. (1989): Capacity loading and release planning with work-in-process (WIP)
and lead times. In: Journal of Manufacturing and Operations Management, 2: 105—
123.

MetroBike (2009): Bike-sharing Blog, http://bike-sharing.blogspot.com. Retrieved
2009-01-11.

Midgley, P. (2009): The Role of Smart Bike-sharing Systems. In: Urban Mobility.

Journeys May 2009: 23 — 31.

Nadal, L. (2007): Bike sharing sweeps Paris off its feet. In: Sustainable Transport 19: 8-12.

Sterman, J. D. (2006): Business Dynamics: Systems Thinking and Modeling for a
Complex World Har/Cdr., Mcgraw-Hill Higher Education.

Strohhecker, J.; Sehnert, J. (2007): System Dynamics fur die Finanzindustrie. Simulieren und
Analysieren dynamisch-komplexer Probleme. 1. Aufl. Frankfurt School Verlag,
September.

12" WCTR, July 11-15, 2010 — Lisbon, Portugal

13



