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Abstract 

Current market figures from Europe seem to indicate that recently introduced free-floating car sharing (FFCS) systems can be a breakthrough 
for the car sharing idea. Regardless of their success, FFCS systems face significant regional demand fluctuations, raising the need for vehicle 
relocations with novel requirements for the product–service system (PSS). This study aims to introduce an integrated decision support approach 
for cost and emission efficient vehicle relocation in FFCS based on real-world data from car2go. The proposed approach appears to be effective 
and have a significant potential to reduce costs and related emissions.  
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1. Introduction 

Introduced in recent years, FFCS systems see a rapid 
growth, making car sharing an attractive alternative to a self-
owned car and contributing significantly to the worldwide 
growth in car sharing [1]. Current studies indicate that FFCS 
can lead to significant reduction of urban emissions and the 
number of used cars in cities [2]. A recent Europe-wide 
project funded by the European Union even concludes that 
one car sharing car can replace up to 8 conventional cars [3]. 
Traditional car sharing operates stations where users have to 
pick-up and return cars. In contrast to these car sharing 
systems, free-floating systems define a geo-fence—a 
boundary around the operating area typically located in the 
city center—in which a user can hire and drop cars close to his 
demand points without having to visit a station before or after 
the ride. This enables the user to simply search and book a car 
close to his current position using his smart phone. A crucial 
question for the user decision whether to book a car lies in the 
distance from his current position to the next available car. 
More generally, if a user frequently experiences that there are 

no available cars close to his demand points, he will probably 
not accept the system as a substitute to another, more reliable 
transportation mode.  

Williams [4] claims that PSS initiatives in the automobile 
often do not unify identified key elements to meet 
sustainability challenges of the industry. FFCS with 
appropriate decision support for vehicle relocations addresses 
major sustainability objectives for PSS defined by Mont [5], 
such as, e.g., alternative product use, resource productivity, 
and functional efficiency. In car sharing, as well as in other 
vehicle sharing systems, e.g., in bike sharing, significant 
fluctuations in demand can be observed [6]. Depending on the 
day and the hour, certain areas in cities accumulate an 
extremely high demand, while others are not in the focus of 
the user. Thus, in certain areas there are a lot of empty or idle 
cars, while in other areas customers can hardly find a car close 
to their own position.  

Fig. 1 illustrates the problem in the case of the car2go 
system in Hamburg at 9 am on a workday. The figure depicts 
real data from the car2go system at this time. While generally 
the cars, marked as blue dots, are equally distributed on the 
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city, there is a red circled area in which only three cars appear. 
This area has a diameter of approximately 3 kilometers, i.e., 
depending on his position, a potential customer in that area 
has to walk significantly more than 1 km to hire a car in many 
cases.  

 
Fig. 1. Example distribution of cars in a FFCS system 

(snippet from a simulation model depicting available cars 
based on real-time data from car2go in Hamburg) 
 

Current empirical work [7] demonstrates that the majority 
of car sharing users will switch to an alternative public 
transportation mode or use a self-owned vehicle if they have 
to walk more than 500 meters to find a car sharing car. If they 
frequently make this experience, they will not accept this PSS 
as alternative to a self-owned vehicle. To address this 
problem, relocation or repositioning of the cars has to be 
considered, granting that no potential short- and long-term 
customers are lost.  

Relocation strategies for bike sharing systems [6] have 
been widely investigated as well as the related repositioning of 
empty containers, but those systems are based on fixed 
demand points, e.g., bike-sharing stations or ports. In free-
floating car sharing the vehicles are dispersed within different 
demand areas. In this way, the FFCS relocation problem 
extends related problems named one-way or flexible car 
sharing, which allow the user to freely choose among multiple 
stations where to drop the shared car. For the FFCS relocation 
problem few strategies have been developed, and no 
optimization strategies are yet applied in industry [8]. Weikl 
and Bogenberger [8] propose first user- and operator-based 
strategies for relocation in free-floating systems, but on the 
other hand emphasize the need for future work on the 
development and evaluation of related strategies. The 
presented strategies have not yet been applied and evaluated in 
an integrated decision support approach for a real-world case. 

This paper aims to introduce an integrated approach for 
decision support in balancing FFCS systems and evaluate 
user-orientated relocation strategies. We propose a regression 
and neural network approach to model car2go demand data 
and support effective relocation plans. Furthermore, we 
illustrate how demand forecasts and real-time data from the 
system provider can serve in an integrated decision support 
approach, controlling the application of relocation strategies, 
derived from an empirical analysis of the regarded case. For 
the evaluation we conduct a discrete-event simulation study, 
using availability data from the car2go system in Hamburg, 

Germany. The results indicate that the proposed set of 
relocation strategies is significantly more economic and 
cleaner in terms of emissions than the classic relocation 
approach used in industry. The subsequent sections include a 
comprehensive literature review on FFCS, an integrated 
decision support approach relocation in FFCS, and a 
quantitative analysis of costs and emissions for various 
relocation strategies using real-time data from car2go. The 
paper closes with some conclusions and ideas for future 
research. 

2. Literature review 

Free-floating car sharing is a new application and very 
recently caught the interest of researchers of different 
disciplines. This section gives a brief overview on the work 
on FFCS and applicable relocation strategies—for the specific 
problem as well as for related problems. 

2.1. Development of free-floating car sharing 

Free-floating car sharing systems are an emerging field in 
research. First studies have been conducted in the USA and in 
Germany [2]. Since then researchers investigated the 
development of FFCS in comparison to conventional car-
sharing systems, studied the user behavior [9] strategies for 
operators [7] and the sustainability impact [2]. Millard-Ball et 
al. [10] identify barriers in the use of car sharing. Barrios and 
Doig [11] develop an agent-based simulation model and thus 
demonstrate the superiority of flexible free-floating car 
sharing systems in comparison to traditional station-based 
systems. Schaefers [9] explains why users prefer free-floating 
cars. Other studies examine travel behavior and user motives 
[12]. The authors identify availability and reliability of the 
regarded systems as key influences on user behavior. Thus, 
effective balancing or relocation strategies become crucial 
issues [8]. Firnkorn [13] investigates the impact of FFCS on 
other transportation modes. Firnkorn and Müller [2] examine 
sustainability impacts of FFCS referring to the car2go system 
in Ulm, Germany.  

2.2. Car sharing demand forecast 

The quality of relocation strategies in FFCS highly 
depends on the quality of demand forecasts and the way these 
forecasts are integrated into planning models. Jorge and 
Correia [14] review demand forecasting models for car 
sharing and detect a lack of appropriate models for one-way 
car sharing (including FFCS). Since then, Ciari et al. [15] 
developed a demand model for FFCS using an agent-based 
simulation software. Besides that, the majority of studies 
concentrate on the development of regression models for 
traditional or round-trip car sharing systems [16] that expect 
the user to return to the station of departure. Morency et al. 
[17] used clustering methods to analyze long term use of a 
round-trip car sharing system. In (one-way) bike sharing 
systems clustering methods were successfully applied to 
improve short-term demand forecasts [18]. Vlahogianni et al. 
[19] review short-term traffic forecasting approaches and 
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emphasize the unused potential of publically available data on 
vehicle positions and demand. In the context of short-term 
traffic flow prediction problems, neural networks (NNs) 
outperform simple auto-regressive models according to the 
authors. Nevertheless, NNs are hardly applied for short-term 
forecasting in vehicle sharing systems [20]. 

2.3. Relocation strategies 

Relocation strategies for vehicle sharing systems are often 
distinguished in operator- and user-based strategies, according 
to who actually performs the relocation. For FFCS systems 
Weikl and Bogenberger [8] propose and evaluate several 
operator- and user-based strategies for the relocation between 
low and high demand areas. As user strategies, price 
incentives for choosing high demand destinations or demand 
pooling in high demand areas are suggested. As operator-
based strategies, transporters and teams of staff members are 
proposed. Di Febbraro et al. [21] examine one-way car 
sharing systems, in which users can leave cars in areas 
specified with the booking of a car. This allows the operator 
to propose the user a change of his destination in return for a 
price reduction for his trip. Herrmann et al. [7] conduct a 
survey among car2go users to derive potentially successful 
user-based relocation strategies.  

Relocation strategies in mobility sharing systems emerged 
concurrently with the technological development of these 
systems. Various authors investigate relocation options for 
flexible or one-way car sharing based on stations 
[22,23,24,25]. These systems normally have fewer options to 
interact with their users and to dynamically offer incentives to 
them. Thus, the authors focus mainly on operator-based 
strategies next to pricing incentives for users. Other studies, 
e.g., [24], focus on user-based strategies in one-way car 
sharing, emphasizing systems intensive use of information 
and communication technology tools. Besides car sharing, 
similar approaches to reposition empty logistics resources can 
be found in bike sharing [6] or container shipping [26]. Yet, 
appropriate relocation strategies have not been incorporated 
into decision support for FFCS and evaluated with real-world 
data.  
 

3. Decision support for relocation in FFCS systems 

Since FFCS relies on a specific IT infrastructure and has a 
distinct logistic set-up, it requires a specific, integrated 
decision support approach for vehicle relocation operations. 
This section introduces relocation decision support for FFCS 
and discusses relevant modules as well as their 
interdependencies. 

3.1. Modules of relocation decision support for FFCS  

The proposed decision support approach for relocation in 
FFCS systems comprises three fundamental modules that are 
closely linked to each other. Fig. 2 illustrates the approach. In 
the first module a demand forecast is conducted. Regression 
models are used for long-term forecasts and neural network 
approaches in short-term models. The forecasts are crucial for 

good relocation planning in the second module. Here, 
strategies are selected and weights are assigned to them in 
order to achieve near-optimal relocation plans. Based on a 
comparison of the current system status and the planned 
demand the need for vehicle relocations is derived.  

Both, forecast and planning module, are supplied with real-
time data from the FFCS system using the web application 
interface (API) of the provider. During a simulation run this 
data provided by the simulated FFCS system. The system data 
includes information about available vehicles with their 
positions and current bookings. Thus, for each area the 
number of needed cars can be calculated considering the 
estimated demand and returns for that area. 

 
Demand Forecast

long-term regression models
short-term neural networks 

Relocation Planning
(optimal) strategy selection
(optimal) strategy weights

FFCS Real-Time Data
bookings
vehicle  positions

FFCS  Evaluation
(Simulation Model)

cost objectives
emission objectives

Fig. 2. FFCS relocation decision support approach 

 
Depending on the priorities of the system provider and the 
delta of available and required vehicles, up to four strategies 
with different costs and effectiveness can be selected. 
Furthermore, weights define to which extent the proposed 
strategies may be applied. Planners need to solve a trade-off 
of costs, emissions, and effectiveness of the strategies. Thus, 
in the third module a discrete-event simulation model 
evaluates the relocation plans with respect to their impact, 
costs, and emissions.  

3.2. FFCS real-time data integration 

Accurate demand data is an important requirement for high 
quality forecasts and effective relocation planning approaches 
in FFCS. The FFCS provider car2go uses a web application 
programming interface (API) to supply customers and app 
developers with various kinds of system data. Most relevant 
for a demand analysis are booking and availability data. 
Booking data contains, e.g., a customer ID, a vehicle license 
tag, a time stamp, and the current location of the booked 
vehicle [27]. The vehicle availability data, on the other hand, 
shows free cars and also contains the current address attached 
to the position of the car. This information is a decision 
criterion for the customer when choosing an available car. 
The data structure includes longitude and latitude information 
for the geographical representation of the current position of 
the car. 
      In order to get real and most current data we developed a 
Java based tool that accesses the car2go web application 
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programming interface and imports the relevant data into the 
forecasting and planning module (cf., Fig. 2). The API 
provides up-to-date information about vehicles available, 
parking spots and gas stations [27]. The so called placemark 
data also contains the current address attached to the position 
of the car. In the forecasting module, neural network 
algorithms use this data to update short-term forecasts and 
adjust respective demand parameters that are passed to the 
planning module if necessary. In the planning module, these 
demand parameters and current system information are 
considered. If this decision support approach is applied in 
practice, the developed tool always uses real-time data from 
the real-world system. For the simulation study, real system 
data is once imported and after the first relocations updated 
with real-time data from the simulated system.   

3.3. FFCS forecasting 

FFCS demand models have to fulfill specific requirements in 
order to effectively support relocation planning. Thus, we first 
discuss the definition of operating areas and data requirements 
and then propose a short- and a long-term demand forecasting 
approach. In contrast to traditional vehicle sharing systems, 
FFCS vehicles do not appear clustered at specific stations, but 
dispersed freely within the centers of cities. Thus, in the first 
step of the design of effective balancing or relocation 
strategies, demand areas and the way customers move cars 
between these parts of cities has to be analyzed and 
understood. Possible approaches for the definition of demand 
areas could involve separating districts of cities, defining 
districts according to longitude and latitude, or defining areas 
following customer demand and requirements. While the first 
two ideas might serve as an intuitive starting point, the third 
approach could lead to a deeper understanding of relocation 
requirements. It has been shown that the majority of car2go 
users is willing to walk up to 500 meters to start a ride with a 
car2go car [7]. This distance could serve as a diameter for 
demand areas within the operational area of FFCS systems. 
This idea is implemented in spatial clustering approaches. 
Self-organizing maps provide an opportunity to define 
demand areas based on vehicle movements within an 
operating area of a FFCS system. For this purpose, specific 
geographical algorithms have been developed [28] that make 
it easy  to cluster geographical data in sub-areas.  
     Based on these sub-areas, common approaches for 
modeling demand in vehicle sharing systems apply regression 
models. These models analyze bookings related data and are 
able to identify use patterns in long-term, but hardly predict 
the occurrence of dynamic or spontaneous demand changes. 
Thus, in addition, we propose short-term forecasts based on 
neural networks.  In the case of car2go, regression approaches 
can be used to analyze vehicle usage and availability in the 
defined areas. Based on car2go availability data we thus 
propose a logistic regression model for a long-term analysis of 
vehicle availability supplemented by a bookings based linear 
regression model. For the short-term forecast, on the other 
hand, we need to consider highly complex and unknown 
customer behavior. Thus, we develop black-box approaches 
entirely based on real-world data and implemented with 

artificial neural networks that have been proven successful in 
similar applications [20]. Here, we follow the established 
ideas of multilayer neural networks and backpropagation 
training implemented  in the Matlab Neural Network Toolbox.  

3.4. FFCS discrete-event simulation model   

For the evaluation of relocation strategies, a discrete-event 
simulation model was developed in Simio simulation 
software. The software supports a flexible development of an 
object library and various .Net programming languages. Thus, 
the developed model can easily be applied for similar vehicle 
sharing cases.  

FFCS and the found relocation strategies form different 
requirements for a discrete-event simulation model. In the 
beginning of discrete-event simulation modeling typically the 
most important components are identified and described [29]. 
Thus, we first introduce essential components of the 
simulation model. Secondly, we explain how real-time data 
from the FFCS provider is integrated and used for the 
simulation study. Generally, variables (data) of a modeled 
system build a fundamental component of simulation models. 
Important variables, in this case, are the number of vehicles in 
the system and their respective status as well as the demand 
for vehicles in a defined area. Depending on the priority 
setting, costs, service levels, or emissions could be considered 
as objective variables in the model. Furthermore, the 
relocation rules are integrated as methods. Customers and 
vehicles are considered as entities/ dynamic objects with the 
attributes vehicle coordinates and customer coordinates that 
help to identify the position of both objects. Empty vehicles 
are interpreted as resources with the related activities of 
vehicle booking, starting a trip and dropping off the vehicle 
again. This leads to the events: booking request, vehicle 
booking, and vehicle use started and vehicle returned.  
Furthermore, the developed data tool supplies the model with 
real-time data from the regarded FFCS system. In this way, 
real-time information is used for the simulation model. The 
tool also analyzes short-term demand indicators and provides 
a demand forecast for the defined areas of the modeled FFCS 
system.    

3.5. FFCS relocation strategies 

Because they do not involve staff or additional vehicles 
user-based relocation strategies are assumed to be the more 
economic and environmental-friendly approach for 
relocations. To understand how relocation affects the user 
acceptance and to gain options for relocation in collaboration 
with the user, Herrmann et al. [7] conducted a survey among 
car2go users. 

First, the participants were asked to state the maximum 
distance they would make in order to reach a car for the 
planned trip. According to these results, only about 20 % were 
willing to accept a distance of more than 500 meters. The rest, 
almost 80 % of the potential users, would decide not to use 
the car sharing system in this situation. The second question 
referred to the potentially accepted maximum waiting time for 
an available car in an accepted radius around the position of 
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the user. Here, about 95 % said that they would not accept a 
waiting time of more than half an hour. For 55 % the 
maximum was yet only 15 min. Again, reaching the time limit 
would mean that the user will not use the car sharing system 
and switch to another transportation mode. 

Furthermore, the authors asked whether a user would 
generally be willing to accept a more distant car for a price 
discount of about one third. The vast majority (more than 85 
%) of the respondents stated that they would take this option. 
Another almost 13 % indicated that they would generally be 
willing, but would expect a more significant discount. 
Summarizing, almost all respondents showed price sensitivity 
and thus an option for pricing incentives. The second question 
simply asked if customers would agree to indicate their 
destination at the beginning of the trip. Again, a significant 
majority (almost 89%) voted yes. Finally, it was asked for the 
kind of incentive customers would find attractive. More than 
61% voted for a price discount and about 31 % would be 
interested in receiving free driving minutes.  

The results concerning relocation options provide insights 
on how to design incentives. Four possible strategies will be 
introduced here: 

1. Incentives to book more distant vehicles: When the user 
looks for available cars close to his current position, other cars 
that should be repositioned are offered with a discounted price 
to give the customer an incentive to collaborate in the 
relocation of the car. 

2. Incentives for a more distant drop-off location: When 
the user has stated his destination in the beginning, relatively 
close areas with low availability of are offered for a 
discounted price to give the user an incentive for a drop-off of 
his shared car in that region [8,21]. 

3. Paid relocation: Apart from a current booking, users are 
offered specific routes for relocating cars. In return they are 
paid free minutes or a bonus. Considering the noticed price 
sensitivity of potential FFCS users this should be a cheaper 
option than an operator-based repositioning.  

4. Demand pooling: Extending a proposed approach by [8] 
in areas of high demand of cars user requests could be 
combined with a social network approach. Registered users 
would be proposed to join a ride or to give another user a lift 
and share the cost. Customers normally book 15 min. or 30 
min. before they start the trip. During this time the car could 
also be offered to other users that want to share. 

4. Evaluation 

A first evaluation for the proposed decision support approach 
uses a simulated relocation scenario based on the developed 
simulation model (3.4). Forecasts and real-time system data 
are used to derive relocation requirements and continuously 
updated during the simulation time period. This time period is 
assumed to last from 6 a.m. to 12 p.m. like in related studies 
[26]. In the beginning of a simulation run, real data from 
car2go is imported in the simulation model and then refreshed 
based on the simulated system. Trips and relocation 
operations are steadily triggered, and the model updates a 
number of system attributes, such as vehicle availability and 

vehicle demand, accordingly. With the updated values costs 
and emissions are computed.  

The number of times that the strategies introduced in 3.5 
were applied depends on the number of customers and the 
distribution that models how likely customers are to accept 
the proposed strategies. Based on the empirical study of 
Herrmann et al. [7], respective normal distributions have been 
designed for the simulation model. In this first scenario no 
weights have been assigned to the strategies. The costs are 
calculated individually for each strategy. In the cases of 
strategies (1.) and (2.), we assume that, as an incentive, the 
price per minute for these trips is reduced by 10 cents. Thus, 
the costs basically depend on how many customers took the 
offer and how long the respective trips were. In the case of 
strategy (3.), we assume that customer earns 5€ in terms of 
free minutes. For the case of demand pooling we do not 
account opportunity costs for a lost individual trip. We 
assume that customers share the costs and the demand and 
thus a relocation of a vehicle can be avoided.  

CO2 emissions per kilometer for car2go cars can be 
calculated according to the following formula [2]: 
 
 
 

                            (1) 
 
 

The authors assume a fuel consumption (FC) of 3,6 liters per 
kilometer and a CO2 factor for regular petrol (CO2_reg) of 2,37 
kilograms per liter. This lets us derive CO2 emissions based 
on the driven kilometers to perform relocations.  
 
Table 1: Evaluation of relocation strategies for a simulated scenario  

Strategy  Number 
of times 
applied 
[-]  

Total 
kilometers 
[km] for 
relocation 

Total 
costs 
[€] 

Total 
CO2 

emissions 
[kg] 

Distant start (1.) 18 2,3 14,40 0,20 
Distant drop (2.) 12 1,8 9,60 0,15 
Paid relocation (3.) 6 48 30 4,10 
Demand pooling (4.) 5 0 0 0 
Sum 41 52,1 54 4,45  
Classic relocation 41 430,5 410 36,73  

 
All 4 proposed strategies have been applied in the simulated 
scenario. Table 1 summarizes the results with respect to the 
number of application, total kilometers, total costs, and total 
emissions. It is obvious to see that the proposed strategies are 
much more efficient than the classic relocation approach, i.e., 
two staff members manually reposition a vehicle and use 
another car for this purpose. In terms of costs, emissions, and 
extra kilometers the proposed strategies only require about 1/8 
in comparison to the classic reposition approach.  
      Though Table 1 refers to an example, these results have 
implications in wider context of FFCS. First, the proposed 
user-based strategies seem to clearly be effective and thus 
might be practical alternative to operator-based strategies. 
Second, these strategies are much more economic and 
environmental-friendly, making it attractive for FFCS 
providers to invest in decision support applications to exploit 
this advantage. Even the most expensive user strategy (3.) 
would still be more economic than the classic operator-based 
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strategy; even if opportunity costs of lost demand are 
incorporated, this conclusion remains valid. Moreover, the 
costs generated by the user-based strategies are indirect and 
always related revenues generated by active users of the 
system. Operator-based strategies, on the other hand, cause 
direct costs that do not grant revenues. Furthermore, all user-
based strategies need much less relocation kilometers and thus 
significantly reduce emissions in comparison to operator-
based strategies for the same relocations. The most significant 
positive effect on emissions is caused by strategy (4.). In 
combination of two rides, the emissions of one are saved. 

5. Conclusion 

Similar to other vehicle sharing systems, free-floating car 
sharing systems face significant fluctuations in demand, 
depending the day time, day and area of a city. Though, 
requirements for demand modeling as well as chances and 
challenges for relocation planning are distinct from other 
systems (including station-based one-way car sharing). Prior 
research has emphasized the need for development and 
evaluation of relocation strategies [8] as well as appropriate 
demand forecasts for FFCS [14]. Nevertheless, more work is 
needed for decision support incorporating both aspects and its 
evaluation in realistic FFCS cases.  In this paper, we proposed 
a regression and neural network approach for forecasting, 
environmental-friendly relocation strategies, and evaluated 
the approach on quantitative basis using a discrete-event 
simulation model and real-world data from car2go. Moreover, 
we explain how forecasts, relocation planning, and the 
evaluation can be integrated with real-time data from a FFCS 
provider. Most notably, this is the first work to the knowledge 
of the authors with a quantitative evaluation of relocation 
strategies in FFCS and the first study that uses real-world data 
from a FFCS provider for the evaluation. Though 
experimental studies on the demand forecast and evaluation of 
planning models need to be extended, current results provide 
novel and reliable insights into effective relocation planning 
in FFCS systems. The approach is closely aligned to practical 
conditions of FFCS systems and the proposed strategies can 
directly be tested by FFCS providers. Providers would not 
need to invest in more than in an extension for their smart 
phone apps. Finally, with these results, the study provided 
insights into the question how car sharing can contribute to 
sustainable PSSs in the automobile industry. 

Future research plans include mathematical formulations 
for the selection and implementation of relocation strategies 
and the definition of respective weights. 
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