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Abstract
Car sharing (CS) services have become popular due to their financial and environmental
benefits. The CS operators have offered flexibility by allowing one-way trips which resulted
in vehicle imbalance in the service area. They have then introduced rebalancing operations
to reduce the imbalance, and thus, to increase the level of service. The methods studied
in the literature focus on forecasting the demand to determine the rebalancing strategy.
This work proposes a framework which compares different strategies to solve rebalancing
operations in one-way station-based car sharing systems in terms of cost and level of service.
One of the crucial components of this framework is a demand model that represents the
daily flow in the network. Instead of collecting the trip demand data, we feed the trip
demand output of Multi-Agent Transport Simulation Toolkit (MATSim) as an input to
our framework. This also allows us to explore the different uncertainties that can occur
in the system, such as fluctuations in trip demand. The results of the framework help
the decision maker to better analyze the system and choose the best rebalancing strategy
under different scenarios.
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1

Introduction

The global greenhouse gas emissions become more and more concerning. According to
the United States Environmental Protection Agency (EPA), the main contributor is
found to be the transportation activities with 37.5% of the US CO2 emissions in 2019.
Among several contributors, passenger cars is the largest one with 40.5% (EPA, 2021).
Sharing economy is one of the approaches in transportation that aims to reduce emissions.
Amatuni et al. (2020) show that introducing a car sharing system results in at least 3%
and up to 18% reduction in CO2 emissions.
The history of car sharing starts with the initiative named "Selbstfahrergemeinschaft"
in Zurich, Switzerland, in 1948 (Shaheen et al., 1998). As these systems require a user
identification, which was not easy at the time, they were small and local. They have
become larger and more popular with the advances in technology as it has become much
easier to operate these kinds of systems. The raising environmental concerns has also
been an important contributor. The usage cost is generally determined as a function of
distance traveled and the duration of the rental. Using the car sharing system takes away
the burden of maintenance works and insurance costs and spreads it over several users.
This makes the car sharing attractive from the user-point of view not only because it is
less costly, but also because of its convenience. Some examples from the world include
Mobility in Switzerland, SHARE NOW in several cities around Europe, and Zipcar in
several countries in the world including the United States.
There are several possible configurations of car sharing systems. The system can be either
station-based, i.e., the parking spots are pre-defined and allocated for the car sharing
system only, or free-floating, i.e., the parking can be done within a pre-defined area that
is in general the whole system operation area. The trip configuration can be round-trip
and one-way. In the former, the user is required to return the car to the same parking
spot that she picked it up. The latter does not impose this requirement, which results
in vehicle imbalance throughout the system operation area. In order to overcome this
imbalance, the operators usually deploy rebalancing operations. These operations can
take place when the system is closed or low in operation, such as at night, which is called
static rebalancing. It is also possible to rebalance vehicles at any time of the day, that is
while the system serves the users. The dynamic rebalancing operations further split into
two in terms of application: online and offline. In online dynamic rebalancing operations,
the rebalancing decisions are made at the beginning of each time horizon and utilize a
rolling horizon approach, whilst in offline dynamic rebalancing the decisions are made at
the beginning of the horizon and do not change.

The complexity of rebalancing operations in car sharing does not only come from the
determination of which vehicle is going to be relocated to which station. As it is impractical
to rebalance cars using trucks (as in bike sharing systems), the operator should either
hire staff that will relocate the cars or apply incentives to make the users rebalance the
system. The latter approach, that is mostly referred as user-based rebalancing in the
literature, uses some dynamic pricing techniques. In this application, different prices are
offered to the system users. The operator aims to affect users’ decisions to make them
take the initiative to perform less popular trips. On the other hand, when staff-based
rebalancing is used, staff routing adds an additional dimension to the problem. This work
focuses on operator-based rebalancing operations.
Although there is considerable amount of research on car sharing, few of them consider
disaggregate information. This is due to several reasons. For example, obtaining disaggregate data is not easy. The operator should conduct or obtain a detailed survey.
Also, it is computationally difficult to utilize disaggregate data. On the other hand, it is
essential to use such data to see the direct effect on the individuals such as mode choice.
Activity-based multi-agent transport simulation is one tool to handle this. However, they
lack the representation of the supply side such as rebalancing operations. Therefore, we
propose a methodological framework that consists of both the demand side (mode choice
and disaggregate simulation) and the supply side (rebalancing operations).
The rest of the paper is organized as follows. Section 2 reviews the car sharing literature
from three aspects: rebalancing operations optimization, discrete choice models, and
activity-based multi-agent transport simulation. In Section 3, we introduce the methodological framework and its components. Later in Section 4, we present the first results
of this framework. We conclude the paper by giving some future research directions in
Section 5.

2

Literature review

This section first investigates both supply and demand side operations of car sharing
systems at operational level by reviewing works on rebalancing operations optimization
and choice models. Later, we survey the transport simulations that are able to handle
disaggregate trip demand information. Finally, we go through works that are similar to
our research and specify the research gap.

2.1

Rebalancing operations optimization

The imbalance created in car sharing systems by one-way trips can be overcome by applying
vehicle rebalancing. In this subsection, we talk about some works on operator-based
rebalancing operations in one-way station-based car sharing systems. For a more thorough
review on such systems, the reader is kindly referred to Illgen and Höck (2019).
Rebalancing operations optimization can be decomposed into two sub problems: vehicle
rebalancing and staff relocation. The staff can be relocated in several ways, such as by
using foldable bikes (Martin et al., 2021), public transportation (Repoux et al., 2019),
car pooling with other staff members (Martin and Minner, 2021), and foldable scooters
(Martínez et al., 2017). The staff is less restricted when they use foldable bikes or scooters
as they do not need to take the public transport schedule into account and do not rely on
their colleagues to car pool. On the other hand, it requires physical effort. Although many
papers ignore the staff relocation problem in the literature and only deals with vehicle
rebalancing, it is important to consider them both because they are crucial to determine
whether the proposed solution is feasible and they contribute to the cost function. Some
system parameters, such as available number of vehicles and staff, and target level of
service impose further constraints to the problem.
The objective of such operations can be operator-focused, i.e., maximizing the profit or
minimizing the total cost (Gambella et al., 2018), and/or user-focused, i.e., minimizing
the lost demand or maximizing the user satisfaction (Zhao et al., 2018; Repoux et al.,
2019). In general, the cost function consists of vehicle rebalancing, staff relocating, and
maintenance costs. The user-focused approaches often assume that the trip demand is
known a priori and calculate the level of service as the ratio of total satisfied trip demand
to total trip demand. The authors usually consider one of these objectives and constrain
on the other one.
When electric vehicles are also involved in the system, the charging requirements impose
additional constraints (Gambella et al., 2018). On the other hand, deploying autonomous
cars in the sharing system eliminates the staff relocation problem. Although this work
does not consider neither electric nor autonomous cars, our proposed framework is still
applicable with slight changes.
The dynamic rebalancing operations further involves time dimension. Generally, the
network is extended to a time-space network, also known as time-expanded and timeextended graph, to keep track of the time (Gambella et al., 2018; Zhao et al., 2018).

This increases the computational complexity of the problem. The literature consists of
several approaches such as heuristic algorithms (Gambella et al., 2018), decomposition
methods (Zhao et al., 2018), and branch-and-bound (Boyacı et al., 2015) to overcome the
computational burden.

2.2

Choice models

Discrete choice models are utilized to describe, explain, and predict among two or more
discrete alternatives. In the context of transportation, this can translate to mode choice.
Furthermore, the derived utility functions allow analysis on several characteristics of car
sharing such as mode share and the effect of socio-economic characteristics on the mode
share.
In order to estimate choice models, the first step is to collect the data. These can be
obtained through stated-preference (SP) surveys (Dias et al., 2017; Carrone et al., 2020)
and combination of both SP and revealed-preference (RP) surveys (Li and Kamargianni,
2019; Cartenì et al., 2016). To the best of our knowledge, there does not exist a work that
develops a choice model in car sharing using RP data only. SP surveys can be conducted
whether or not the service is available to the users, whilst an RP survey requires a
well-established system.
The literature consists of several different discrete choice models developed regarding the
mode choice in the presence of car sharing system. These include variances of probit
model (Dias et al., 2017), logit model (Carrone et al., 2020; Cartenì et al., 2016), nested
logit model (Li and Kamargianni, 2019; Catalano et al., 2008), and multinomial logit
model (Catalano et al., 2008). Some works also explore the effect of latent variables such
as advocacy of car sharing service (Li and Kamargianni, 2019). In general, the considered
transport modes are public transportation, private car, bike and walk. Few works also
consider bike-sharing, electric bike, taxi (Li and Kamargianni, 2019), ride-sourcing (Dias
et al., 2017), car-pooling (Catalano et al., 2008), two-wheeler sharing, and prospective
future vehicles (Zhou et al., 2020).
These works present interesting results. Less educated people prefer car sharing less than
more educated ones (Li and Kamargianni, 2020; Zhou et al., 2020). Furthermore, they
are more sensitive to increase in price of car-sharing service, i.e., an increase in travel
cost further pushes away people that are less educated. The findings of Dias et al. (2017)

also support that well-educated people tend to use car-sharing more as well as young and
rich people. Residing in high density neighborhoods is another common characteristic
of car-sharing users. On the other hand, the presence of children plays a negative role
in choosing car sharing (Dias et al., 2017), possibly due to more complex activity-travel
patterns and budget constraints.
Carrone et al. (2020) claim that the value of time spent during park place search with
a car sharing vehicle is 20% more than the value of time spent during the actual travel.
The survey conducted by Migliore et al. (2018) reveals that the car sharing users consider
the unavailability of cars as a weakness of the service. These findings imply that the
availability of both vehicles and parking is an important factor.
The question of whether car sharing substitutes or complements public transport has
different answers in the literature. The results from Migliore et al. (2018) show that
car sharing is complementary to public transport whilst Migliore et al. (2020) claim
that a shared car replaces four private cars. Furthermore, Carrone et al. (2020) find
that station-based services complement public transport while free-floating car sharing
substitutes it. In general, it is a substitution for public transport. Last but not least, Li
and Kamargianni (2020) note that private car usage does not reduce when car sharing
service is more attractive, instead public transport is sacrificed much more. When radical
policies are applied, such as considerably increasing private car travel cost and parking
cost, the results claim otherwise, meaning that private car usage reduces with a car sharing
service.

2.3

Transport simulation

The car sharing research is mostly focused on using aggregate trip demand information.
This aggregation can be done at many levels including spatial and temporal. The need for
aggregation usually results from the fact that handling disaggregate data is computationally
challenging. To utilize disaggregate data, there is a need for a sophisticated toolkit.
Four-step trip-based models (FSM) are one of the most popular approaches in the literature.
These models include four main components: (1) trip generation, (2) trip distribution, (3)
mode choice, and (4) traffic assignment (Vosooghi et al., 2017). However, these models
cannot answer complex questions as they are static and sequential (Balać et al., 2015).
There are several transport simulation toolkits in the literature that are activity-based

multi-agent platforms. Some open source examples are Multi-Agent Transport Simulation
Toolkit (MATSim), SimMobility, and mobiTopp (Vosooghi et al., 2017). The first is
implemented in Java programming language, and is able to simulate millions of agents in a
metropolitan area for one day. It is a modular toolkit and follows a queue-based approach
(Horni et al., 2016). Another modular platform SimMobility of which the application
area is wider than MATSim aims to analyze the impacts on transport networks, vehicle
emissions, and intelligent transportation services. It consists of three primary modules,
i.e., short-term, mid-term, and long-term. These correspond to operational, tactical,
and strategic decision levels, respectively (Adnan et al., 2016). Although mobiTopp was
originally designed to simulate one day, it is later extended to run an analysis of one week.
It is similar to SimMobility in the sense that it has two parts: short-term and long-term
modules (Reiffer et al., 2021).
As car sharing requires modeling both spatial and temporal location of vehicles, the
aggregate FSM cannot provide a detailed analysis. Thanks to the disaggregate nature
of MATSim and the car sharing API, it is possible to conduct more thorough analyses
and answer more complex scientific questions for such systems (Balać et al., 2015). For
example, Balać and Ciari (2015) design strategies, i.e., a base scenario and two strategies,
that help them to understand potential car sharing demand. Only round-trip car sharing
is available in the base scenario. The two strategies are set up as follows: the first starts
with the original distribution of the vehicles and tries to find a stable state where the car
sharing serves the most number of trips, whilst the second starts with infinite number
of cars at each station and the resulting number of cars per station is used as an initial
configuration.

2.4

This work

Next, we present two papers that adopt a similar idea to the one presented in this paper.
Martínez et al. (2017) claim that their work is the first to include both an agent-based
simulation and the supply side to analyze a one-way car sharing system. They develop
a detailed agent-based model that simulates such a system. This simulation utilizes a
stochastic demand model discretized in time and space. The framework is applied to a
case study in Lisbon, Portugal. Dynamic rebalancing is adopted and the two types of
agents are staff members and users. Staff members stay in a depot, and assigned to a
operations such as maintenance, relocation, and refueling, when necessary. In Vasconcelos

et al. (2017), the authors use the agent-based model developed in Martínez et al. (2017).
First, they consider two base cases: with and without rebalancing operations. They also
investigate three different policies to see the effect of electric vehicle adoption: (1) making
parking free for electric vehicles, (2) VAT tax exemption for electric vehicles, and (3)
more competitive prices for electric vehicles. The results show that all three policies show
positive annual net profit for the operator, where the third policy brings the most annual
net profit. However, the first two policies are more dependent on governmental decisions
whilst the third depends mostly on the car manufacturer.
We also follow a similar approach to Martínez et al. (2017) and Vasconcelos et al. (2017)
in the sense that we consider both supply and demand side of car sharing to analyze
different strategies. Instead of developing a new agent-based simulation, we use MATSim.
As discussed earlier, MATSim is a powerful toolkit that always expands and improves.
The availability of car sharing API also makes it appealing for our framework. Also,
the data for several cities in the world and the source code are openly available for
research. This work is a preliminary work where we test two strategies: with and without
rebalancing operations similar to Vasconcelos et al. (2017). However, our work incorporates
a rebalancing operations optimization in the framework unlike these two studies.

3

Methodology

This section presents the proposed framework that aims to determine the added-value of
rebalancing operations in one-way station-based car sharing systems. We first explain the
framework (Figure 1) in general terms and then go into the details later in this section.
This framework has three main components: the agent-based transport simulator (in
our case, MATSim), rebalancing operations optimization that follows the rebalancing
operations strategy, and choice modeling that affects the plans of the agents. After
simulating one day for some pre-specified number of iterations using MATSim, the realized
daily trips are obtained. Using this information, the final state of the vehicles and parking
spots are computed and given to the rebalancing operations optimization as an input. The
rebalancing module applies a rebalancing operations strategy which changes the initial
configuration of the following day. This changes the choices of the agents in the next
iteration of our framework. The initial vehicle and parking configuration along with the
plans, facility, and network files are fed back to MATSim.

Figure 1: The proposed framework

MATSim is an activity-based, modular, and multi-agent simulation framework (Horni
et al., 2016). It implements a queue-based model. This way, it is possible to run large-scale
scenarios efficiently. Although it is designed to experiment a single day, it is also possible
to implement a multi-day model. The general working principle of MATSim is based
on the co-evolutionary principle. It does not only involve route assignment, but also
incorporates time, mode, and destination choice.
There are five main modules of MATSim (Figure 2). An initial demand that is derived
from empirical data through sampling or discrete choice modeling is an input for the
first iteration along with the configuration file and the city characteristics such as the
city network, transit schedule and facilities. Then, mobsim module simulates one single
day and the scores are calculated by the module scoring. One should note that more
recent versions include choice modeling in this part. Then, the replanning module allows
a certain percentage of agents to modify their plans. This modification can be done
randomly or according to some strategy such as best-response. This iterative loop, i.e.,
transport simulation, is repeated until a pre-specified number of iterations is reached.
Then, the output of the last iteration is passed to the analyses module for further analysis
on both the final state and the progress of the simulation. More detailed information on
MATSim, such as how the city network and population are created, is available in Horni
et al. (2016).

The first efforts to include car sharing in MATSim started in 2009 (Ciari et al., 2010).

Figure 2: The MATSim loop (Horni et al., 2016)

All three configurations of car sharing, i.e., round-trip, one-way and free-floating, are
currently available in car sharing API of MATSim. Ciari and Balać (2016) present the
general functionality of this API.
For the sake of completeness, we next present the working principle of one-way car sharing:
(1) after the agent finishes her activity, she finds the closest car sharing station with an
available car and reserves one, (2) walks to the station, (3) finds the closest station to her
destination and reserves a free parking spot, (4) drives the car to the reserved spot, (5)
parks it and ends the rental, (6) walks to the next activity, and (7) follows the rest of the
daily plan Ciari and Balać (2016).
After a specific number of iterations is reached, the realized trips information provides
the final state of the vehicles and parking, that can be used by the rebalancing operations.
The literature consists of several different strategies to conduct rebalancing operations,
such as proactive and reactive. For the current state of the research, we build up the
framework and get preliminary insights by following two simple rebalancing operations
strategies.
The first strategy is a "do nothing" strategy. As the name implies, the final configuration
of vehicles of the previous iteration is taken as an initial vehicle configuration for the next
iteration. The second strategy is called "rebalance". We first calculate the minimum
vehicle inventory reached per station during the day, and define this as minimum number
of vehicles required for that station. Then, if the total number of minimum required
vehicles per station is less than the initial number of vehicles, we sequentially distribute the
excess number of vehicles among stations. This becomes the initial vehicle configuration
for the following iteration. The initial free parking configuration is computed by taking
the difference between available spots and the number of vehicles at each station.
The generalized cost of car sharing travel from activity q − 1 to activity q used in MATSim

is shown in Equation (2) (Ciari and Balać, 2016).
Utrav,q,cs = αcs + βc,cs · ct · tr + βc,cs · cd · d + βt,walk · (ta + te ) + βt,cs · t

(1)

Here, the first term αcs refers to the alternative specific constant. This value differs
for different types of car sharing configurations. The next two terms relate to the time
and distance dependent components of the fee, respectively. Specifically, tr is the total
reservation time and ct is the cost of one hour of reservation time, d is the distance
travelled by car sharing vehicle and cd is the cost of one kilometer travel. The fourth
term takes the access and egress times into account and the last component considers the
in-vehicle travel time. Therefore, the coefficients related to car sharing can be interpreted
as follows:
• βc,cs is the marginal utility of an additional unit of money spent on traveling with
car sharing and
• βt,cs is the marginal utility of an additional unit of time spent on traveling with car
sharing.
For the other modes available in MATSim, such as walking, private car, public transportation, bike, the utility of traveling is as follows:
Utrav,q,mode = αmode + βc,mode · cd · d + βt,mode · t

(2)

One should note that this work presents a very early stage of the research. For the time
being, neither rebalancing operations optimization nor choice modeling is integrated into
the framework. Instead, we use some easy-to-apply strategies for rebalancing operations
and the utility function definitions for the transport modes are used as they are suggested
in the instance provided by the MATSim developers for the studied case study. In fact,
following the literature review on rebalancing operations optimization in one-way stationbased car sharing systems, we have selected two different strategies from the literature as
candidates to be integrated to our framework (Gambella et al., 2018; Zhao et al., 2018).
However, we do not discuss them in details here as they are still under development.

4

Preliminary results

This work utilizes the Sioux Falls, South Dakota, USA scenario, that is publicly available
in (MATSim, 2022). The simplified network, that contains the major roads of the city, can
be seen in Figure 3. The population file includes 84110 agents, and we run 100% of the
population. The three main activities that the agents have in their plans are home, work
(67%), and secondary (32.3%). As all the plans start and finish at home, this is always
included in agents’ plans. The facilities consist of home (83.3%), work (11.1%), secondary
(5.3%), and edu (0.3%) places. The available transport modes are car, public transport,
bike, walk, and one-way car sharing. The two other types of car sharing available in
MATSim, i.e., return-trip and free-floating, as well as competition between different car
sharing service providers are not considered in this study.
Figure 3: Sioux Falls scenario

We further create car sharing stations and membership information as this scenario does
not provide car sharing infrastructure. The created car sharing stations can be seen at
each main intersection of the network in Figure 3. This makes to 24 stations in total.

For preliminary experiments, we start with an initial configuration where 5 vehicles and
5 free parking spots are available at each station. Then, for the "do-nothing" scenario,
we determine the final configuration of the vehicles for one iteration, and feed it back to
MATSim as an initial configuration for the next iteration and run it. This reflects not
doing any rebalancing. For the "rebalance" scenario, the minimum required vehicles per
station is computed and the free parking is determined where each station has 10 total
parking spots.
The literature argues that the search distance, that is willingness to walk to a car sharing
station, changes between 400 meters and 800 meters (Shaheen et al., 2016). As these
distances translate to a very wide area in a small network like Sioux Falls, we set the
search distance to 200 meters. For the time being, we assume that every agent has access
to the car sharing system. In other words, every agent has a car sharing membership.
For the preliminary experiments, we run the transport simulation for 100 iterations
and the outer loop of the framework for 10 iterations. We observe that 100 iterations
within MATSim takes around 20-25 minutes. In Figure 4, we see that the simulation
converges after 65-70 iterations. So, for future work, we can lower the number of iterations
within MATSim to 70 and save from computation time. We assume that the rebalancing
operations take place instantly and they do not incur any cost. In future work, this
will be included in the framework to be able to evaluate the added-value of rebalancing
operations.

When we look at the mode share results from the "rebalance" strategy in Figure 5, we see
that the mode shares for car, public transport, bike, walk, and one-way car sharing are
70.9%, 9.6%, 9.6%, 9.7%, and 0.2%, respectively. Martínez et al. (2017) observe that the
modal share of car sharing service is 2.4% in Lisbon, Portugal. Among these users, 40%
of them shifts from walking, 26% from private car, and 32% from public transportation,
compared to the baseline scenario where no car sharing service is available. Li and
Kamargianni (2020) show that the modal split for car sharing changes between 18.8%
and 21.6% for short distance and between 19% and 23.3% for long distance, depending on
the adopted scenario in Taiyuan, China. In Palermo, Italy, Catalano et al. (2008) claim
that the modal split of car sharing can be increased up to 10% depending on some future
pricing strategies. Our results show that the mode share for the car sharing service much
lower than the ones indicated in the literature. Therefore, future work includes analyzing
this.

Figure 4: The score statistics for "rebalance" strategy

Figure 5: The mode statistics for "rebalance" strategy

Regarding the trip purpose of car sharing trips, we observe that 56% is related to work
activities (47.9% from home to work, 8.1% from work to home) and 44% is related to
secondary activities (22.2% from home to secondary, 21.8% from secondary to home).
We also analyze the number of rentals for each iteration (Figure 6). The x-axis refers to
the iterations conducted in the outer loop of the framework rather than within MATSim.

With the "rebalance" strategy, we see that the number of rentals stay around the same
values (minimum value is 198 and the maximum value is 248). Interestingly, we see
fluctuations instead of a trend. One reason can be due to unnecessary rebalancing that
hardly leaves parking spots in the necessary positions. On the other hand, we need to run
the tests several times to confirm whether this fluctuation occurs in the long-run, and if so
investigate the possible reasons. When we look at the values obtained with "do nothing"
strategy, we see consistent results as there is lower number of rentals with this strategy
compared to "rebalance" strategy. In fact, the number of rentals gets lower and lower
as the iterations proceed. This is expected as the stations who have more pick-ups than
drop-offs start emptying and the stations who have more drop-offs than pick-ups start
being filled with vehicles that are not used.
Figure 6: The number of rentals for both strategies

Another interesting observation from Figure 6 is that with "do-nothing" strategy the
number of rentals tend to decrease for some number of iterations after reaching a high
number of rentals. On the other hand, with the "rebalance" strategy, we see that the
number of rentals tend to increase after reaching a low number of rentals. This makes
sense as the overall trend of number of rentals decreases with the "do nothing" strategy
whereas it increases with the "rebalance" strategy. This promising result will be further
examined in future work.

5

Conclusion and future work

In this paper, we present an early attempt to create a framework that integrates transport
simulation, rebalancing operations optimization, and choice modeling. The main purpose of
this framework is to exploit the disaggregate nature of the multi-agent transport simulation
(MATSim) toolkit and evaluate different strategies to solve rebalancing operations in
one-way station-based car sharing systems. We go through the literature regarding these
three main topics in one-way station-based car sharing systems to better position ourselves
in building this framework. Later, we present some preliminary analyses on a case study
from Sioux Falls, US.
As this is a preliminary work, future work includes many aspects. First of all, investigating
the two simple rebalancing strategies studied in this paper with more number of iterations is
important to achieve stable results. Then, we plan to integrate the rebalancing operations
optimization in our framework. To do that, we consider using the two strategies by
Gambella et al. (2018) and Zhao et al. (2018). Finally, we aim at including a choice model
in the framework. Regarding the case studies, to be able to compare our results with the
literature, we plan to use Switzerland scenario.

6

References

Adnan, M., F. C. Pereira, C. M. L. Azevedo, K. Basak, M. Lovric, S. Raveau, Y. Zhu,
J. Ferreira, C. Zegras and M. Ben-Akiva (2016) Simmobility: A multi-scale integrated
agent-based simulation platform, paper presented at the 95th Annual Meeting of the
Transportation Research Board Forthcoming in Transportation Research Record.
Amatuni, L., J. Ottelin, B. Steubing and J. M. Mogollón (2020) Does car sharing reduce
greenhouse gas emissions? Assessing the modal shift and lifetime shift rebound effects
from a life cycle perspective, Journal of Cleaner Production, 266, 121869, ISSN 09596526.
Balać, M. and F. Ciari (2015) Enhancement of the carsharing fleet utilization, paper
presented at the 15th Swiss Transport Research Conference (STRC 2015).
Balać, M., F. Ciari and K. W. Axhausen (2015) Carsharing demand estimation: Zurich,
Switzerland, area case study, Transportation Research Record, 2563 (1) 10–18.

Boyacı, B., K. G. Zografos and N. Geroliminis (2015) An optimization framework for the
development of efficient one-way car-sharing systems, European Journal of Operational
Research, 240 (3) 718 – 733, ISSN 0377-2217.
Carrone, A. P., V. M. Hoening, A. F. Jensen, S. E. Mabit and J. Rich (2020) Understanding
car sharing preferences and mode substitution patterns: A stated preference experiment,
Transport policy, 98, 139–147.
Cartenì, A., E. Cascetta and S. de Luca (2016) A random utility model for park carsharing
services and the pure preference for electric vehicles, Transport Policy, 48, 49–59, ISSN
0967-070X.
Catalano, M., B. L. Casto and M. Migliore (2008) Car sharing demand estimation and
urban transport demand modelling using stated preference techniques.
Ciari, F. and M. Balać (2016) Car Sharing, in A. Horni, K. Nagel and K. W. Axhausen
(eds.) The multi-agent transport simulation MATSim, 141–144, Ubiquity Press, London.
Ciari, F., N. Schüssler and K. W. Axhausen (2010) Estimation of car-sharing demand
using an activity-based microsimulation approach: model discussion and preliminary
results, Arbeitsberichte Verkehrs-und Raumplanung, 632.
Dias, F. F., P. S. Lavieri, V. M. Garikapati, S. Astroza, R. M. Pendyala and C. R. Bhat
(2017) A behavioral choice model of the use of car-sharing and ride-sourcing services,
Transportation, 44 (6) 1307–1323.
EPA
(2021)
Inventory
of
U.S.
Greenhouse
Gas
Emissions
and
Sinks:
1990-2019,
https://www.epa.gov/sites/default/files/
2021-04/documents/us-ghg-inventory-2021-main-text.pdf?VersionId=
yu89kg1O2qP754CdR8Qmyn4RRWc5iodZ.
Gambella, C., E. Malaguti, F. Masini and D. Vigo (2018) Optimizing relocation operations
in electric car-sharing, Omega, 81 (C) 234–245.
Horni, A., K. Nagel and K. W. Axhausen (2016) The multi-agent transport simulation
MATSim, Ubiquity Press, London.
Illgen, S. and M. Höck (2019) Literature review of the vehicle relocation problem in
one-way car sharing networks, Transportation Research Part B: Methodological, 120,
193 – 204, ISSN 0191-2615.

Li, W. and M. Kamargianni (2019) An integrated choice and latent variable model to
explore the influence of attitudinal and perceptual factors on shared mobility choices
and their value of time estimation, Transportation science, 54 (1) 62–83.
Li, W. and M. Kamargianni (2020) Steering short-term demand for car-sharing: A mode
choice and policy impact analysis by trip distance, Transportation, 47 (5) 2233–2265.
Martin, L. and S. Minner (2021) Feature-based selection of carsharing relocation modes,
Transportation research part E: logistics and transportation review, 149, 102270.
Martin, L., S. Minner, D. Poças and A. S. Schulz (2021) The competitive pickup and
delivery orienteering problem for balancing car-sharing systems, Transportation Science,
55 (6) 1232–1259.
Martínez, L. M., G. H. de Almeida Correia, F. Moura and M. M. Lopes (2017) Insights
into carsharing demand dynamics: Outputs of an agent-based model application to
Lisbon, Portugal, International Journal of Sustainable Transportation, 11 (2) 148–159.
MATSim (2022) https://www.matsim.org/gallery/sioux-falls. Accessed May 09,
2022.
Migliore, M., G. D’Orso and D. Caminiti (2018) The current and future role of carsharing in
Palermo: Analysis of collected data and results of a customer satisfaction survey, paper
presented at the 2018 IEEE International Conference on Environment and Electrical
Engineering and 2018 IEEE Industrial and Commercial Power Systems Europe (EEEIC
/ I CPS Europe), 1–6.
Migliore, M., G. D’Orso and D. Caminiti (2020) The environmental benefits of carsharing:
the case study of palermo., Transportation Research Procedia, 48, 2127–2139, 01 2020.
Reiffer, A., J. Kübler, L. Briem, M. Kagerbauer and P. Vortisch (2021) Integrating
urban last-mile package deliveries into an agent-based travel demand model, Procedia
Computer Science, 184, 178–185.
Repoux, M., M. Kaspi, B. Boyacı and N. Geroliminis (2019) Dynamic prediction-based
relocation policies in one-way station-based carsharing systems with complete journey
reservations, Transportation Research Part B: Methodological, 130, 82–104, ISSN 01912615.
Shaheen, S., L. Cano and M. Camel (2016) Exploring electric vehicle carsharing as a

mobility option for older adults: A case study of a senior adult community in the
San Francisco Bay Area, International Journal of Sustainable Transportation, 10 (5)
406–417.
Shaheen, S., D. Sperling and C. Wagner (1998) Carsharing in Europe and North America:
Past, present, and future, Transportation Quarterly, 52, 06 1998.
Vasconcelos, A. S., L. M. Martinez, G. H. Correia, D. C. Guimarães and T. L. Farias
(2017) Environmental and financial impacts of adopting alternative vehicle technologies
and relocation strategies in station-based one-way carsharing: An application in the
city of Lisbon, Portugal, Transportation Research Part D: Transport and Environment,
57, 350–362.
Vosooghi, R., J. Puchinger, M. Jankovic and G. Sirin (2017) A critical analysis of travel
demand estimation for new one-way carsharing systems, paper presented at the 2017
IEEE 20th International Conference on Intelligent Transportation Systems (ITSC),
199–205.
Zhao, M., X. Li, J. Yin, J. Cui, L. Yang and S. An (2018) An integrated framework
for electric vehicle rebalancing and staff relocation in one-way carsharing systems:
Model formulation and Lagrangian relaxation-based solution approach, Transportation
Research Part B: Methodological, 117, 542–572, ISSN 0191-2615.
Zhou, F., Z. Zheng, J. Whitehead, S. Washington, R. K. Perrons and L. Page (2020)
Preference heterogeneity in mode choice for car-sharing and shared automated vehicles,
Transportation Research Part A: Policy and Practice, 132, 633–650, ISSN 0965-8564.

