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Abstract: Carsharing has become increasingly popular in recent years as a sustainable transportation
solution, offering individuals access to shared vehicles on a short-term basis. One-way carsharing,
in particular, presents unique challenges due to its flexible nature, allowing users to pick up and
drop off vehicles at different locations within a designated service area. This flexibility increases
the service ridership but comes at the expense of vehicle imbalance among the stations, as some
stations may have excess vehicles while other stations have vehicle shortages. Therefore, carsharing
companies need to decide on strategies to ensure a balanced distribution of vehicles among the
stations. This is essential as unbalanced vehicle distribution can lead to the unavailability of vehicles
when needed or, conversely, result in an increased number of unnecessary rebalancing trips, thereby
exacerbating traffic congestion and environmental pollution. Such issues can potentially undermine
the overall contribution of carsharing to urban sustainability. To this end, this paper reviews the
vehicle imbalance problem that arises in this field and the solution algorithms that solve them.

Keywords: carsharing; vehicle balancing; resource dimensioning; fleet management; trip pricing

1. Introduction

Carsharing services (CSS) have gained more attention and interest from both industry and
academia. Numerous car rental agencies started to provide one-way CSS in addition to conventional
rental services. Global Market Trends estimated that the CSS market size exceeded 2 billion USD in
2020, and the annual growth rate is expected to grow over 24% by 2026.

Carsharing is an attractive mobility option due to its various advantages. Carsharing is a
cost-effective mobility option as users only pay for the time and distance they use, eliminating
expenses associated with vehicle ownership like insurance and maintenance [179]. Refraining from
owning a car would require individuals to limit their travels to essential trips, resulting in a reduction
in the overall number of vehicles on the roads, leading to lower carbon emissions and congestion [181].
It was shown by [3] that carsharing can decrease CO2 emissions between 3% and 18%. Moreover, it can
complement public transit systems, providing first- and last-mile connectivity and therefore promoting
sustainable urban mobility [158,180,181].

There are two types under which carsharing operates: one-way and two-way. The latter mandates
users pick up and return the car to the same location. In contrast, the former offers a more flexible and
convenient option as commuters can pick up and return the vehicle from different stations. Figure 1
shows the key difference in operating two-way and one-way carsharing. However, the flexibility
associated with operating one-way CSS is associated with an operational challenge of vehicle balancing
among the network’s stations, as some stations may have excess vehicles while others may have a
shortage of vehicles throughout the day. Vehicle unavailability at certain stations can cause demand
losses and poor service levels. Therefore, operating a one-way station-based carsharing faces a huge
operational challenge of vehicle balancing. Two commonly used strategies were explored to achieve
system balance in practice and literature: demand management and vehicle relocation strategies.
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Figure 1. (a) two-way carsharing vs. (b) one-way carsharing.

Demand management, on the one hand, can be done either by trip selection or by trip’s dynamic
pricing. The former allows the carsharing operator to choose profitable trips from a total demand,
i.e., the operator doesn’t necessarily need to fulfill all the commuting requests [70]. Dynamic pricing
imposes high rental rates for trips that increase imbalances and lower fares for trips that improve
the system’s balance, as the work of [115]. However, commuters’ acceptance of discounted trips to
balance the system is not guaranteed. Vehicle relocation strategies, on the other hand, mandate vehicle
movement between stations to achieve vehicle balance, and it can be user-based (UB) or operator-based
(OB) relocation.

UB relocation is usually done by customer incentivization, where commuters are incentivized
to change the pickup or delivery station or the vehicle access time. By doing this, the customer may
choose a less favorable location to reduce the balancing problem. Carsharing operators yet need to
find the optimal destination for a commuter to drop off the vehicle, the optimal incentive value, and
the prediction of the commuter’s willingness to accept the incentivized trip [170]. [177] showed that
substantial profit can be realized when commuters are incentivized to be more flexible in their choice
of pickup and delivery locations.

OB relocation, on the other hand, necessitates the operator to relocate the vehicles, which has
been studied by [90,138]. Operators either utilize a part-time staff [143] or full-time staff [142,178] to
perform the vehicle relocations. A trade-off between the staff and fleet sizes is among the key tactical
decisions to be made by the operator. For example, hiring a relatively large fleet and distributing them
among stations would lower the need for vehicle relocation and, therefore, the number of relocation
staff hired. Several operational decisions should be made when operating an OB relocation, such as
staff and vehicle routing and scheduling to ensure vehicle availability.

As described above, trip pricing to control the demand does not guarantee system balance.
Moreover, UB relocation is usually for short-distance relocations as it causes the users to alter their
origin or destination slightly. Therefore, it cannot guarantee a balanced system, even if all commuters
accept the incentives for vehicle relocations. Therefore, carsharing operators must accompany pricing
strategies or UB relocations with OB relocations to guarantee system balance. Therefore, we focus on
this study on the OB vehicle relocation formulations.

This paper aims to review the operational research issues arising in operating station-based
one-way carsharing and the proposed solution approaches to address them. The aim is to provide
scholars and carsharing operators with an overview of how to relocate vehicles effectively to ensure
vehicle availability and, therefore, increase carsharing ridership over private car ownership [2] from
one hand. On the other hand, finding optimal routes and optimal vehicle assignment to relocation
staff can decrease the total miles driven and, hence, lower the emissions generated. The works of [167]
and [96] inspire this research. [167] have surveyed the operational research issues in shared mobility
in general. The authors have successively reviewed the strategic, tactical, and operational decisions
from the operations research point of view and reviewed methods that solve these problems. [96] have
addressed the service operation issues of one-way carsharing systems from various aspects and scopes.
However, this is still an active field, and several research dimensions have emerged since that date.
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We review the vehicle rebalancing problem that arises in operating one-way carsharing. Although
this is an operational problem, there exists a connection between these challenges and strategic as well
as tactical considerations. Therefore, we review studies that address strategic, tactical, and operational
aspects, particularly those related to optimizing the OB relocation of vehicles. We systematically review
vehicle rebalancing, resource dimensioning and allocation, trip pricing, and station decisions. For
each topic, we present an overview of the problem and describe selected solution approaches that we
think are important. We further extend the review to include how the three-level decisions can impact
the commuters’ travel behavior and acceptance of the carsharing service. In other words, we review
studies that simultaneously considered the operator’s decisions and the commuters’ convenience
when planning the operation on one-way CSS.

2. Vehicle rebalancing

OB vehicle relocation can be either predictive or non-predictive [56]. Predictive rebalancing is
when the operator utilizes the historical trip transactions or complete vehicle reservation information
to plan the relocation proactively. Non-predictive relocations, or immediate relocation, refers to the
immediate fulfillment of the relocation demand [33].

The predictive rebalancing approach is performed in two steps: relocation needs determination
and relocation plan execution as in the work of [56]. In the former, the operator estimates the
commuter’s vehicle pickup and drop off at the network’s stations, then vehicle inventory at these
stations is estimated, and finally, relocation needs are computed. In the latter, the network flow model
is optimized where the operator first determines the upper and lower vehicle threshold at stations.
Then, an optimal relocation plan is performed so that the difference between the estimated inventory
level and the thresholds is minimized.

[172] also studied predictive relocation, where the authors used the Markovian model to
approximate the stations’ future states, and then the rebalancing strategy is optimized accordingly.
We are unaware of the existence of another optimization-based proactive relocation modeling.
Non-predictive relocation can be either static or dynamic [56,167].

Static rebalancing refers to the case where vehicles’ movement is only performed by relocation
staff while no commuters’ demands take place during the relocation. This is commonly observed
when performing overnight relocation with no commuter vehicle demand. This type of relocation
is relatively easier to solve due to lower uncertainty. While overnight relocation helps redistribute
vehicles after a day’s use, it may not effectively address fluctuations in demand and usage patterns that
occur throughout the day. Overnight relocation was studied by [143]. An integer programming model
to solve the overnight vehicle rebalancing problem was proposed. The authors considered temporary
workers to be hired to redistribute vehicles. The model aims to minimize the total rebalancing costs
while fulfilling the commuters’ demands by developing relocators’ employment plans and schedules.
Workers were allowed to move only using the shared vehicles that could be shared with other
temporary workers. To minimize movement costs, return restriction constraints were incorporated
into the model, ensuring that the last movement of each relocator would be back to their original
location. This way, participating relocators would not be required to bear the cost of participating in
the relocations operation. The authors proposed an iterative optimization approach to solve large-scale
relocation problems. It was shown that using a time-based salary reduces about 49% working hours
and about 34% of relocation costs.

Similar to [143] work, [168] considered vehicle movement only by relocation staff. The authors
presented a stochastic, mixed-integer program (MIP) to create the least cost vehicle relocation plan
while the stations’ demand is satisfied with a probability of at least p. The model assesses each station’s
short-term planning period, the fleet size, and available parking spaces. If there is a shortage of
vehicles, then vehicle movement is needed from a neighbor station. If the parking space at a station
exceeds a threshold, then a vehicle movement to a neighbor station is done to satisfy the demand
with a certain probability. Two distinct algorithms were introduced for efficiently solving stochastic
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programs in which randomness affects only the constraints’ right-hand side. These algorithms are
based on the concept of p-efficient points.

More formally, each station i is characterized by a capacity Ci and initial vehicles number Vi.
Moreover, there is a demand for vehicles and for parking spaces donated by a random variables of
known distributions ζv

i and ζs
i , respectively. The demand must be fulfilled with probability of at least p.

The relocation costs between stations i and j is donated by aij, and there is an additional penalty costs
for each relocated vehicle γ. A binary decision variables xij indicates whether a vehicle is relocated
from i to j. An integer decision variable yij presents the number of vehicles relocated from i to j. The
mathematical model is formulated as the following:

min ∑
i,j∈N

(aijxij + δyij) (1)

s.t.Pr

(

Vi + ∑
n
j=1(yji − yij) + ζs

i ≥ ζv
i , i ∈ N

Ci − Vi + ∑
n
j=1(yij − yji) + ζs

i ≥ ζv
i , i ∈ N

)

≥ p (2)

∑
j∈N

yij ≤ Vi ∀i ∈ N (3)

∑
j∈N

yji ≤ Ci − Vi ∀i ∈ N (4)

yij ≤ Mxij ∀i, j ∈ N (5)

yij ≥ 0 and integer, xij ∈ {0, 1} ∀i, j ∈ N (6)

The objective (1) is to minimize the relocation costs. Constraints (2) ensure that the demand (for
both the vehicles and parking spaces) is satisfied with at least a probability p. Constraints (3) ensure
that the total number of relocated vehicles out of a station can’t exceed its initial inventory Vi. While
Constraints (4) ensure that the number of relocated vehicles to a station i can’t exceed its capacity.
Constraints (5) are proposed to link x and y.

The authors conducted a thorough computational experiments using actual data obtained from the
Singapore carsharing system. The system consisted of 14 stations, a combined capacity of 202 spaces,
and a fleet of 94 vehicles. They conducted simulation studies and found that the suggested solution
strategies were effective and reliable. Furthermore, they analyzed the trade-offs between relocation
costs and the service level provided. The authors assumed unrealistic assumption of relocation staff
availability for relocation operations. Modeling the relocators’ routes and schedules is vital in ensuring
vehicle availability and system profitability.

Another stream of research formulated the static relocation problem as a set of relocation pickup
and delivery requests, i.e., requests to move a vehicle out of a station to prevent it from running out of
parking lots and requests to deliver vehicles to a station to prevent it from running out of vehicles,
respectively. We review two research works on this topic.

Determining the set of pickup and delivery requests of shared vehicles and finding the
optimal relocators’ routes to serve these requests to maximize the operator’s profit was solved
by [129]. The authors formulated a set-packing model to solve the problem and developed a
branch-and-cut-and-price algorithm. Specifically, the developed algorithm is a branch-and-bound
algorithm in which a column generation method is first applied in the branch-and-bound branch,
followed by the linearization of the problem using a relaxation method.

The authors determined only the routes of the relocation staff to serve the pickup and delivery
requests separately. [171], on the other hand, optimally found the routes and schedules of the relocation
staff to maximize the number of served requests by considering pickup and delivery pairs. The authors
proved the efficiency of their model in terms of running time and solution quality compared with
treating the pickup and delivery requests separately. The authors considered staff route familiarity,
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which is measured as the ratio of time reduction of a familiar staff’s relocation time to the unfamiliar
staff’s relocation time. For example, higher road familiarity leads to a lower relocation time and
distance, especially in complex road conditions where the unfamiliar staff will find it difficult to reach
the destination even with the powerful navigation function of Google Maps.

Dynamic vehicle relocations refer to the case that commuters’ can also move the shared vehicles
during the OB relocations. [109] proposed two formulations for operating and non-operating hours.
The former model optimizes the operator’s profit by solving an exact model for relocation operations
that determines, at the beginning of the day and for each vehicle, the optimal initial location. The
overnight relocation model can achieve this initial vehicle distribution. The authors formulated the
problem as a time-space network and defined the following arcs:

- Ac: donates customer request on arc a = (it, jt′), each time a commuter request is transversed by
this arc, there is a negative variation of vehicle energy, i.e. ca < 0, and a positive profit, i.e. pa > 0.

- Aw: waiting arc for either vehicles or relocation staff at a station i, a = (it, it′). Each waiting arc is
associated with a positive energy variation, ca > 0, and a zero profit, i.e. pa = 0

- Ar: vehicle relocation arc by at least one relocator, a = (it, jt′). Each relocation arc is associated with
a negative energy variation, i.e. ca < 0, and a negative profit, i.e. pa < 0.

- At: transfer arc a = (it, jt′), represents the relocator’s movement when they don’t move by vehicle
or wait at a station. Each transfer arc is correlated with a zero energy consumption, ca = 0, and a
zero generated profit, pa = 0.

Where the authors defined two sets of binary decision variables, related to the vehicle xh
a , a ∈ Ar ∪

Aw ∪ Ac and relocators y
q
a, a ∈ Ar ∪ Aw ∪ At taking value 1 when vehicle and relocator travel on arc

a = (it, jt′) respectively. Moreover, the authors defined decision variables related to the vehicle battery
charge, zh

t donating the vehicle h charge at time t.

max ∑
h∈H

∑
a∈Ac∪Ar

paxh
a (7)

∑
h∈H

xh
a 6 da a ∈ Ac (8)

∑
h∈H

∑
a=(it ,it+1)∈Aw

xh
a ≤ Ci i ∈ S, 0 ≤ t < Tmax (9)

∑
h∈H

∑
a∈(δ+(i0))∩(Ac∪Aw∪Ar)

xh
a ≤ Ci i ∈ S (10)

∑
i∈S

∑
a∈(δ+(i0))∩(Ac∪Aw∪Ar)

xh
a = 1 h ∈ H (11)

∑
a∈(δ+(i0))∩(Ac∪Aw∪Ar)

xh
a = ∑

a(δ−(i0))∩(Ac∪Aw∪Ar)

xh
a h ∈ H, i ∈ S, 1 < t < Tmax (12)

∑
i∈S

∑
a∈(δ+(i0))∩(Ac∪Aw∪Ar)

y
q
a = 1 q ∈ Q (13)

∑
a∈(δ+(i0))∩(Ac∪Aw∪Ar)

y
q
a = ∑

a(δ−(i0))∩(Ac∪Aw∪Ar)

y
q
a h ∈ H, i ∈ S, 1 < t < Tmax (14)

(x, y) ∈ B 1 < t < Tmax (15)

∑
h∈H

xh
a 6 ∑

q∈Q

y
q
a a ∈ Ar (16)

∑
q∈Q

y
q
a 6 B ∑

h∈H

xh
a a ∈ Ar (17)

xh
a ∈ {0, 1} h ∈ H, a ∈ Ac ∪ Aw ∪ Ar (18)

y
q
a ∈ {0, 1} q ∈ Q, a ∈ Ar ∪ At ∪ Aw (19)

The objective (7) is to maximize the profit, which is a function of the revenue associated with
the fulfilled customers’ requests minus the vehicle relocation costs. Constraints (8) guarantee that
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the customer demand is not exceeded. Stations’ capacity constraints at any time t >0 and at instant
t = 0 are guaranteed in Constraints (9) and (10), respectively. Constraints (11) ensure the vehicle’s
departure from one station at the beginning of time 0, while the flow conservation at the network
nodes is in Constraints (12). Same conditions for the relocators are ensured in Constraints (13) and (14).
Constraints (15) impose the feasibility of the assigned trips regarding the battery charge. Matching
vehicles and relocators on the relocation arcs are imposed in Constraints (16) and (17). Constraints (16)
ensure that the number of vehicles traveling on a relocation arc a ∈ Ar is not greater than the number
of relocation staff, and Constraints (17) impose a limitation on the number of relocators who can travel
on a vehicle.

The above formulation describes the relocation for the operating hours by determining the optimal
initial location for each vehicle on the network. To meet the optimal initial locations of the vehicles, the
authors extended the model to the staff’s operations during non-operating hours. Additional variable
Ri that presents the number of requested vehicles at station i at the start of the next planning period.
The system configuration at the end of the day determines the initial vehicle position and initial battery
charge oh, z0

h. The same network is operated but with the removal of the commuter requests during
non-operating hours. Therefore, the overnight model for vehicle relocation is as follows:

max Z (20)

s.t. Z ≤ zTmax
h ∀h ∈ H (21)

∑
α∈(δ+(oh))∩(Aw∪Ar)

xh
a = 1 ∀h ∈ H (22)

∑
α∈(δ−(iTmax ))∩(Aw∪Ar)

xh
a = Ri ∀h ∈ H, i ∈ S (23)

The objective (20) is to maximize the charge level for all vehicles at the end of the day, which is defined
in (21). Constraints (22) ensure the vehicle’s departure from its initial location, while Constraints (23)
ensure the required vehicle distribution.

Finding the optimal solution for the presented model is impractical. Therefore, the authors
proposed two model-based heuristics for addressing the relocation problem in the context of large-scale
instances during operational hours. First, the authors proposed the removal or reduction of the
relocation density. This method ensures that the problem remains feasible as the relocators can still
move in the waiting arcs. The impact of relocation arc reduction on the optimal solution obtained
depends on the number of relocation arcs removed. Another approach proposed is the rolling horizon
approach, where the authors split the planning period into ρ sub-periods, and the rebalancing arcs
associated with the following period after the first sub-period are disabled. The resultant model is
then optimally solved, with the initial period’s value being set, and this process is repeated for the
subsequent sub-periods.

The two models for the daily relocation and the overnight staff schedules give the readers a
comprehensive optimization tool for managing shared vehicles with battery constraints.

3. Resource dimensioning and allocation

Most of the previously mentioned problems assumed that vehicles could be relocated between
stations regardless of staff’s availability to perform the relocation tasks. Resource dimensioning refers
to the problem of determining the ideal number of vehicles and relocation staff to be hired in a working
day to fulfill the relocation demand. Resource allocation refers to determining the optimal allocation
of the resources at the network’s stations and the staff’s assignments to various relocation tasks.
Determining the optimal number and allocation of resources is crucial in determining the profitability
of the carsharing system. We review five papers related to this topic, each distinctively formulated
the problem.
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[94] was the first to incorporate the staff balancing in modeling vehicle relocation in carsharing.
The authors proposed a three-phase decision support system that combines optimization, trend
analysis, and simulation to identify parameters that yield near-optimal results for vehicle relocation
operations. Staff rebalancing was considered at the optimization phase of the three-phase approach.
The relocators’ movements were modelled by binary decision variables indicating relocator’s activities
at each time t, whether a relocator relocates a vehicle between two stations, being rebalanced between
stations, waiting at a station, or maintaining a vehicle at a station. Although the model details the
relocators’ activities, it becomes computationally challenging for large-scale problems. Moreover, the
authors haven’t considered the optimal staff and vehicle level to minimize the overall costs.

Considering the spatial and temporal user’s flexibility regarding vehicle pickup and drop off on
the system profitability and vehicle utilization was also studied by [142]. [157] proposed a dynamic
decision support system to maximize the carsharing profit by solving the vehicle relocation problem.
The authors optimized the relocation operations and determined the ideal fleet size. An interesting
feature of their model is the testing the impact of increasing the reservation time, which is the
interval between vehicle request and pickup, on the optimal number of the fleet size. It was shown
that increasing the reservation time from 0 to 30 minutes can result in a substantial reduction of
approximately 86% in the fleet size. However, the authors did not consider staff balancing and
availability in their model.

Later, [140] solved the vehicle relocation and staff balancing problem while optimizing the staff
and fleet sizes to minimize the overall relocation costs. The authors formulated the problem using
two integrated multi-traveling salesman formulations; one presents the vehicle relocation, and the
other presents the staff balancing. The following questions regarding the vehicle relocation and staff
balancing were answered by solving the model: (1) given a set of user reservations, what should
be the ideal fleet and staff size to fulfill all these requests? (2) how should the vehicles be relocated
between the stations? (3) what should be the relocator’s assignment to different relocation tasks?
Since the model can’t solve instances of 40 users within an acceptable time, the authors proposed
a decomposition-based heuristic that divides the relocation model into a master problem (MP) and
a subproblem (SP). The MP focuses on solving vehicle relocation problems without considering
staff rebalancing. On the other hand, the SP utilizes the relocation solutions obtained from the MP
to address the staff rebalancing problem. After each MP and the SP iteration execution, a set of
additional constraints called “Relocation Restrictions” are identified and incorporated into the MP for
subsequent iterations. The results indicate that fleet size is more sensitive to demand than staff size.
Additionally, there is an inverse relationship between staff size and vehicle cost. The main drawback
of this formulation is that it assumes an optimized resource allocation at the beginning of the planning
period. Moreover, the model focused on fulfilling the commuter’s request without measuring the
waiting times for order fulfillment, which is a key service for users’ choice of shared mobility [75].

It is noteworthy to mention that the authors of [109] mentioned in Section 2 have considered
the staff balancing when deploying the relocation plan. Similar to their work, the authors in [147]
formulated the vehicle relocation problem and staff balancing using a time-space network. However,
the authors included determining the optimal vehicle and staff sizes and allocations to satisfy user
demands with the minimum overall costs. The model was formulated as a multi-vehicle routing
problem with complex coupling constraints, which proved difficult to address using existing solvers.
Therefore, the authors devised a tailored solution approach based on Lagrangian relaxation embedded
with forward dynamic programming and branch-and-bound. This custom approach allowed for a
more efficient and precise resolution of the model.

4. Trip pricing

The previously mentioned studies rely entirely on relocation staff to achieve system balance by
considering a fixed rental rate between stations throughout the day. Though never proven, the theory
is that carsharing systems could yield higher profits by managing the demand through pricing. In
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other words, significantly low rental prices will attract more commuters to the service and, therefore,
increase the operator’s revenue. However, it may not necessarily increase the profit as it may increase
the relocation expenses due to the increased decentralization of vehicles throughout the network.

[81] optimizes the vehicle fleet size and trip pricing while considering the vehicle relocation and
staff assignment to maximize the overall profit. Based on [138] work, in which the authors optimized
the vehicle relocations between stations, [115] introduced new decision variables to account for price
variations between pairs of zones and periods of the day. More formally, considering a predefined set
of carsharing stations at which the set of origin-destination demand is known in advance, the problem
aims to find newly optimized prices between station groups throughout a typical working day such
that the profit is maximized while fulfilling the demand. A summary of research works that studied
the operational and tactical decisions are summarized in Table 1.

Table 1. Tactical and operational decisions in modeling oneway carsharing.

Reference
Tactical decisions Operational decisions

Additional decisions
(1) (2) (3) (4) (5)

[145] - - ✓ - - Fleet allocation
[109] - - ✓ ✓ - Battery charge

[81] ✓ ✓ ✓ ✓ -
Staff assignment to vehicles
Trip pricing

[100] - - ✓ ✓ - Dynamic trip pricing
[143] ✓ ✓ ✓ ✓ - Vehicle & staff initial allocation
[171] - - ✓ ✓ - -
[129] - - ✓ ✓ - Staff routs & schedules

[112] ✓ ✓ ✓ ✓ ✓

State of charge of
a vehicle at a specified time
Vehicle and staff inventory
at a specified time at a
certain station
Vehicle assignment to a trip

[172] ✓ ✓ ✓ ✓ ✓ Vehicle and staff initial allocation

[168] - - ✓ - -
Parking space inventory
Vehicle inventory

[94] - - ✓ ✓ ✓
No. of rejected demand
No. of rejected vehicle return

[157] ✓ - ✓ - - Vehicle availability time
[140] ✓ ✓ ✓ ✓ - -

[147] ✓ ✓ ✓ ✓ -
Fleet initial allocation
Staff initial allocation
Battery volume at time steps

[82] - - ✓ - ✓ Find a profitable trip chain
[142] ✓ ✓ ✓ ✓ ✓ No. of vehicles being charged
[178] ✓ - ✓ ✓ - -

[102] ✓ - ✓ - -
Fleet initial allocation
Trip pricing

[110] - - ✓ ✓ -
Staff routes & schedules for
vehicle relocation

Note: (1) Fleet size, (2) Staff size, (3) Vehicle relocation, (4) Staff balancing, (5) Trip selection.

5. Carsharing stations related decisions

Vehicle availability is a crucial factor in the success of carsharing systems. However, it is vital
that users be able to access the service within an acceptable walking distance. Mainly, the number
of stations that can be operated is constrained by the availability of budget and land space. Many
researchers have studied station-related decisions regarding the number of stations to be installed,
their locations, and their size. Station size can refer to the number of car parking spaces allocated
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or the number of chargers installed. This section presents a series of papers that explicitly consider
station-related decisions and vehicle relocation.

The station location and vehicle relocation problem was solved by [70]. More formally, the
authors proposed mixed-integer linear programming (MILP) under three trip selection schemes to
optimally determine the station location for a given carsharing demand to maximize the operator’s
profit. This was the first work that considered the trip selection, which gives the operator more
flexibility in managing the supply-demand imbalance issue. The authors showed the importance of
the trip selection strategy (i.e., selecting profitable trips out of total demand) in determining carsharing
profitability. They showed that fulfilling all commuters’ requests would be unprofitable even under
high-pricing trips as it mandates the operator to deploy more vehicles. The authors, however, only
considered the overnight relocation while neglecting the staff balancing, as the main focus of the study
was on the depot location selection.

[174] addressed the station location selection, optimal fleet size, and vehicle balancing problem
to minimize the overall costs associated with these decisions under stochastic demand. To solve a
large-scale problem, the authors proposed a continuum approximation model under stochastic and
dynamic trip demands. The location problem is NP-hard, making the problem hard to solve; therefore,
the authors proposed a continuum approximation approach to overcome the modeling challenges.
This work may not be under mathematical modeling.

[164] jointly optimized the charging station location, fleet size, allocation, and relocation
operations. An accelerating solution based on Lagrangian relaxation was proposed to deal with
the complexity of the problem. The authors have neglected the difference in the energy demand for
different trips and assumed the operation of a homogeneous fleet. This is an important distinction, as
rental fare and energy consumption for a two-seat vehicle should be less than a four-seat vehicle. After
performing a series of sensitivity analyses, it was found that the total number of vehicles deployed
is dominated by demand, and the number of charging stations is not very sensitive to penalty and
relocation costs. However, the scale of the problem is still challenging.

[92] proposed a mixed-integer non-linear program (MINLP) to optimize the fleet size, station
capacity, and vehicle relocation by considering a time-varying state of charge of vehicles. In the
previously mentioned studies, the authors assumed that the vehicle could be available for rental
if fully charged, reducing vehicle utilization. Moreover, tracking the vehicle charge state causes
a huge computational burden. The authors proposed a hybrid heuristic method to handle the
computation burden.

The model is split into two subproblems: One focuses on determining the strategic decisions of
fleet sizing and number of parking spaces, which is referred to as station capacity. The second one
deals with the operational-level decisions regarding vehicle rebalancing. It is crucial to optimize both
levels jointly. More explicitly, at the strategic level, the model calculates the upper and lower bounds
for the fleet size. These bounds are determined by assuming that electric vehicles (EVs) are fully
charged before departure or by disregarding the constraints related to the battery capacity, respectively.
Once the fleet size and station capacity are known, a set of small-scale linear programs is created to
determine how to relocate vehicles effectively to meet travel demand within a rolling time frame. The
model utilizes a shadow price algorithm and a golden section line search method to optimize station
capacity and fleet size, aiming to maximize the overall profit. Results indicate that allocating only a
few vehicles or providing limited parking spaces for high demand will result in numerous unfulfilled
requests. Conversely, an excessive allocation of vehicles and parking spaces might result in the system
being underutilized. It should be noted that the authors haven’t optimized the stations’ locations
and numbers.

[72] also presented a MINLP; however, the authors aim to optimize the station capacity location
along with vehicle relocation to maximize the daily profit. The authors established a correlation
between the location variables and the likelihood of a user’s travel choice. To address this, they have
developed a specialized gradient algorithm.
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Similarly, [175] presented a two-stage stochastic program aimed at optimizing carsharing
profitability. The number of parking spaces and vehicle and staff sizes are determined in stage
one; stage two assesses the profitability of the stage one decisions and determines the vehicle relocation
and vehicle assignment in response to various demand realizations. To address the complexities
arising from the interactions among variables across these two stages, the authors introduced a novel
concept termed service reliability (SR). The SR-based modeling approach separates the long-term
strategic planning and the short-term operational decisions into two distinct problems. These problems
are connected through SR. In other words, the first-stage decisions are optimized for a specific SR.
Then, in the second stage, operational decisions are made considering the actual stochastic demand to
maximize overall profit and mitigate the negative impacts of fluctuating and uncertain demand. It
was shown that the SR-based two-stage model has the potential to assist one-way carsharing service
providers in achieving higher profitability.

An interesting approach involves integrating optimization and simulation modeling to explore
the integration of strategic planning and operational decisions. In [165] work, the authors optimized
the allocation of the parking space and how vehicles should be distributed initially to specific zones
while considering the relocation activities to minimize the overall expenses. The operational planning
problem incorporates demand uncertainty. The model is formulated as the following:

min Ci ∑
i∈N

xi + w ∗ v + R(x, v) + Q(x, v) (24)

s.t. g(x, v) ≤ α (25)

xi ≥ vi, ∀i ∈ N (26)
N

∑
i=1

vi = v (27)

xi, vi ∈ Z+ (28)

Where Ci, is the cost of renting a parking space in zone i; x is a vector with a dimension that
presents the number of zones, and its value presents the number of parking spaces at each zone. w is
the vehicle’s daily depreciation costs; v presents the system’s total number of vehicles; while vi presents
the number of vehicles initially placed in zone i. Vehicle balancing costs are presented by R(x, v),
Q(x, v) presents the additional parking costs incurred when a commuter doesn’t find an available
parking space; g(x, v) is the commuter loss rate due to vehicle unavailability at the time of rental; α is
the maximum customer rate loss that can be tolerated.

The objective (24) is to minimize the overall costs, which include the parking rental costs, vehicle
depreciation costs, and relocation costs. Constraint (25) is the main constraint not to exceed a demand
loss rate α. While Constraints (26),(27), and (28) defines the search space.

To facilitate the computation, the model is relaxed by incorporating the violation of Constraint
(25) in the objective function as a penalty costs µ. The updated objective function is shown in (29).

min f (x, v) = Ci ∑
i∈N

xi + w ∗ v + R(x, v) + Q(x, v) + µ ∗ (g(x, v)− α)2 (29)

Due to the computational complexity of solving the relocation operation, which must respond
to real-time demand changes, a discrete event simulator is adopted. In other words, a discrete event
simulator is created to approximate the values f (x, v), R(x, v), Q(x, v), g(x, v) for a given x and y as
shown in (30), (31),(32),(33), respectively.

More formally, for a given decision variables, parameters, and the number of simulations, k,
the simulator generates the necessary set of sample points that encompass the rebalancing costs, rk,
additional parking costs, qk, and the number of customers loss rate, gk for each demand scenario. γij is
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the rebalancing costs from zone i to j, rij is the number of rebalanced vehicles from zone i to j, pi is
the parking costs at zone i, sit is the number of vehicles at zone i at time t, dijt is the vehicle pickup
demand between zone i to j at time t.

f (x, v) ∼ Ci ∑
i∈N

xi + w ∗ v + R̂(x, v) + Q̂(x, v) + µ ∗ (ĝ(x, v)− α)2 (30)

R̂(x, v) =
∑ rk

K
, rk = ∑

t∈T
∑

j∈N,i 6=j
∑
i∈N

γij ∗ rijt (31)

Q̂(x, v) =
∑ qk

K
, qk = ∑

t∈T
∑
i∈N

pi ∗ max(sit − xi, 0) (32)

ĝ(x, v) =
∑ gk

K
, gk =

∑t∈T ∑i∈N max(∑j∈N, 6=i dijt − sit, 0)

∑t∈T ∑j∈N, 6=i ∑i∈N dijt
(33)

The simulator calculates the rebalancing decisions between zones by applying an integer programming
model at the start of every hour. The objective is to minimize the rebalancing costs (34), while
guaranteeing that each zone can meet the specific loss rate for the following hour. The model is
formulated as the following:

min ∑
j∈N, 6=i

∑
i∈N

rijtγij (34)

Lit ≤ sit − ∑
j∈N, 6=i

rijt + ∑
j∈N, 6=i

rjit ≤ Uit (35)

∑
j∈N, 6=i

rijt ≤ sit (36)

r ∈ Z+ (37)

To explicitly consider the stochastic nature of the demand, the model calculates the lower (Lit) and
upper bound (Uit) of vehicle stock at each zone to meet the required service rate on vehicle pickups
and returns, respectively. This is guaranteed in Constraints (35). The lower limit of the vehicle stocks
is assumed when there are only vehicle returns, i.e., no commuter is requesting a vehicle pickup for
the next hour. The upper limit of vehicle stocks is assumed to be the station’s capacity. Constraints (36)
ensure that the number of relocated vehicles out of a station is not greater than the number of existing
vehicles. Constraints (37) specifies the domain of the decision variables.

The performance of various system configurations is assessed. The results demonstrate that the
optimal solutions when no rebalancing operations are considered to lead to a significantly higher
number of parking spaces to be rented and more vehicles to be purchased, which doesn’t improve the
demand loss rate. Moreover, rebalancing is highly needed in the case of high demand fluctuations and
high demand imbalance.

Recently,[156] proposed a holistic, collaborative mathematical formulation that encloses the three
decision levels. The authors optimized the strategic planning decisions involving the number, location,
and parking capacities of stations. They also optimized the tactical planning decisions related to fleet
size and initial vehicle distribution while considering all-day vehicle relocation and dynamic trip
selection at the operational level. The trip selection decision mandates the operator to choose profitable
and balanced trips, enhancing the self-balance ability.

Their model suggests that operators are advised to prioritize medium-long distance travel within a
travel time range of 30-60 minutes during periods of low demand. In high-demand and limited-source
scenarios, the selection of balanced trips is recommended. Another important finding is that relocation
cases yield higher profits compared to self-balanced cases, indicating that vehicle relocation has
a significant impact on earnings and meeting demand while costs remain relatively unaffected.
Consequently, vehicle relocation is crucial for maximizing profits and accommodating demand. This
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study is unique in providing a comprehensive formulation encompassing strategic, tactical, and
operational decisions, as well as offering flexibility in trip selection.

Table 2 summarizes the research works that studied the tactical and operational decisions
while considering the vehicle balancing decisions. It is noteworthy to mention that, for the sake
of completeness, we have added references that are not reviewed in the text.

Table 2. Tactical and strategic decisions while considering vehicle relocation

Reference
Strategic decisions Tactical decisions

Objective function Additional decisions
(1) (2) (3) (4)

[186] ✓ ✓ ✓ ✗ Max profit
No. of parking spaces
Vehicle inventory at each
station at each time step

[138] ✗ ✓ ✓ ✗ Max profit
No. of parking spaces
Fleet allocation

[174] ✓ ✗ ✓ ✗ Min costs -
[69] ✓ ✓ ✓ ✗ Max profit Trip selection
[93] ✓ ✗ ✓ ✗ Max profit Trip selection

[182] ✓ ✓ ✗ ✗

Max No. of EV trips
Min No. of unserved
commuters.

Charging station allocation
No. of parking spaces

[144] ✗ ✓ ✗ ✗ Max profits

No. of chargers to be installed
Station upgrade with chargers
of a certain type.
No. of vehicles with a certain
battery level to be charged with
a charger of a certain type

[90] ✓ ✓ ✓ ✓
Multi-objective: max operator
profit and commuters’ benefit

No. and location of shared stations
No. of served and unserved
orders

[175] ✗ ✓ ✓ ✓ Max profit
No. of parking spaces
Vehicle movements
Vehicle and staff allocation

[92] ✗ ✓ ✓ ✗ Max profit
No. of parking spaces in a zone
Fleet size in a zone
No. of satisfied travel demand

[70] ✓ ✓ ✓ ✗ Max profit

Fleet allocation
Depot-size
Vehicle inventory
Trip selection

[72] ✓ ✓ ✓ ✗ Max profit
No. of stations
No. of car parking spaces
Vehicle allocation

[183] ✓ ✓ ✓ ✗ Max profit

Number of chargers
installed in a station
Trip selection
Trip assignment to vehicles

[184] ✓ ✓ ✓ ✗ Max profit

First level:
No. of stations
Station capacity
Fleet size.
Second level:
Trip selection

[185] ✓ ✓ ✗ ✗ Max profit

No. of vehicles being charged
with a regular charger
No. of vehicles being charged
with fast chargers
Trip assignment to a station

[165] ✗ ✓ ✓ ✗ Min costs Vehicle allocation

[156] ✓ ✓ ✓ ✗ Max profit
No. of parking spaces
Vehicle allocation

Note: (1) Station/parking location, (2) Station capacity, (3) Fleet size, (4) Staff size.
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6. Operators decisions and commuters demand

Considering the overall benefits of both the operator and the users while designing and operating
CSS have been studied. This is particularly important when considering that the system is subsidized
with a public fund, which enables the decision-makers to evaluate a trade-off between the operator’s
profit and commuters’ service level. In this section, we review three research works related to this
topic. [75,102] built a bi-level program to find the optimal configuration of a carsharing system by
considering the commuters’ reaction to this configuration. The scope of the carsharing decisions is
different in each work. To maximize the operator’s profit, [102] optimized the fleet size, pricing, and
vehicle relocation in the upper level while minimizing the corresponding users’ commuting costs in
the lower level. We review the [75] more thoughtfully.

The bi-level program involves the optimization of variables in one model, known as the lower
level, based on the optimal solutions of another optimization model. The upper level encompasses
the main objective function along with additional constraints. The problem considered in [75] is to
maximize the operator’s rental revenue by determining station location, size, and vehicle inventories
subject to budget constraints in the upper level. And in the lower level, the user’s travel and waiting
times are minimized.

More formally, the operator’s decision variables are xi,yi, and zi, where xi is a binary decision
variable indicates whether a station should be opened in location i, yi is an integer variable to indicate
the capacity of station i, and zi is the number of vehicles located initially at station i. There is a cost
associated with each decision. The costs are related to station setup costs cs, additional parking space
costs cp, and the cost of deploying a shared vehicle cv. The operator aims to find the optimal network
configurations (x, y, z), donated by x, subject to budget constraints C to maximize the revenue of the
shared flows throughout the network. However, the operator does not determine the shared flows.

From the commuters’ perspective, the problem is finding the network’s flows to maximize their
utility. For a given origin-destination (O-D) pair, indexed by k in the following, the commuters aim to
minimize the traveling and waiting times. The demand from node i to the destination of index k is
donated by Dik. Two continuous decision variable decisions are made by the commuters, vijk and wik.
vijk indicates a flow from node i to j for demand pair k. While wik presents the total waiting time at
node i for a demand pair k. Therefore, the decisions made by the commuters at the lower level are
(v, w) donated by v.

To present the operator’s operational decisions, the authors defined a to present the checkout
replacement ratio. For example, if a=1, there exists enough capacity to handle vehicles’ checkouts and
returns, while if a ≥ 1, returns may exceed the capacity. M is a very large number.

The bi-level network can be formulated as follows:

max
x,y,z ∑

k
∑

(i,j)∈As

rijvijk (38)

s.t. ∑
i∈Vs

csxi + cpyi + cvzi ≤ C (39)

Mxi ≥ yi i ∈ Vs (40)

zi ≤ yi i ∈ Vs (41)

yi ≤ yub i ∈ Vs (42)

xi ∈ {0, 1} (43)

yi, zi ∈ Z
n
+ (44)
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lower level

min
w,v ∑

k



 ∑
(i,j)∈A

cijvijk + ∑
i∈V

wik



 (45)

s.t. ∑
j:(i,j)∈A

vijk − ∑
j:(i,j)∈A

vjik = Dik i ∈ V, k ∈ K (αik) (46)

vijk ≤ fijwik (i, j) ∈ A \ A, k ∈ K (βijk) (47)

Mxi ≥ ∑
k

vijk (i, j) ∈ As (γijk) (48)

Mxj ≥ ∑
k

vijk (i, j) ∈ As (δijk) (49)

∑
k

∑
j,(i,j)∈As

vijk ≤ zi i ∈ Vs (ζi) (50)

∑
k

∑
j,(i,j)∈As

vijk ≤ α(yi − zi) i ∈ Vs (ηi) (51)

wik ≥ 0 i ∈ V, k ∈ K (λik) (52)

vijk ≥ 0 (i, j) ∈ A, k ∈ K (µijk) (53)

The carsharing operator aims to maximize the rental revenue of the shared vehicles’ fulfilled
requests. However, as indicated earlier, this is a commuters’ decision in response to the network
configurations. The main constraints were considered in the upper-level decisions.

1. Budget constraints in (39).
2. Parking slots availability only on opened stations in Constraints (40)
3. Number of vehicles assigned to a station doesn’t exceed its capacity in Constraints (41)
4. Limiting the number of opened stations in Constraints (42)

Commuters react to the network’s settings (x, y, z) in the lower level to minimize the travel and
waiting times (45). The main constraints considered regarding the shared flow are as follows:

1. Flow conservation for each node in Constraints (46).
2. Relating the travel and waiting times for frequency-based links in Constraints (47).
3. Flows are only between opened stations in Constraints (48) and (49)
4. Capacity constrains for the shared stations in Constraints (50) and (51)

In a concise notations, the bi-level program is written in the following form:

max
x∈X

F(v)

s.t. G(x, v) ≤ 0

min
v∈V

f (v)

s.t. g(x, v) ≤ 0

Where upper and lower decision vectors are given by x = (x, y, z) and v = (w, v), respectively. While
upper and lower-level objective functions are given by F(v) and f (v), respectively. G(x, v) and g(x, v)

are the upper and lower constraint sets, respectively. For a given feasible region of a network settings
x, the commuters’ feasible region Ω(x) is defined as the following:

Ω(x) = { v | g(x, v) ≤ 0, v ∈ V }
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The commuters’ reaction set Ψ(x) is defined as the following:

Ψ(x) = { v | v = arg min
v

f (v); v ∈ Ω(x) }

The set which the operator optimizes the system settings for the given commuters’ choice from the
reaction set is defined by the inducible region (IR) as follows:

IR= { (x, v) | G(x, v) ≤ 0, x ∈ X, y ∈ Ψ(x) }

Karush–Kuhn–Tucker (KKT) approach for solving bi-level problems was applied in [75] and [102]
works. The method involves substituting the lower-level program with the KKT conditions. This
would transform the bi-level model into a mathematical model featuring equilibrium constraints if the
lower-level program is convex and satisfies the linear constraint qualifications [176]. This resulting
program is a large MIP that existing solvers can solve. However, solving a network with more than
40 nodes within a reasonable time was hard. This formulation is considered optimistic as the model
favors the user’s benefits over the operator’s.

Interesting research that simultaneously considered the operator’s and commuter’s benefits in
a multi-objective MILP is done by [90]. The authors used the weighted sum approach to combine
the operator and commuters’ benefits into one scalar objective function. This approach allows for
an efficient frontier generation that allows the decision-makers to explore the trade-offs between the
operator’s profits and the user’s benefits.

From the operator’s perspective, the problem involves determining the strategic, tactical, and
operational decisions. In particular, the operator aims to optimally find the location of sharing stations,
their capacities, and fleet sizes while considering the dynamic relocation and the charging requirements
to maximize their revenue. From the commuter’s perspective, the problem aims to maximize the user’s
benefits of the monetary value of the utility gained for each fulfilled trip from origin to destination.

To cope with real-world problem size, the authors proposed an aggregate model to reduce the
number of relocation variables by adopting the concept of a virtual hub. Instead of relocating between
any two stations, the proposed virtual hub concept assumes that the relocated vehicles are accumulated
at a virtual hub and then relocated to the stations. Sensitivity analysis based on real data from France
was demonstrated. The authors varied the demand levels, the accessibility distance to the shared
station, and the subsidy levels provided and observed the number of vehicles used, rentals served,
relocations performed, and the utilization of vehicles and how those dimensions impact the net user’s
and operator’s benefits. For an average of 150 trips in various scenarios, the runs were terminated
when either reaching a 2% optimality gap or a 9-hour run.

7. Future research direction

In this section, we shed light on various practical considerations that have received no or little
attention in the literature.

Most of the cited works have assumed the deployment of standard vehicle options, often in the
form of sedans or compact cars. However, expanding the fleet to include heterogeneous vehicles of
varying sizes and capacities can better accommodate the diverse needs of commuters and provide
them with more tailored transportation options at various rental rates and energy consumption. For
example, by providing SUVs for family outings or electric vehicles for environmentally conscious
users, CSS can effectively enrich commuters’ overall experience.

Another practical concern that has not received enough attention is the deployment of fast
and slow charging stations when operating electric vehicle-sharing systems. Most of the referenced
research studies have overlooked the distinction between slow and fast charging methods when
optimizing the operational dynamics of electric vehicle-sharing systems. The distinction between
fast and slow charging deployment plays a significant role in the operational and tactical decisions
made. On one hand, deploying fast charging can significantly reduce the charging time. This will

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 November 2023                   doi:10.20944/preprints202311.0665.v1

https://doi.org/10.20944/preprints202311.0665.v1


16 of 24

help in better management of fleet operations by minimizing vehicle downtime. On the other hand,
traditional or slow charging often necessitates larger fleet sizes to account for the time vehicles spend
unavailable during charging. Addressing this aspect of operational design can significantly enhance
the feasibility and appeal of electric vehicle-based carsharing, fostering its sustained growth and
acceptance among users.

From another perspective, research efforts should study the factors influencing commuter choice
within a shared mobility system in more detail. Investigating the trade-offs commuters consider while
commuting with a shared vehicle, such as cost, convenience, travel distance, and personal preferences,
can help optimize carsharing systems’ design and operation. This ultimately can improve the system’s
efficiency and user satisfaction.

The operation of carsharing in a multimodal transportation system and how it impacts urban
mobility in urban settings should also be studied in more detail. Urban planners can improve mobility
through synchronized services through collaboration with other mobility providers such as public
transport. Therefore, a wider range of commuters can be considered.

8. Conclusion and future work

To conclude, we reviewed the main operational research problems that arise in the design and
operation of one-way carsharing systems. We reviewed the models and the solutions approaches to
solve them. Although this area has been theoretically covered in [96] work, our aim is to review the
main operational research issues that arise in this field.

We further extend the review to include the research studies that consider the impact of the
operator’s decisions on the commuter’s mobility experience.

Lastly, we shed light on some practical considerations overlooked in the literature that may
interest researchers.
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152. Weidinger, F., Albiński, S. & Boysen, N. Matching supply and demand for free-floating car sharing: On the
value of optimization. European Journal Of Operational Research. 308, 1380-1395 (2023)

153. Agatz, N., Erera, A., Savelsbergh, M. & Wang, X. Optimization for dynamic ride-sharing: A review. European

Journal Of Operational Research. 223, 295-303 (2012)
154. Fielbaum, A., Bai, X. & Alonso-Mora, J. On-demand ridesharing with optimized pick-up and drop-off

walking locations. Transportation Research Part C: Emerging Technologies. 126 pp. 103061 (2021)
155. Soppert, M., Steinhardt, C., Müller, C., Gönsch, J. & Bhogale, P. Matching functions for free-floating shared

mobility system optimization to capture maximum walking distances. European Journal Of Operational

Research. 305, 1194-1214 (2023)
156. Wu, J., Hu, L. & Jiang, Y. Collaborative strategic and tactical planning for one-way station-based carsharing

systems with trip selection and vehicle relocation. Transportation Letters. (2022)
157. Nourinejad, M. & Roorda, M. A dynamic carsharing decision support system. Transportation Research Part E:

Logistics And Transportation Review. 66 pp. 36-50 (2014)
158. Fayez Eliyan, A., Kerbache, L. & Elomri, A. Shared clean mobility operations for first-mile and last-mile

public transit connections: A case study of doha, Qatar. Journal Of Advanced Transportation. 2022 pp. 1-14
(2022)

159. Yan, X., Zhao, X., Broaddus, A., Johnson, J. & Srinivasan, S. Evaluating shared e-scooters’ potential to
enhance public transit and reduce driving. Transportation Research Part D: Transport And Environment. 117 pp.
103640 (2023)

160. Tzouras, P., Mitropoulos, L., Koliou, K., Stavropoulou, E., Karolemeas, C., Antoniou, E., Karaloulis, A.,
Mitropoulos, K., Vlahogianni, E. & Kepaptsoglou, K. Describing Micro-Mobility First/Last-Mile Routing
Behavior in Urban Road Networks through a Novel Modeling Approach. Sustainability. 15 (2023)

161. Beale, K., Kapatsila, B. & Grisé, E. Integrating Public Transit and Shared Micromobility Payments to Improve
Transportation Equity in Seattle, WA. Transportation Research Record. 2677, 968-980 (2023),

162. Oeschger, G., Carroll, P. & Caulfield, B. Micromobility and public transport integration: The current state of
knowledge. Transportation Research Part D: Transport And Environment. 89 pp. 102628 (2020)

163. Romm, D., Verma, P., Karpinski, E., Sanders, T. & McKenzie, G. Differences in first-mile and last-mile
behaviour in candidate multi-modal Boston bike-share micromobility trips. Journal Of Transport Geography.
102 pp. 103370 (2022)

164. Hua, Y., Zhao, D., Wang, X. & Li, X. Joint infrastructure planning and fleet management for one-way electric
car sharing under time-varying uncertain demand. Transportation Research Part B: Methodological. 128 pp.
185-206 (2019)

165. Deng, Y. & Cardin, M. Integrating operational decisions into the planning of one-way vehicle-sharing
systems under uncertainty. Transportation Research Part C: Emerging Technologies. 86 pp. 407-424 (2018)

166. Deng, Y., Gupta, A. & Shroff, N. Fleet sizing and charger allocation in electric vehicle sharing systems. IFAC

Journal Of Systems And Control. 22 pp. 100210 (2022)
167. Laporte, G., Meunier, F. & Wolfler Calvo, R. Shared mobility systems: an updated survey. Annals Of

Operations Research. 271, 105-126 (2018,12), https://hal-enpc.archives-ouvertes.fr/hal-02106477

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 November 2023                   doi:10.20944/preprints202311.0665.v1

https://doi.org/10.20944/preprints202311.0665.v1


24 of 24

168. Nair, R. & Miller-Hooks, E. Fleet Management for Vehicle Sharing Operations. Transportation Science. 45 pp.
524-540 (2011,11)

169. Daganzo, C. & Newell, G. Configuration of physical distribution networks. Networks. 16, 113-132 (1986),
https://onlinelibrary.wiley.com/doi/abs/10.1002/net.3230160202

170. Di Febbraro, A., Sacco, N. & Saeednia, M. One-Way Car-Sharing Profit Maximization by Means of User-Based
Vehicle Relocation. IEEE Transactions On Intelligent Transportation Systems. 20, 628-641 (2019)

171. Zou, Y., Yang, C. & Yang, J. P-D pair based EV-sharing vehicle relocation problem with route familiarity.
Computers & Industrial Engineering. 159 pp. 107529 (2021)

172. Repoux, M., Kaspi, M., Boyacı, B. & Geroliminis, N. Dynamic prediction-based relocation policies in
one-way station-based carsharing systems with complete journey reservations. Transportation Research Part

B: Methodological. 130 pp. 82-104 (2019)
173. Chen, Y. & Liu, Y. Integrated Optimization of Planning and Operations for Shared Autonomous Electric

Vehicle Systems. Transportation Science. 57, 106-134 (2023)
174. Li, X., Ma, J., Cui, J., Ghiasi, A. & Zhou, F. Design framework of large-scale one-way electric vehicle sharing

systems: A continuum approximation model. Transportation Research Part B: Methodological. 88 pp. 21-45
(2016)

175. Huang, W., Huang, W. & Jian, S. One-way carsharing service design under demand uncertainty: A service
reliability-based two-stage stochastic program approach. Transportation Research Part E: Logistics And

Transportation Review. 159 pp. 102624 (2022)
176. Bouza Allende, G. & Still, G. Solving bilevel programs with the KKT-approach. Mathematical Programming.

138 (2012,4)
177. Correia, G., Jorge, D. & Antunes, D. The Added Value of Accounting For Users’ Flexibility and Information

on the Potential of a Station-Based One-Way Car-Sharing System: An Application in Lisbon, Portugal. Journal

Of Intelligent Transportation Systems. 18, 299-308 (2014)
178. Boyacı, B. & Zografos, K. Investigating the effect of temporal and spatial flexibility on the performance of

one-way electric carsharing systems. Transportation Research Part B: Methodological. 129 pp. 244-272 (2019)
179. Le Vine, S. & Polak, J. The impact of free-floating carsharing on car ownership: Early-stage findings from

London. Transport Policy. 75 pp. 119-127 (2019)
180. Tarnovetckaia, R. & Mostofi, H. Impact of Car-Sharing and Ridesourcing on Public Transport Use: Attitudes,

Preferences, and Future Intentions Regarding Sustainable Urban Mobility in the Post-Soviet City. Urban

Science. 6 (2022)
181. Liao, F. & Correia, G. Electric carsharing and micromobility: A literature review on their usage pattern,

demand, and potential impacts. International Journal Of Sustainable Transportation. 16, 269-286 (2021)
182. Deza, A., Huang, K. & Metel, M. Charging station optimization for balanced electric car sharing. Discrete

Applied Mathematics. 308 pp. 187-197 (2022), Combinatorial Optimization ISCO 2018
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