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ABSTRACT

DYNAMIC PRICING FOR FREE FLOATING CAR
SHARING SYSTEMS

In recent years, the importance of sharing platforms has increased as a result of
globalisation and networking. As the world has become more globalized, the sharing
economy has spread, with people from all corners of the globe embracing collaborative
consumption patterns. Omne of the emerging markets in the sharing economy is car
sharing. Car sharing platforms have been studied in the literature as station-based
and free-floating. Free-floating Car Sharing (FFCS) model is the most flexible among
the car sharing models because customers are free to park vehicles anywhere in the
service area. FFCS offers flexibility and convenience to its customers. However, this
flexibility can create some problems such as uneven distribution of vehicles between
stations, parking challenges and fleet management. Imbalanced distribution of vehicles
leads to customer loss and dissatisfaction, which in turn leads to loss of profit for car
sharing companies and damages long-term sustainability. In order to create customer
loyalty to such a service, it is important that vehicles are available where customers are
looking for them. In this thesis, combined vehicle relocation and trip pricing strategy
is developed to solve imbalanced vehicle distribution and to increase the profitability
of the companies. Mixed integer nonlinear mathematical model is formulated to solve
this problem. Computational experiments are performed using both synthetic and real
data. Due to the complexity of the model, the proposed model is tested with small-
scale instances only. It is observed that by implementing a trip pricing strategy, a
profit of $128087.4 per day is achieved, whereas by applying a fixed pricing strategy
without any relocation, the system is able to achieve a profit of only $6947.9 per day.
The improvement of the system is achieved by increasing the prices and decreasing the

reasonable quantity of demand.



OZET

SERBEST DOLASAN ARAC PAYLASIMI SISTEMLERI
ICIN DINAMIK FIYATLANDIRMA

Son yillarda, kiiresellesme ve ag olugturmanin bir sonucu olarak paylagim plat-
formlarimin 6nemi artmistir. Kiiresellesme paylagim ekonomisinin yayilmasina ve diinya-
nin her kogesinden insanlarin ig birligine dayali tiiketim modellerini benimsemesine yol
acmigtir. Paylagim ekonomisinde gelismekte olan pazarlardan biri de ara¢ paylagimidir.
Arag¢ paylagim platformlar: literatiirde istasyon tabanli ve serbest dolagimli olarak in-
celenmigtir. Serbest Dolagan Arag Paylasimi (SDAP) modeli arag¢ paylagim modelleri
arasinda en esnek olanidir ¢iinkii miusteriler araglarini hizmet alaninin herhangi bir ye-
rine park edebilmektedir. SDAP miigterilerine esneklik ve kolaylik sunmaktadir. An-
cak bu esneklik, araclarin istasyonlar arasinda dengesiz dagilimi, park zorluklar: ve filo
yonetimi gibi baz1 sorunlar yaratabilir. Araclarin dengesiz dagilimi miisteri kaybina ve
memnuniyetsizligine yol agarken, bu da arag¢ paylasim girketleri i¢in kar kaybina ne-
den olmakta ve uzun vadeli siirdiiriilebilirlige zarar vermektedir. Boyle bir hizmette
miisteri sadakati yaratmak icin, araclarin miigterilerin aradigi yerde mevcut olmasi
onemlidir. Bu tezde, dengesiz ara¢ dagilimimi ¢ozmek ve sirketlerin karlhiligini artirmak
i¢in arag yer degistirme ve yolculuk fiyatlandirma stratejisi geligtirilmistir. Bu problemi
¢ozmek icin karma tamsayili dogrusal olmayan matematiksel model formiile edilmistir.
Deneysel ¢aligmalar hem sentetik hem de gergek veriler kullanilarak gerceklegtirilmigtir.
Modelin karmagikligi nedeniyle, onerilen model yalnizca kiiciik olgekli orneklerle test
edilebilmistir. Yolculuk fiyatlandirma stratejisi uygulandiginda giinliik 128087,4$ kar
elde edilirken, herhangi bir yer degistirme olmaksizin sabit fiyatlandirma stratejisi uygu-
landiginda sistemin giinliik sadece 6947,9$ kar elde edebildigi goriilmiistiir. Sistemin iy-

ilegtirilmesi, fiyatlarin artirilmasi ve makul talep miktarinin azaltilmasiyla saglanmaktadir.
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1. INTRODUCTION

In recent times, the increase of digitalization and globalization has led to transfor-
mative changes across various aspects of people’s lives, influencing consumer purchasing
behaviour, perceptions, and consumption patterns. Globalization has significantly ex-
panded access to products and services from around the world. Also, it has transformed
consumer preferences and resulted a shift in purchasing behaviour. Technology and
global interconnectedness of the 21st century affect people’s consumption behavior and
enable people to have and easily access a greater choice of products. The interconnect-
edness fostered by globalization has exposed consumers to diverse cultures and lifestyles,

prompting a re-evaluation of their consumption patterns and choices.

Simultaneously, the world’s population continues to grow steadily. As our world
gets more crowded, people need to be careful about how they use limited resources on the
earth like water and food because there is not an endless supply. Our planet has finite
resources and capacities. With more and more people around, we need to figure out
how to allocate those resources between people such as water, land, and energy without
running out. Because of this need, collaborative approaches and innovative strategies
have emerged. Globalization and especially digitalization have made this process much

easier.

One notable strategy that has emerged is the concept of servicizing models. Rothen-
berg [1] explained “servicizing” that suppliers change the focus of their business models
from product sales to service sales. This means that consumers do not directly buy
the product or service; instead, they have the capability to use the service or product
which is offered by the companies. This mechanism that leads to a way of reutilization
of resources among people redefines customer interaction, enabling access to services
or products without ownership. Servicizing is a big part of the sharing economy that
new emerging concept as a result of globalized world. Instead of owning things, it gives

people the chance to use services or products.



Globalization has led to the spread of sharing economies and people from different
corners of the world embrace collaborative consumption models. This enables a collec-
tive shift towards more sustainable and resource-conscious behaviour. Through sharing
systems, consumers can meet their needs by sharing or renting instead of purchasing.
On the other hand, sharing platforms are new emerging systems even today, most people
may not want to use shared applications especially conventional /traditional generations.
There are several reasons behind that such as privacy concerns, trust issue, cultural and
generational differences and etc. Therefore, the sustainability of the application/system
depends on the participation and loyalty of the users. In order for the application to
be sustainable, it is very important to gain the trust of the user and eliminate their

concerns related with the privacy and etc.

There are lots of different platforms as an example of sharing economy, home-
sharing as Airbnb, ride-sharing services as Uber and Lyft, tool sharing like Letgo etc.
Also, another example of sharing platforms is car sharing. Car rental companies can
offer vehicles to consumers on a minute, hourly or daily basis for a small fee, making the
need ”affordable for everyone”. It offers the consumer the feeling and comfort of being in
your own car without purchasing a vehicle. Car sharing and ride sharing can sometimes
be thought of as the same platforms, but they are different sharing platforms that are
also studied in different research streams in the literature. In car sharing, a company
offers vehicle fleet for users to utilize collectively within the predefined operational area
and each user can rent a vehicle for own trip. On the other hand, ride sharing platforms,
a vehicle can be rented by more than one user at the same time and trip charge is divided
among them. Therefore, ridesharing and carsharing are address under different headings

in the literature.

Car sharing has three different business models. Station-based, one-way, two-
way and free-floating are the three different car sharing models that are studied in the
literature and that operate in the real world. So, car sharing models can be categorized
in a way that station based or not. Two way and one way car sharing models are station-
based models which means that stations where vehicles can be picked up or dropped

by users are predefined by the company. The difference between two models is whether



the station you pick up the car from and where you leave it are the same or not. For
two-way car sharing model, users must drop the vehicle into the station where user pick
up. ZipTrip is the example platform of two-way car sharing model in Turkey. Figure 1.1
and Figure 1.2 show the definition of two-way car sharing model in detail. As can be
seen in Figure 1.1, Station 1 is pick up station for the given example and Figure 1.2
shows the drop off station, which is again Station 1. If a user picks up the car from

Station 1, then he must leave the car at Station 1.

Station 1 Two-Way Carsharing Model

Figure 1.1. Two-way car sharing model simulation pick up.

Station 1 Two-Way Carsharing Model

Figure 1.2. Two-way car sharing model simulation drop off.

Conversely, users can drop off vehicles to different stations if they use one-way car
sharing platform. Zipcar is one of the examples of one-way car sharing model. System
definition is illustrated in Figure 1.3 and Figure 1.4 in detail. There are two stations
defined for the given example as Station 1 and Station 2. As can be seen from the
Figure 1.3 and Figure 1.4, if a user picks up a vehicle from Station 1, he/she can leave
the vehicle at Station 2 or any other stations. There is no restriction between the pick-
up and drop off stations. Note that the stations are predefined by the company and

known to the users.



Station 1 One-Way Carsharing Model station 2

Figure 1.3. One-way car sharing model simulation pick up.

Station 1 One-Way Carsharing Model station 2

Figure 1.4. One-way car sharing model simulation drop off.

On the other hand, free-floating car sharing model is the most flexible among
them in terms of availability of service area. Company still defines an operational
area, but it is not divided into stations. Users can drop off the vehicles anywhere in
the operational area and can pick up vehicles from where the previous user left off.
Thus, customers are not bounded by the stations. This business model provides great
convenience for users if there is a parking space in terms of use. In the station-based
model, the predefined stations can stay away from users’ destination. For this reason,
users may prefer substitute services such as taxi. GetirArag, TiktTak, Marti, Binbin
Scooter, Isbike, Tazi, Palm, Dost Scooter are some of the examples of free-floating car

sharing and bike sharing applications in Turkey.

Free-floating car sharing (FFCS), which offers flexibility and convenience to its
customers, is the most flexible business model between three models, but this flexibil-
ity can cause some problems such as imbalance vehicle distribution between stations,
parking challenges, fleet management and maintenance. Imbalance of supply and de-
mand is one of them and mostly studied in the literature. It is not only a problem
for free-floating, but also for the other two car sharing models. Compared to vehicle
distribution and availability between three models, it can be seen that, designated sta-
tions which ensures users can easily find vehicles at specific locations and improves the

predictability of service availability. In contrast, vehicles may gather in certain popular



areas, leaving other areas underservice on free floating model, because users are free to
park anywhere within a defined operating area. Vehicles sometimes get stuck in areas

of lower individual mobility demand while needed in zones of higher demand [2] .

In this research, imbalanced vehicle distribution problem of car sharing models is
studied. The dynamic pricing scheme, which is a competitive price-dependent demand
model for free-floating business models is developed as a solution approach to the given
problem. The rest of the study is organized as follows. Chapter 2 provides a compre-
hensive literature review on the topic. Chapter 3 provides details regarding the problem
setting, basic assumptions, notation used and the approach, which is a mixed integer
nonlinear model we have proposed to solve this problem. Then, in Chapter 4, the results
and main foundations related to the results are discussed. Finally, Chapter 5 concludes

the study and provides recommendations for future research.



2. LITERATURE REVIEW

Car sharing is a new emerging market in recent years, but it has rapid growth,
and many studies expect that carsharing will be one of the popular travel modes in the
following years [3-6]. Zhou et al. [7] forecasted that the carsharing industry is expected
to grow to 11% — 25% of all trips in Australia, Indonesia, Malaysia, and Thailand by

the year 2030. Therefore, it is one of the sectors that requires focus.

Research on carsharing systems design has focused primarily on three categories of
decisions: strategic, tactical, and operational in the literature. Strategic decisions that
are long term decisions include choices related with the station planning like determina-
tion of locations, quantities, and capacities. These decisions play a vital role in balancing
the need to improve service capacity with the objective of minimizing fixed costs such as
infrastructure construction. The tactical decisions that entail making informed choices
regarding fleet size, staff sizing and deployment of vehicles among stations are mid-term
decisions regarding the service [8-10]. Fleet sizing and deployment refers to decisions
related to number of vehicles to be employed and how to allocate them among stations.
Staff sizing includes decisions regarding the number of staffs to be hired to deal with
the issue of vehicle imbalances among stations by implementing the vehicle relocation

operations.

The short-term decisions are referred to operational decisions of the service. Vehi-
cle relocation operations and trip pricing decisions are involved in operational decisions.
These policies impact several critical business objectives, such as improving customer
satisfaction, increasing efficiency, maximizing revenue, resolving vehicle imbalances, and
ensuring competitiveness. When appropriate pricing policies and effective vehicle rout-
ing strategies are implemented, it ensures that the needs of customers can be met,
and the profitability of the business can be increased by offering attractive offers to
customers. Therefore, developing and managing these policies correctly is vital to a
successful and sustainable carsharing business. Wu and Xu [11] reviewed most relevant

studies in the literature. They classified the studies according to targeted decisions,



i.e., strategic, tactical, and operational in the optimization problem. As mentioned in
Chapter 1, there are three types of car-sharing systems which are station based, one-way
and two-way car sharing systems, and free-floating car sharing system. Therefore, the
studies in the literature can be classified based on the car sharing model type and the
targeted decisions concerned in the optimization process by the studies. Since the focus
of this study is on vehicle relocation and trip pricing decisions, which are short-term

operational decisions, the papers addressing these problems are reviewed.

Free-floating car sharing system which offers flexibility and convenience to its cus-
tomers is the most flexible one among three business models, but this flexibility of the
system can cause some problems such as imbalanced vehicle distribution among sta-
tions, parking challenges, fleet management and maintenance. Imbalance of supply and
demand is one of them and mostly studied in the literature [2], [8], [12-14]. This is
not only a problem for free-floating car sharing, but also for the other two car-sharing
models. Compared to vehicle distribution and availability between three models, it can
be seen that, designated stations which ensures users can easily find vehicles at specific
locations and improves the predictability of service availability. In contrast, vehicles
may gather in certain popular areas, leaving other areas underservice on free floating
model, because users are free to park anywhere within a defined operating area. Vehicles
sometimes get stuck in areas of lower individual mobility demand while needed in zones
of higher demand [2]. There are limited studies in the literature for free-floating car

sharing systems as it is an emerging model in recent years.

Different solution approaches for imbalanced demand and supply problem are stud-
ied in the literature and one of them is the relocation of cars between locations by users or
operators [15-17]. The relocation of the vehicles is studied in the literature as operator-
based, user-based and hybrid models. The main studies in the literature related to the

vehicle relocation are as summarized in Table 2.1.

The studies are categorized according to the vehicle type (electric or general vehi-
cle), the type of car sharing mode (one-way, two-way or free float), and who performs

the operation (users or operators). Also, the main objective and proposed method of the



studies are given in the table. It is seen that the main focus of the studies is one-way car
sharing system. Free-float and two-way car sharing system get relatively little attention
compared to one-way car sharing system. Also, most studies focus on the operator-based
relocation in their solution methods. In operator-based, certain number of operators are
supplied by the company to relocate the cars with wage cost. On the other hand, in
user-based system, vehicles are relocated by users with several incentives such as extra
minutes for the next trip or price discounts. As can be seen from Table 2.1 and as
stated in the study Wu and Xu [11], majority of the literature focus on operator-based
relocation strategies for station-based model to solve this problem [8], [15], [17-20]. The
operator-based relocation strategy represents a deterministic methodology as opposed
to the user-based relocation strategy. This distinction results from the fact that a ded-
icated workforce is allocated by the company to manage this task and a predetermined
number of employees are assigned to this role. As a result, the firm knows with cer-
tainty that the relocation will take place. On the other hand, user-based relocation is a
probabilistic strategy that depends on the user’s will. User pattern can be traced and
be predicted based on customer behaviour and this model does not include additional
staffing costs. [21-24] are studied user-based relocation strategies for station-based car

sharing models.

The main studies for vehicle relocation will be explained in detail. In this con-
cept, Weikl and Bogenberger [16] divided operational area into 15 macroscopic and 478
microscopic zones to try to relocate the vehicles in an operator-based free-floating car
sharing system. They developed an algorithm to find the optimal movement of vehi-
cles between zones for both conventional and electric vehicles (EVs). Also, for the first
time in the literature, the model was developed and tested in the real-world. Boyaci
et al. [8] studied the one-way car sharing repositioning of EVs with operator-based and
developed a multi-objective mathematical model for electric vehicles with reservations.
They assumed that trip reservations are known in advance. Reservations or having prior
knowledge of demand simplifies the problem-solving process because when demand is
uncertain, a significant challenge arises, necessitating the resolution of demand estima-
tion. In the case of directing vehicles based on wrong estimates, a company can face

larger amounts of losses instead of running a profitable business. Herbawi et al. [25]



studied free-floating car sharing system and developed a genetic algorithm. Reloca-

tions in the study are conducted by the operators who share a shuttle. Their focus is

optimizing the route of the shuttle.

Table 2.1. Main studies related with vehicle relocation.
Author | Vehicle Car Method Objective Operation
(GV/EV)!| Sharing
System
Jorge et | GV One-Way MINLP, Lo- | Maximize To- | User-
al. [26] cal  Search | tal Profit Based
Algorithm
Ren et | EV One-Way MINLP Maximize To- | -
al. [27] tal Profit
Gambella] EV One-Way MILP Maximize Operator-
et System Profit | Based
al. [13]
Xu et| EV One-Way MINLP, Maximize To- | Operator-
al. [28] Outer- tal Profit Based
Approximation|
Algorithm
Giogione | GV Two-Way | Agent Based | Profit and | Operator-
and Simulation Utility Opti- | Based
Viti [29] mization
Bruglieri | EV One-Way MILP, Maximization | Operator-
et Heuristic Service Level | Based
al. [15] Algorithm
Wang et | EV One-Way MILP,  Ge- | Minimize To- | User-
al. [30] netic  Algo- | tal Relocation | Based
rithm Cost




Table 2.1. Main studies related with vehicle relocation (cont.).

10

Clemente| EV & GV | One-Way Decision Maximize User-
et and Two- | Support Level of Ser- | Based
al. [31] Way System (Dis- | vice (LOS)

crete  Event

Simulation

and Particle

Swarm Opti-

mization)
Boyact | EV One-Way Multi- Maximization | Operator-
et objective Service Level, | Based
al. [17] MILP  and | Minimization

Discrete Cost

Event  Sim-

ulation

Framework
Folksetad] EV FFCS MIP, Hy- | Minimize Operator-
et brid Genetic | Cost Based
al. [32] Search  with

Adaptive

Diversity

Control

Algorithm
Di Feb- | GV One-Way | Discrete Maximize User-
braro et Event Simu- | System Profit | Based
al. [22] lation
Huo et | EV One-Way MINLP Maximize Operator-
al. [33] System Profit | Based
Wang et | GV One-Way MINLP Maximize User-
al. [34] System Profit | Based




Table 2.1. Main studies related with vehicle relocation (cont.).

11

Wang EV One-Way MINLP, Minimum User-
and Genetic difference of | Based
Ma [35] Algorithm desired vehi-
cle inventory
with high and
low threshold
Huang GV One-Way | Two-Stage Maximize Operator-
et Stochastic System Profit | Based
al. [36] Program-
ming, Gradi-
ent Search
Schiffer | GV FFCS MILP, Poly- | Maximize User-
et nomial Algo- | System Profit | Based
al. [37] rithm
Bruglieri | EV One-Way Multi- Minimize Operator-
et objective Staff Size | Based
al. [12] MILP and  Route
Duration,
Maximize
relocation
requests
Wang et | EV One-Way MILP Maximize Hybrid
al. [38] System Profit | (Operator-
User
Based)
Yang et | GV One-Way MILP,  De- | Minimize Operator-
al. [39] composition | Cost Based
Algorithm

LGV:General Vehicle, EV: Electric Vehicle
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Another approach for solving the imbalance problem of supply and demand which
exists in the literature is trip pricing [10], [26-28]. Trip pricing has received little at-
tention compared to vehicle relocation in the literature. The studies in the literature
related to trip pricing are summarised in the Table 2.2. The Table 2.2 shows that each
study focuses on whether trip pricing, vehicle relocation or both. The studies are again
categorised according to whether the vehicle type is electric or conventional, the type
of car sharing mode, whether it is one-way, two-way or free float. These studies also
consider elastic demand for trip pricing, so the demand function used in the study is
also specified. It can be seen that linear or exponential demand functions are mostly

used in the studies.

Table 2.2. Main studies related with the trip pricing.

Author Vehicle| Car Dynamic | Vehicle Elastic | Demand
Sharing Pricing Relocation Demand Function
System

Jorge et GV One-Way v v v Linear

at. [26]

Ren et EV One-Way v v v Linear

al. [27]

Xu et EV One-Way v v v Exponential

at. [28]

Bao et EV One-Way v - v Linear

at. [40]

Sakurama One-Way v Station v Nonlinear

[41] Relocation

Wang et EV One-Way v v v Nonlinear  S-

at. [35] Curve

Huang et GV One-Way v - v Linear

at. [42]

Xi et EV One-Way v - v Linear

at. [43]

Huang et GV One-Way v v v Nonlinear

at. [36]
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Soppert et al. [44] characterizes pricing mechanisms in three dimensions which
are pricing basis, spatio-temporal pricing and state dependency. The first dimension of
pricing is based on the duration of the rental and users are charged according to the time
they use the vehicle. The operator may also offer package prices for long rental durations
or monthly membership fees. Spatio-temporal pricing depends on the rental’s duration
and location of the origin and destination. In the literature, the studies focused on trip-
based pricing, origin-based pricing and destination- pricing. When company sets their
prices depend on the origin and destination, it is called trip-based pricing. Origin-based
and destination-based pricing depend on the origin and destination, respectively. The
third dimension is state dependence which is dynamic/differentiated pricing. Dynamic
pricing adjusts prices based on the current state of the system. On the other hand,
differentiated pricing/trip pricing do not depend on the current state of the system
[45]. [10], [26-28] are categorised under the differentiated pricing. To the best of our

knowledge, only 9 studies in the literature have addressed this issue.

These studies consider on the elasticity of demand. The elasticity of demand is a
measure of how sensitive the quantity demanded is to changes in price. In order to design
effective pricing schemes, manage fleet utilisation and remain competitive in the market,
demand elasticity is an important factor for carsharing systems. Carsharing services can
optimise their operations, increase user satisfaction, and maintain a sustainable business
model by using information on how users respond to price changes. For this purpose,
linear or nonlinear relationships between demand and price are considered and linear
or nonlinear demand functions are used. The main idea behind this approach is by
charging high prices for trips that increase imbalance and lowering prices for trips that
help improve balance, controlling customers’ behaviour to stabilize vehicle stocks and

thus make carsharing systems more manageable and profitable.

The studies on trip pricing for car sharing models are explained in detail. Jorge et
al. [26] studied trip-based pricing model for one way car sharing systems and developed
mixed integer non-linear programming model (MINLP) to maximize system profit. It is
the first study in the literature with optimized method to set a variable trip pricing. Due

to nonlinearity of the MINLP, also iterative local search metaheuristic is proposed and
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applied to the network with 75 stations. Linear elastic demand function with respect
to the trip price is used. Also, elasticity of demand is assumed to be equal for any
interval of price variation, applied to the unit price per trip not total price of a trip
so elasticity not depend on duration of the trip. Based on their computational studies’
results, trip pricing can be considered an effective method to improve the profitability
of one-way carsharing systems. Xu et al. [28] formulate a mixed-integer non-linear and
non-convex programming model to maximize the profit of operators by determining the
electric vehicle (EV’s) fleet size, trip pricing in one-way carsharing system by taking
into account the vehicle relocation and personnel assignment. Compared to traditional
gas vehicles, additional attributes, i.e., transportation and power stations, needs to be
considered for EV sharing systems. They used nonlinear demand function to be able
to better depict the elasticity of demand in reality. Due to complexity of the proposed
model, commercial solvers could not solve it by optimality. Proposed model is converted
to mixed-integer convex programming model by exploiting the special model structure,

then used outer-approximation algorithm to solve it.

Ren et al. [27] contributed literature with dynamic trip pricing model for EV’s
sharing. Also, different from other models, they proposed time-varying price matrix
which contains two price adjustment levels (PAL’s) for each origin and destination sta-
tion pairs. Besides price elasticity of demand, price elasticity of the time is considered,
and travel time varies according to simple elastic behaviour. Due to complexity of prob-
lem, small problem instances like four stations and three hours cases could be solved.
Huang et al. [10] considered the difference between the effectiveness of the user-based
relocation model and operator-based relocation model for one-way electric car sharing
systems by taking into account trip pricing. Nonlinear (exponential) demand elasticity
function is used same as [28]. Due to complexity of model, an iterated local search is

proposed as solution algorithm.

In conclusion, in the literature many different solution approaches are studied for
solving imbalance problem of the car sharing systems. Vehicle relocation, trip pricing
or combinations of two strategies are two of them. This research aims to construct a

dynamic pricing scheme that is a competitive price-dependent demand model for free-
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floating business models for the first time in the literature. A mixed-integer nonlinear
programming model is proposed to solve this problem and tested with both synthetic
and real data. To the best of our knowledge, this is the first study to simultaneously

consider maximizing system profit and minimizing unused vehicles.
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3. MODEL

This study focuses on the short-term operational decisions in car sharing systems,
namely vehicle relocation and trip pricing. As mentioned previously, sustainable and
successful car sharing is highly dependent on keeping a properly balanced distribution
of the vehicles. Due to various factors such as customer patterns, peak hours, seasonal
factors, operational challenges such as vehicle breakdowns, or fuelling issues, the system
can easily become imbalanced. This means that there are not enough vehicles in places
where there is high demand, and there is no demand in areas where there are plenty of
vehicles. For example, at peak times such as morning and evening, many users want to
access vehicles at the same time, causing imbalances, especially in areas where business

centers are dense.

Different approaches have been proposed in the literature for the solution of the
imbalance problem in car sharing systems, including dynamic pricing, user-based or
operator-based vehicle relocation, and data analytic approaches to better predict de-
mand. In this study, a combined dynamic pricing and relocation strategy is developed

to deal with the problem.
3.1. Problem Setting

We assume that the service area of the car sharing company consists of |/] stations,
where each station is denoted by i,7 € I. An operational day is divided into equal |T|
time intervals and each period is denoted by ¢ € T'. The price pfj is charged for the
trips from station ¢ to station j starting at period ¢. This is the main decision variable
of the mathematical model which aims to maximize the profit of the company. Other
decisions include the vehicle inventory n! at station i at period ¢, the served demand
dfj for trips from station i to station j starting at period ¢, and the vehicle relocations
xf; from station i to station j starting at period ¢. The total relocation cost RC’% and
trip cost TC'fj from station ¢ to station j at period ¢ are calculated based on the fuel

consumption during the trip.
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The following assumptions are made to keep the model as tractable as possible:

The demand is price-elastic, and as the price of the trip increases, the demand
decreases based on the inverse relationship between the demand and the price. The
expected demand dj is estimated by the linear demand function Dj; —aj;pj;, where
Dj; is the potential demand, pj; is the trip price, and o, is a given nonnegative
parameter [26], [28], [46].

There are sufficient empty spaces in the public parking area for vehicle returns.
Rentals take place at the beginning of each period, whereas relocation operations
occur at the end of each period. These operations have the purpose of balancing
the system at the end of the period by moving the cars from their positions after

the rentals to other locations.

For this problem, we formulate a mixed integer nonlinear mathematical model

(MINLP) to optimize pricing and relocation decisions in a free-floating car-sharing sys-

tem. The following notation is used throughout the study:

Table 3.1. Decision variables.

Decision Variables | Definition

pﬁj Rental price charged from station ¢ to station j in period ¢

d;; Demand from station ¢ to station j in period ¢

ki Amount of satisfied demand from station ¢ to station j in
period t

li; Amount of lost demand from station ¢ to station j in period ¢

Ty Number of vehicles that are relocated from station 7 to station
J in period t

nt Number of available vehicles at station ¢ that can be rented
at the beginning of period ¢
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Table 3.2. Sets and parameters.

Sets Definition

1,] €1 set of stations

t,TreT set of time intervals

Parameters | Definition

A Length of the period (e.g., 15 minutes)

N Total number of vehicles

ij Potential demand from station ¢ to station j at the beginning of period
t

aﬁj Nonnegative parameter representing the price elasticity

5% Rental duration of a vehicle from station ¢ to station j at period ¢

ij Relocation duration of a vehicle from station ¢ to station j at period
t

Rij Relocation cost from station ¢ to station j in period ¢

T C’fj Trip cost of rental from station ¢ to station j in period ¢

3.2. Mathematical Model

An integer nonlinear programming (MINLP) model which is called Profit Maxi-

mization (PM) is formulated as

max SN (kL - TCLEL — RCLa)), (3.1)

i€l jel\i teT

e t t
subject to  dj; = Dj; — o py;, 1,5 € I, t €T, (3.2)
dy =ki; +1;, i, e[t eT, (3.3)
RS M RETED DD DI
jeI\i T=1 jel\i:67, <A(t+1-7)
’ T (3.4)

t
+> > el i€l teT,

=1 jEI\i:’y;'i SA(t—‘rl—T)

d kj<nlielteT, (3.5)

FEIN

Sl <l =) K+ > kKo, i€lteT, (3.6)

jel\i JjeI\i JeN\:6T, <A(t+1-7)
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> n) < Ney i€l (3.7)
el
dﬁju xlz‘:ja nzv kfju l§j7plz?j € ZJr. (38)

Equation (3.1) maximizes the total profit of the car sharing company for a typical
day. This is calculated as the total revenue earned from rentals less the vehicle relo-
cation cost and fuel consumption cost of rentals. The rental revenues and trip costs
are dependent on the origin-destination pair and period. Equations (3.2) and (3.3) are
related to the demand. Equation (3.2) relates the amount of demand for the origin-
destination pair and period to its price. Equation (3.3) states that the demand is equal
to the sum of the satisfied demand and lost (unsatisfied) demand. This means that the

demand can be lost due to the unavailability of vehicles at the origin station. Equation

t+1

(3.4) calculates the number of available vehicles n;™" at station ¢ at the beginning of
period t+ 1. It is equal to the number of available vehicles at station ¢ at the beginning
of period ¢ less the number of vehicles that are rented or relocated from station ¢ plus
vehicles that are returned or relocated to station i at period ¢t. Note that the number of
returned or relocated vehicles to station ¢ is calculated considering the duration of the
trip. If a user ends their journey within the period ¢, then the associated vehicle can be

considered as contributing to the supply for the specified period ¢.

Equations (3.5) and (3.6) calculate the number of rentals and relocation operations
in each period and station. Equation (3.5) states that the amount of satisfied demand
from station ¢ to other stations in period ¢ can be at most equal to the number of
available vehicles at station i at the beginning of period ¢. Equation (3.6) calculates the
total number of relocation operations from station i to others at the end of period t.
The number of available vehicles that have not been rented at the beginning of period
t, i.e., nf~kl, plus the vehicles that return to station ¢ during period ¢ can be used for
the relocation operations from station i to others at the end of period ¢t. Equation (3.7)
sets an upper bound on the fleet size. Limiting the fleet size makes the solution more
realistic. Otherwise, if the fleet size is determined by the model, we may get a solution

with an unaffordable fleet size with respect to the operator’s budget. Equation (3.8)
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defines the domains of the variables dj;, xf;, nf, ki;, li; and pj; where Z* denotes the set

of non-negative integers.
3.2.1. Demand Function

Different demand functions are used in the literature for relating realized demand
and the price for a service [47]. In modeling car sharing systems, both linear and
nonlinear demand functions are studied [10,26-28]. Linear demand function is dj; =
D}; — af;p;; and exponential demand function is df; = ije_o‘gfpgj . A nonlinear demand
function may result in having a mixed integer non-linear non-convex programming model
[28]. Therefore, we decide to continue with the linear demand function due to simplicity.
With the goal of investigating the effect of the demand function on the results, we
developed an unconstrained mathematical model, where all related costs are assumed
to be zero and relocation is not taken into account. For the linear demand function, the
model consists of the equation (3.9) which maximizes the firm’s revenue by optimizing
the prices.It is given as

mgxx Z Z ZPZ‘(DZ - afjpz‘j - lf,j)- (3.9)
i€l jel\i teT
The first and second partial derivatives of the equation (3.9) with respect to p and [ is
given below. Some relaxations are necessary to be able to apply KKT conditions, so all
decision variables are assumed to be positive variable instead of integer. Equations are
written by ignoring the indices for the sake of simplicity. They are given as
f(p,1) = Dp — ap® = pl,
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Hessian matrix can be written with respect to partial derivatives as
—2a —1
(3.11)
-1 0

For a function to be concave, hessian matrix must be negative definite. Eigenvalues
of the hessian matrix are \; = —a+va2+ 1 and Ay = —a — va2 + 1. Since not all
eigenvalues are negative, concavity can not be guaranteed. Even with the linear demand
function, an integer nonlinear programming model is obtained because of the terms in
the objective function. Due to convexity, the global optimal solution may not be found
by the global solvers in a reasonable time and got stuck in local optima. Furthermore,
based on the preliminary computations on the proposed model above, it was observed
that there is a need to balance the vehicle utilisation rates of the system. The service
level of the system can reach up to a certain level. As a result of this, the utilization
rate is decreased while the service level remains the same. This may be due to the fact
that the objective function of the model focuses only on the supply side of the market,
namely on its profitability. However, the demand for car rental is elastic and there are
many substitutes such as taxis and so on. Charging high prices may lead to a loss of
customers who choose other car sharing apps, public transportation or taxis instead.
Considering only the profit of supply in the objective function without considering the
price sensitivity of demand can lead to market failure. Therefore, another model is
proposed in order to optimize the utilisation rates by minimising the difference between

the empty vehicles and the vehicles on lease.
3.2.2. Modification of the Objective Function

We use the same notation as PM. The equation (3.18) is modified as the min-
imization of the difference between the empty vehicles and the rented vehicles. The
new proposed model which is an integer nonlinear mathematical model is called Utility
Maximization (UM). The objective function of the model is given as follows

min Y Y (nf— > k). (3.12)

icl teT j

Under the same constraints, the model reduces the price as low as possible and brings

the demand to a level close to the potential demand ij. In fact, in cases where the
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number of vehicles is greater than the potential demand, the price becomes zero, and
the vehicles are utilized at the maximum rental level. This situation is a problem in
terms of supply, and it is not possible for the company to bring the prices to these levels
for the service to be sustainable. Therefore, the proposed solution is to combine the
two models and develop an optimization model that considers the satisfaction on both
sides of the market. This means that two models will be run sequentially. Under these
conditions, an additional constraint, equation (3.19), is introduced into the model. It
simply states that the total profit must exceed a given percent i of the profit /7 that can
be obtained from PM. IT is the total profit as a result of running PM. p is the parameter
given as a percentage of the desired profit. Related constraint is given as follows

SN Wkl — TC kL, — RCaly) > pll. (3.13)

teT i€l jel\i

To obtain the value of II, we first solve PM with the profit maximization objective.
Then, we solve UM with the minimization objective setting the minimum profit equal

to p percent of II.
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4. COMPUTATIONAL EXPERIMENTS

In this chapter, synthetic data are used to evaluate the efficiency of the solution
approach. First, we generate small-scale problem instances to understand the complexity
of solving the model. The number of stations is assumed to vary between 4 and 10, which
are randomly chosen from the districts in Istanbul. The road distances between districts
are taken from site of the Ministry of Transport and Infrastructure. The traveling cost

between each station pair is calculated based on this distance.

The demand elasticity oj; is taken as 0.10 [28]. The potential demand Dj; is set
to 30 which is the same for each origin-destination pair and in each time interval. The
length of an interval, A, is set to 60 minutes [28], and the model is run for four, six,
and eight intervals. Hence, the model was tested for four, six, and eight hours. The
rationale behind this choice is to see the effect of increasing the number of periods on
the performance of the model. These parameters are determined after several runs of

the model.

In this sharing network, there are different numbers of sharing vehicles travelling
between stations. To see the effect of the number of vehicles in the fleet on demand and
profitability, the number of vehicles available in the system starts at 50 and increases to
250 in the increments of 50 depending on the level of demand. The literature shows that
there is a positive correlation between vehicle availability and frequency of the rentals
[48]. Furthermore, Hardt and Bogenberger [49] states that availability is a prerequisite
for the generation of rentals and that customers are likely to value high-availability
systems for their reliability. Hence, we can deduce that the availability of vehicles and
the frequency of rentals determine the success and efficiency of a car sharing system.
Therefore, the model is solved with different number of vehicles in order to observe its
effect on the efficiency of the system. Finally, it is assumed that the rental and relocation
duration between each origin-destination pair does not exceed a time interval for the

sake of simplicity.
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To sum up, the model is run for 99 different instances by using the combinations
of the above-mentioned parameters. The evaluation of the efficiency of a car sharing
system involves the assessment of a number of metrics to ensure that it meets the
objectives of both users and operators. Some of the commonly used metrics are vehicle
utilisation rates, customer satisfaction, which can be measured by service levels, and

financial metrics such as revenue and profitability.

4.1. Efficiency Metrics for Car Sharing Systems

e Utilization Rate: This metric provides a percentage that represents how many
vehicles in the fleet are currently rented or in active use compared to the total
number of vehicles available. A higher percentage indicates more effective utiliza-
tion of the fleet, while a lower percentage suggests that a significant portion of the
fleet is not currently rented out or in use. Car rental companies use this metric
to assess the efficiency of their fleet management and to make decisions about
adjusting fleet size, redistributing vehicles, or implementing marketing strategies
to increase rental demand and utilization. Utilization rate is calculated by the
formula 37,57, >, ki /nt.

e Service Level: The service level represents the percentage of successful rentals
compared to the total amount of potential demand. Service level is calculated by
the formula » ;> 7. >, kf;/ >, >, >, Di;. This metric is an indicator of how well
the car sharing system responds to the overall demand. A higher demand response
rate means a better level of service in terms of providing users with the vehicles

when they need them.

Each instance is labeled as follows: number of stations / the number of time
intervals/ the number of vehicles. For example, 10/4t/250 represents an instance with
10 stations, 4 periods and 250 vehicles. As mentioned above, we generate 99 instances
from each problem. The results of these instances are collected and presented in an
aggregated way. Figure 4.1 shows the service level and vehicle utilisation rates of each
corresponding instance. The color code shows the number of stations and the shape

code indicates the number of vehicles in each station. Each graph is plotted according
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to the number of periods. For example, the graph in the top right-hand corner shows
the results of samples with four periods and the top left-hand corner shows the results
of samples with six periods. The pattern in the results does not vary according to the
number of stations. Therefore, only 4 random station numbers are used as an example
when drawing the graphs. It has been observed that when 7 different station numbers
are reported in the same graph, it creates a complex image due to 7 different colour
codes and makes the interpretation difficult. Therefore, the results of the instances with

6, 7, 8 and 9 stations are shown in Figure 4.1.
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Figure 4.1. PM utilization rates vs service level.

Figure 4.2 illustrates the average profit per station per time period and vehicle
utilization rates in each instance. Just as the service level converges to a certain point,
the profitability also converges to a certain value. Since the service level does not
exceed 45%, it is expected that the profit will remain constant despite the increase in

the number of available vehicles.
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Figure 4.2. PM utilization rates vs average profit.

To better illustrate the results, one of the instances is selected and the metrics are
drawn. The instance with the largest problem size was chosen, which has 10 stations

and 8 periods. Figure 4.3 shows how the average number of rentals and the average

price vary depending on the initial number of available vehicles at each station.
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Figure 4.4 displays how the service level and utilization rates change with the
initial number of available vehicles at each station. As can be seen in Figure 4.4, the
initial number of vehicles at each station is gradually increased but the service level
and average rental converge to a point. The increase in the number of vehicles leads to

a decrease in the utilization rate of the vehicles, while the level of service remains the

same.
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Figure 4.4. Service level and utilization rates.

The main inferences that can be drawn from the results are as follows:

e Regardless of the number of time periods and the number of stations, the increase
in the number of vehicles does not lead to an increase in the service level. It can be
seen that the increase in the number of vehicles does not lead to an increase in the
service level, so resulting in low utilization rates. Since the demand is elastic with
respect to price, prices have to be zero in order to satisfy all the potential demand.
On the other hand, since the objective function is profit maximization, very low
prices are far from optimal, and high prices lead to a reduction in the satisfied
demand, therefore so service levels cannot exceed a certain level. Jorge et al. [26]

reports results similar to ours. They conclude that if prices are unreasonably high,
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demand falls to zero by elasticity. At zero demand, the model shuts down the
service, which is interpreted as a zero-profit outcome.

e Since an increased number of vehicles does not affect the demand met, we observe
that the utilization rate decreases while the service level remains the same. Also,
the average profit remains the same as can be seen in Figure 4.2. We observe
that the service level converges to 45% and no matter how much we increase the
number of vehicles, it goes beyond this level. This service level may be compared
with that of the unconstrained model. For unconstrained model, the optimal price
level and the optimal quantity demanded depending on the price are as follows,
p* = %; d* = %. We can see that the optimal quantity demanded that can

occur in the unconstrained model is half of the potential demand. The optimal

price level depends on the potential demand and price elasticity of demand. If

the model were unconstrained, meeting half of the demand would be the optimal

point.

Although high prices at this level seem like high profitability for the company, but
it may cause problems in terms of sustainability in the long run as it will cause the
low service level and low customer satisfaction. Given the dynamics of the carsharing
system and the elasticity of demand, a holistic approach that considers both supply
and demand is critical to a sustainable and successful business model. Maximising
supply-side profitability can be perverse if it leads to pricing strategies that discourage
customers and drive them to alternatives. A comprehensive model should address the
price sensitivity of demand, given the potential for customers to switch to substitutes
such as taxis or other carsharing platforms. A balanced objective function is proposed
to reduce the risk of market failure. The objective of UM is the maximisation of the
utilisation rate through the minimisation of the difference between the number of empty
vehicles and the number of vehicles in use. This approach takes into account that low
utilisation rates not only have an impact on profitability but are also a sign of operational
inefficiency. Finding the balance between the profitability of the supply side and the
sensitivity of the demand side is essential to ensure the long-term sustainability and
success of the car sharing service in a competitive and dynamic market. Proposed

model details were explained in Chapter 3.3.2.
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According to the proposed approach, which is explained in Chapter 3.3.2, UM is
run with the same parameters used to run PM. Related profit parameter which equals
to objective function value of the PM is taken after each run. Only new parameter
which will explain at least what percentage of the profit will be earned is defined as pu.
It is chosen as 1, 0.9, 0.8, 0.7, 0.6 and 0.5. Also, same problem representation is used
only the difference is p which is added. Then, new instance representation becomes
as number of stations/ time-period/ number of vehicles/the given percentage of lower

bound (u).

For better understanding, one of the instances is selected and run for UM and the
graphs of the metrics were drawn for this example. The instance with the largest problem
size is chosen which has 10 stations, 8 periods and 250 vehicles. Figure 4.5 shows the
relationship between utilization rates, profit, and service level. On the primary vertical
axis, utilization rate and service level are shown, and profit is given on the secondary
vertical axis. p is given on the horizontal axis. For example, it can be seen that when
w is 0.6, utilization rate is 77%, service level is 71% and profit is almost 750,000 dollars.
It can be seen that the proposed model is able to increase service level and utilization
rates by increasing the profit compared to fixed pricing strategy. Higher service levels

and utilisation rates can be achieved by relaxing the constraint as p decreases.
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Figure 4.5. Results of UM.



30

Figure 4.6 shows how the average rentals and the average price change depending
on the p. Since a decrease in p is a decrease in the profit to be earned, it is to be
expected that there will be a decrease in average prices. We have seen that the highest
profit can be made when p = 1, so the average price level is highest when © = 1. It can
also be observed that when the average price drops, the average rental increases due to

the inverse relationship between demand and price.
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Figure 4.6. Change in the average price and rental of the UM.

Figure 4.7 and Figure 4.8 show the comparison of PM and UM. In Figure 4.7 and
Figure 4.8, purple points are the results of PM and orange points are the results of UM.
The instances with 10 stations, 8-time intervals 150, 200 and 250 vehicles are shown in
Figure 4.7 and Figure 4.8. It can be seen from Figure 4.1 that the service level converges
to a level of 45% after the number of vehicles is higher than 150. Therefore, UM is run
for the instances with 150, 200 and 250 vehicles. Figure 4.7 shows the average utilization
rates and average profit of each instance. Figure 4.8 also shows that service level and
utilization rates of each instance. There is an intersection between two model results,
which is the point where the given percentage of the lower bound in UM equals 1,
because to achieve the same profit with PM, the price level must be the same. It is then

observed that service levels and utilisation rates increase as the percentage of profit
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required to be earned decreases. Depending on that average profit is also decreasing
but is the expected because the prices are set to lower levels when we compare with
PM. We see that service level reaches almost 80% which is relatively acceptable rate
compare with PM. Also, utilization rates are at high levels for the instances with 150
and 200 vehicles, but service level can reach only 50% when utilization rate is 1 with
150 vehicles. This means that 150 vehicles are not enough to satisfy demand. For 250
vehicles, utilization rates are relatively low compared to the instances with 150 and 200
vehicles. For this case, 200 vehicles seem suitable to satisfy demand. Therefore, we can
say more than 200 vehicles are not necessary and will create extra operating cost to

company.
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Figure 4.7. Average profit and utilization rates of the UM.
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Figure 4.8. Service level and utilization rates of the UM.

4.2. Real Case Study

This section explains the application of the model to a real-life example. The pro-
posed model is also tested using real, publicly available historical data. It is important
to use real data rather than synthetic data to assess the robustness of the model. Real
data can more accurately reflect how well the model performs in the real-world condi-
tions. While synthetic data sets often have a degree of realism, they may not fully reflect
the complexity and variability of the real world. Real data will also contain different
distributions and it is important to be able to assess how well the model adapts to these
variations. Therefore, the model has been implemented on the real bike sharing system
which is the “Capital Bikeshare” and is operating in the city of Washington DC, US.
The dataset contains details of the trip ID, pick-up station ID, drop-off station ID and
latitude and longitude of the stations, trip duration, dates and trip cost. It has more
than 700+ stations with 6000 bikes across 7 jurisdictions. We have processed the data

relating to 1st quarter of 2023 trips.
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Firstly, all the data is filtered by trip duration. Trips between 30 minutes and 180
minutes are considered for the case study. Long-duration trips are preferred to resemble
the car-sharing system. Then, rental data is analysed to define the travel pattern of
users. First, rental frequency of each time-period was analysed and to be able to show
this histogram chart was preferred. Figure 4.9 shows a histogram chart of the hourly
rental frequency. As can be seen from Figure 4.9, the distribution of demand in each
period is not uniform. While at some times of the day there is a strong increase in

demand, at other times it is close to zero.
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Figure 4.9. Histogram chart of the rentals.

After that, an analysis is carried out to show how the daily and hourly demands
differed. As shown in Figure 4.10, the quantity of demand at 12.00-20.00 is significantly
higher than other time periods, and there is a significant increase at the weekend com-
pared to working days. Also, demand at 17.00-18.00 also peaks on weekdays, but at

weekends demand peaks at noon.
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Figure 4.10. Travel patterns of the users.

Especially, the difference between weekend and weekday can be seen from Fig-

ure 4.11 below.
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Figure 4.11. Weekend and weekday’s travel patterns of the users.
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If we summarise analyses results, there is pattern in travel behaviour based on
the day and hour as we expected. Due to model complexity, not all the data was used,
because even filtering by trip duration showed that there are more than 700 stations,
increasing the size of the problem exponentially. Therefore, 8 stations with the highest
number of rentals were selected for the case study. This is, of course, a simplification,
but it is a general way of testing the suitability of a method in the literature [26]. The
rental data with 8 stations is used to run the proposed model. The trip cost is set to
0.55% per kilometres between station ¢ and j based on the previous study [50]. They
assume that transportation costs are equal to 0.5 Euro per kilometres and independent
of the time of the day for the bike sharing system. Since the pricing of the company
is in dollars, the trip cost is converted in dollars according to the current dollar and
euro exchange rate. As the data contains the coordinates of the stations, the distance
between the stations is calculated using these coordinates. To the best of our knowledge,
there are no studies in the literature that specifically address the calculation of the price
elasticity of demand for car sharing. Therefore, the demand elasticity Qﬁj is taken as
0.10 based on the reference [28]. The initial number of bikes at each station, set at 160,
is relatively sufficient to meet the maximum potential demand. The reference price that

is charged to users is 0.05% per minutes.

The proposed method is coded in GAMS Studio 38. All of the experiments were
carried out on a computer equipped with a 2.81 GHz Intel Core 15-8400 processor and
8 GB of RAM, running the Windows 10 Pro operating system.

4.2.1. Results and Discussion

After implementing trip pricing strategy, profit of 128087.4 $ per day is achieved.
In contrast, by applying fixed pricing strategy without any relocation, the system is able
to achieve a profit of only 6947.9 $ per day. Table 4.1 shows the overall results of the
system with and without trip pricing and relocation. It can be seen that the profit is
indeed high compared to the fixed price strategy, but it is important to note that the
results depend on the elasticity of demand. If the elasticity of demand is higher, the

price cannot increase to this level and profits cannot be earned at this level. Utilization



36

rates for both cases almost equal to each other. On the other hand, service level is
decreased to 83% due to decrease in served demand. Customer losses due to high prices
are likely to occur, because the average price charged relatively higher than the reference
price. While the reference price charged to users is 0.05$ per minute, the average price
charged to users after trip pricing is 0.20$ per minute. However, it can be clearly seen
that UM will offer a much more profitable system, as it will serve an acceptable level
of demand under the assumption that the elasticity of demand is equal to 0.10. Trip
pricing and relocation strategy delivers significantly better revenues by charging higher

prices and taking into account the elasticity of demand.

Table 4.1. Overall results of the fixed pricing and trip pricing

Utilization Rate | Served Demand | Service Level | Average Price $/Min | Profit Number of Vehicles | CPU
Fixed Pricing | 0.34 2858 0.93 3.27 6947.962 | 160 0.032
UM 0.30 2585 0.84 10.9 128087.4 | 160 300

Figure 4.12 shows the number of vehicles in and out of each station and the
difference between the trip pricing strategy and the unbalanced system of fixed pricing
without relocation. Vehicle entries and exits at each station indicate whether the station
has a surplus or shortage of vehicles. Vehicle surplus means that the number of vehicle
entries in a station is higher than the number of vehicles exits. Vehicle shortage is the

reverse.

Each graph represents a specific time interval. Since the day is divided into 8
equal time intervals, there are 8 separate graphs in the figure. The blue bars show
the system before trip pricing and without relocation, the orange bars show the system
with trip pricing. For the time intervals 1,2,3,4 and 8, there is no change to be observed
in the system. Since the demand for these time intervals is comparatively lower than
for others, there is no need to balance the system. On the other hand, it can be seen
that the system is more balanced with trip pricing and relocation for time intervals 5,
6 and 7, because relocation is mainly needed for the rush hours. These are the peak
periods which are shown in the previous Figure 4.10. It can clearly be seen that without
relocation and trip pricing, there is a high surplus or shortage of vehicles at the stations
during these time intervals. In particular, during time interval 7, which is the peak

demand period, the excess or shortage of vehicles for each station is almost zero.
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Figure 4.12. Vehicle stock in the stations with fixed pricing and trip pricing of

minimization objective model (UM).

If PM is applied, the system is more balanced for all the time intervals. Figure 4.13
shows the number of vehicles in and out of each station. The graphs are drawn to show
the difference between without trip pricing and profit maximization strategy. Also,

Table 4.2 shows the overall results of three strategies.



Table 4.2. Overall results of the three models
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Utilization Rate | Served Demand | Service Level | Average Price $/Min | Profit Number of Vehicles | CPU
Fixed Pricing | 0.34 2858 0.93 3.27 6947.962 160 0.032
UM 0.30 2585 0.84 10.9 128087.4 160 300
PM 0.18 1528 0.50 34.5 181982.4074 | 160 0.43

It is seen that the PM charge relatively higher prices than others. Utilization rate

is only 18%, and due to high prices service level decreases up to 50%, and this situation

creates a problem for sustainability of the business because of this UM is proposed. This

is discussed in Chapter 3.3.1 in detail.
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In conclusion, trip pricing offers increase in revenue and so more profitable business
to carsharing companies. It should be noted that price elasticity of demand should be
considered not to lead high loss of customers. Charging higher prices can lead to failure
of the system. Also, it is clear that fixed pricing strategy results low profitable system
compared to trip pricing due to increase in prices with considering elasticity. Therefore,
the improvement in the system is achieved by increasing prices and decreasing reasonable
quantity of the demand. Imbalance problem of the system is solved by applying both
pricing and relocation strategy. The proposed model is tested with both synthetic data
and real case. Due to the problem complexity is increasing exponentially, commercial
solvers cannot be able to achieve to find global optimum for large-scale problems in a
reasonable time. Therefore, the proposed model can be tested with only 8 stations and
8-time intervals. The number of stations and time intervals must only be large enough
to allow the algorithm to solve the problem optimally in a reasonable time. Setting
the number of stations too high may not be favourable, as the problem size increases

exponentially with the number of stations and time intervals [26].
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5. CONCLUSION

The free-floating car-sharing system offers customers the use of a car without
ownership. In terms of parking spaces, it is also the most flexible of the three business
models. Customers can pick up or drop off vehicles anywhere within the service area. On
the other hand, one-way carsharing and two-way carsharing are station-based business
models. Customers have to leave the car at these stations, but the location of the
stations can be very far from the customer’s destination. In the end, FFCS offers
greater flexibility for users, but as a result, vehicle distribution management becomes
more difficult for companies. There is high demand in areas where there is a shortage of
vehicles and lower demand in areas where there is a surplus of vehicles. The availability
of vehicles in the right location is key to maintaining customer loyalty and satisfaction.
Therefore, the balance of vehicle distribution plays a crucial role in the profitability and

sustainability of the business.

This paper discusses trip pricing and relocation strategies to balance the system.
Trip pricing charges different fees for each origin-destination pair and each time inter-
val. Experimental results show that trip pricing has the potential to increase revenue
and make car sharing companies more profitable compared to a fixed pricing strategy.
However, the price elasticity of demand must be taken into account to avoid losing cus-
tomers. To address the relationship between price and demand, a linear elastic demand
function is used. Thus, by increasing prices and decreasing reasonable demand, system
improvement is achieved. The imbalance problem is solved by applying both pricing
and relocation strategies. Both synthetic and real data are used to test the proposed
model. Commercial solvers cannot find the global optimum for large-scale problems in
a reasonable time as the complexity of the problem increases exponentially. Therefore,
the number of stations and time intervals is limited to eight stations and time inter-
vals. The number of stations and time intervals should only be sufficient to allow the

algorithm to solve the problem optimally within a reasonable time.
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For future work, it is necessary to develop a heuristic algorithm to test large-scale
problems as companies have a significant number of stations. The algorithm’s efficiency
can be tested in this way. Also, clustering method can be used to group stations, in
this way data aggregation can be done. Additionally, it is important to address the
stochasticity of the demand to better understand the patterns of demand. In the end,

the accuracy of the demand forecast has an impact on the performance of the model.
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