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Abstract

The transportation system needs innovative schemes and applications to facilitate mobility

in cities. These schemes should be user-friendly, easy, enjoyable, and convenient according

to citizens’ constraints. Three dynamic multi-mode transportation models are developed

in which the passenger, for his/her trip, can use one transportation mode or a combination

of transportation forms such as a car, a bus, or a bicycle. The first model is based

on the particle swarm optimization (PSO) algorithm and the genetic algorithm (GA),

and it is called dynamic mobility traffic (DMT). The second and third models are both

based on the Stackelberg game theory with the PSO and GA, but one is a centralized

infrastructure called the game theory multi-mode transport (GT-MMT) model, and the

second is a community-based infrastructure called the decentralized game-theoretic (DGT)

model. All three models are implemented through a realistic scenario in a specific city using

OMNET++, OpenStreetMap, Inet, and Veins software tools.

We proposed a new Dynamic Mobility Traffic (DMT) scheme that combines public buses

and car ride-sharing. The main objective is to improve transportation by maximizing the

riders’ satisfaction based on real-time data exchange between the regional manager of the

transportation modes, the public buses, the car ride-sharing mode, and the riders.

The GT-MMT and DGT models, which involve multiple modes of transportation, allow

the user to be an active prosumer who can travel in the city using public and private forms

and make decisions about trip costs. In the two models, the passenger is the leader, and the

rest of the modes are followers. The utility functions for each player are different depending

on their goals. While the passenger aims to reach the destination in the shortest possible

time and for the lowest price, the bus and the car try to have the seats vacant as often as

possible, and the bicycle tries to increase the availability for the passenger. We propose

these two models to manage passenger needs, public bus interests, car ride-sharing, and

bicycle constraints. The analytical and simulation results prove the effectiveness of the

proposed schemes. The effectiveness of the decentralized game-theoretic transportation

model appears more clearly when compared with the centralized multi-mode dynamic

approach in [1], as it gives much better optimization results.
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ADcj ,BDcj Constant to calculate the ride-sharing maximum travel distance

ATcj , BTcj Constant to calculate the mode’s maximum travel time

C Set of the ride-sharing mode

Cacj Capacity of the ride-sharing cj

cj Ride-sharing mode id

D
cj
nc Last destination for the ride-sharing mode cj

Edcj Earliest departure time for cj

Faddcj Additional charges that vary depending on specific conditions

Fbasecj Fixed base fare cost applied to all rides

Fdcj Fare rate per unit distance (kilometre)

Ftcj Fare rate per unit time (minutes)

I
cj
a Intermediate stops for the mode cj

Lacj Latest arrival time for the cj at the last destination D
cj
nc

MDcj Ride-sharing maximum trip distance
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MTcj Ride-sharing maximum trip time

MWcj Maximum ride-sharing waiting time

Nump(S
cj
1 , D

cj
nc) Total number of passengers from the pickup point S

cj
1 to the point D

cj
nc

Nump
cj
ex Number of the passengers inside the ride-sharing on each route

S
cj
1 Source point for the ride-sharing mode cj

TDcj Total trip distance of cj in one trip

TD
cj
pi Total trip distance of the passenger when he rides cj

TFcj Total trip fare of cj in one trip

TF
cj
pi Total trip fare of the passenger when he rides cj

Tr
cj
pi Time when the passenger request the ride

TT
cj
pi Total trip time of the passenger when he rides cj

TTcj Total trip time of cj in one trip

σcj Acceptable time detour in the trip

Public Bus Notations

atbksu Arrival time for the bus

B Set of buses

bk Bus id

Cabk Capacity of the bus bk

Dbk
su Demand at stop su

Dbk
avg Average demand fro the bus

Dbk
nb Last destination for the bus bk

dtbksu Departure time for the bus bk

Edbk Earliest departure time for bk

fsu Buses frequency (variations in demand)

Ibku Intermediate stations for the bus bk

Labk Latest arrival time for the bk at the last destination Dbk
nb

Numpbkex Number of the passengers inside the bus on each route

Rbk Set of routes for the bus bk

rbk A route for the bus bk

Sbk
1 Source station for the bus bk

Sbk Set of stations for bk
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schtbksu Schedule time for the bus

Sobk Optimized schedule for the bus

Ttolerance Allowable deviation from the schedule

TDbk Total trip distance of bk in one trip

TDbk
pi Total trip distance of the passenger when he rides bk

TF bk
pi Total trip fare of the passenger when he rides bk

TTbk Total trip time of bk in one trip

TT bk
pi Total trip time of the passenger when he rides bk

TFbk Total trip fare of bk per hour

∆Tbk Bus time interval for peak hours

Bicycle-sharing Notations

avbkn Boolean number to determine if bicycle bkn is available or not

bkn Bike-sharing id

Dbkn
nbk Last destination of the journey using bkn

Edbkn Earliest departure time for bkn from the source point Sbkn
1

Fmasbk Cost associated with maintenance at location sbk

Fresbk Cost associated with redistribution at location sbk

Labkn Latest arrival time for bkn at the last destination Dbkn
nbk

Masbk Number of maintenance activities at location sbk

Nbikesbkav Number of bicycles at docking station sbk

Nbikesbkuse Number of bicycles currently in use at station sbk

nbk Number of locations or docking stations

Nbikesbkmin Minimum number of bicycles available at stop sbk

Nbikesbkmin The adjusted demand at station sbk after redistribution

Numbkuse(Il) Denotes the number of bicycles in use at location Il

Numbkav(Il) Total number of bicycles available at location Il

Numbksbkav Number of available bike in the location sbk

Numbkre(sj , sbk) Number of bicycles relocated from station sj to station sbk

Numbkre(sbk, sk) Number of bicycles relocated from station sbk to station sk

Numbkre Maximum allowable re-balancing effort

Optmaxsbk Maximum allowed operations per station
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Resbk Number of redistribution activities at location sbk

Sbkn
1 Source point of the being journey for the bkn

Tcostsbkmax Maximum budget for operational costs

TDbkn Total trip distance of bkn in one trip

TD
cj
pi Total trip distance of the passenger when he rides bkn

TFbkn Total trip fare of bkn in one trip

TF bkn
pi Total trip fare of the passenger when he rides bkn

TTbkn Total trip time of bkn in one trip

TT bkn
pi Total trip time of the passenger when he rides bkn

Ubkn Utility function for the usage rate of bicycles

Additional Notations for DGT

A∗
global Global optimized strategies

Com Community in the DGT model

Comin Minimum required connectivity

Co(NOi, Fk) where C represents connectivity between node NOi and fog node Fk

G geofenced area

LO(mi) Location of the mode mi

S∗
i Optimized local strategies

TD(NOi, NOj) where TD is the distance function, NOi and NOjrepresent individual nodes,

and W is the Wi-Fi range

Tglobal Maximum global iterations

Tlocal Maximum local iterations

TS Convergence threshold in the DGT model

Genetic algorithm Notations

CH Each candidate solution in the population (chromosome) which represents the

combination of strategies

CHmutated New chromosome (strategies) after the mutation process

CHnew offspring chromosome

CHi Parent chromosome that is selected from the population to contribute to the

creation of the next generation

CHselected Chromosome (strategies) selected from the tournament process
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Fintess Evaluates the quality of each solution in GA (Fitness Function)

Ge Elements of a chromosome representing decision variables (Genes)

Gt Generation of the GA process

M Crossover mask

mu Mutation probability

NCH Number of all chromosomes in the algorithm

POo Set of candidate solutions (population)

PSga Population size for the GA (number of chromosomes in one population)

Ts Tournament size

z and β Weighting coefficients that prioritize passenger satisfaction and service efficiency

PSO Notations

co cognitive learning factor in PSO

gbest The near-optimal solution found by any particle in the swarm (Global Best)

NPpso Number of particles in the swarm

Pai Each particle represents a set of strategies (Particles)

pbesti The near-optimal solution found by a specific particle (Personal Best)

st Random number uniformly distributed in the range [0, 1], introducing stochastic

behaviour

Swarm Collection of particles

vi The rate of change of the particle’s position (Velocity)

w Inertia weight, which controls the influence of the previous velocity of the particle

Xpsoi The current solution of the particle (Position)

Stacklberg Notations

A Set of the strategies of all players

Am The optimal strategy chosen by the follower in response to the leader’s strategy

A∗
m(Ap) Optimal strategy of the follower given the leader’s strategy

Api The optimal strategy chosen by the leader

Fitness(A) Total fitness for all the players in the model

Followers (m) The decision-makers who move after observing the leaders’ decisions

(transportation modes)

Im Preference set of mode m
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Leaders (pi) The decision-makers who move first (passengers)

Um Utility function of mode m

Upi The utility function for leader player (Payoff Function)
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Chapter 1 Introduction

1.1 Background

Today, governments are committed to bringing about urban and modern development, increasing

their citizens’ satisfaction, and improving their citizens’ living standards regarding services such

as transportation. Recent studies indicate that the world’s cities are experiencing a huge increase

in the number of vehicles. This number leads to congestion problems on the roads. As we know,

road congestion [6] [7] has numerous negative impacts, for example, wasting the time of the

passenger [8] [9] , environmental air contamination [6], and expanded fuel utilization [10]

[11] [12]. Currently, transportation systems, which are the second highest source of pollution in

cities [13], must deal with many issues to meet user expectations in terms of efficient, healthy,

environmentally friendly, and convenient trips. For example, GreenHouse Gases gas (GHG)

emissions [14], road congestion [15], and accidents [16] place a heavy burden on governments

to provide an adequate environment for their population [17]. With growing concerns, there is a

greater need for sustainable transportation solutions. This involves minimizing the impact on the

environment, reducing emissions, and encouraging the use of eco modes of transportation such

as transit, cycling and walking.

Today, commuters expect transportation systems that are not only efficient in terms of

travel time but also user-friendly. This includes access, comfort, affordability and reliability.

An efficient and user-friendly transportation system can greatly enhance the quality of life in

areas. Fundamentally, mobility is ensured by a three-component system: vehicle, driver, and

transport infrastructure (which is named, in a broader sense, environment). Over time, vehicles

and infrastructure have evolved spectacularly through technological upgrades and improvements,

with the human driver remaining the only constant of the system [18]. Smart mobility is a broad

term, so far, with no fixed definition. But according to the reference [19], a definition can be

provided as follows: “the use of Information and Communication Technology in modern transport

technologies to improve urban traffic.”. As we know, ride-sharing services contribute to helping

people with disabilities in their mobility more so than public transportation. However, according

to the reference [20], the developers of those types of services need to add many necessary features

to make these services more convenient and more accessible for those with disabilities.
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As we know, riding in private cars is more comfortable than taking public transportation

such as a bus. However, a bus can provide more seats for passengers and thereby limit traffic

crowding, especially during rush hours. Also, when one private car is used by only one or two

people, many seats are empty. Replacing a private vehicle with a carpooling service will eliminate

this inefficiency [21]. In general, buses have the lowest fare in comparison to other forms of public

transport. Today’s bus passengers can receive real-time information such as departure and arrival

trip time from the stations [22]; however, buses are still not efficient in terms of trip optimization.

As a solution, we can improve the current mobility traffic system and meet passenger requirements

if bus movement and carpooling are combined into one system.

The mobility system in the city is an important pillar for urban and modern development [23].

Currently, the transportation forms (e.g., public and private)are disjoint and lack coordination,

which makes them more and more stressful. Moreover, as the human population grows, the

huge increase in vehicle numbers on the roads leads to many challenges such as road congestion,

wasting time for passengers and air pollution, etc. These issues negatively impact citizens’ daily

lives, business productivity, health, and the environment. Today, government and city planners

are focusing on building smart transportation solutions to optimize transportation services and

improve mobility in the city.

The concept of shared mobility based on new technologies can improve the reliability and

efficiency of the traditional transportation system. Indeed, dynamic ride-share systems allow

passengers to take other routes, possibly reducing a trip’s time and cost. At present, road network

developers are focusing on integrating the two modes of transportation to provide passengers

with more dynamic transportation and on-demand mobility services [24]. In recent times,

transit forms have developed significantly due to tremendous progress in the dynamic multi-

mode transportation system, which has the ability to collect data in near real-time. At the same

time, developments in computing technologies, vehicular communication, and sensing make it

possible for cars to inform their neighbours about traffic data very quickly.

Recently, there has been an increased tendency to establish new innovative schemes and

applications to carry out user-friendly, secure and value-added services in TSs. For example,

mobility-asa- service is a new promising application that will save the user several resources such

as parking space, time and money [25]. Car-sharing has also become popular for various reasons,

such as improving traffic conditions by decreasing the number of cars on the road, enabling the
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user to enjoy the ride, improving the social links between riders and providing a cost-effective

way to increase citizens’ mobility [26]. Another example is bike-sharing programs that offer

affordable short-term rentals throughout a defined geographical area [27]. These bike-sharing

programs are run by private and public companies such as Divvy (Chicago), Citi Bike (New

York), BIXI (Montreal) and GOBIKE (Ottawa).

The decentralised system can be described as being community-based, a term that clarifies

the idea of moving from absolute central authority to community participation to make the TS

[28] increasingly efficient and convenient in meeting a community’s needs. In the last decade, the

sharing economy has emerged as one of the most critical sectors to have formed accelerated growth

in various service fields [29]. In this context, many transportation companies, such as Uber, tend

to share the economy by allowing drivers and passengers to contribute to determining the amount

of profit and cost. The big leaps in smart cities and decentralised systems have contributed to the

growth and development of the concept of a sharing economy [30] and improving the citizens’

satisfaction regarding proposed public and private services.

It should be noted that ride-sharing requires a group of persons using the same car and sharing

the trip cost (time and price), while the bicycle requires a group of riders to rent the bike and

share it for a specific time. According to [31], many residents prefer to use bicycles for their

short commutes. Cycling helps to reduce the incidence of many health problems, such as obesity

while helping to maintain a healthy heart.

Current mobility transport projects usually focus solely on one form of transportation and

a static mobility model of carpooling service. In the static mobility model, passengers send a

sharing request and indicate the time they want; next, the driver arranges the trip for these

specifications. The same is true for public buses, so departure and arrival times are also known

and fixed. While static ride-sharing is satisfactory for a long trip, it is not efficient for journeys

within an urban area. In this case, dynamic ride-sharing is more suitable because it provides

a real-time approach to the driver and the passenger [32]. Dynamic ride-sharing establishes a

model that can give travellers the possibility of forming ride-sharing instantaneously [33].
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1.2 Motivation

Most of the previous studies, especially those carried out between 1999 and 2023, focused on

traditional ride-sharing schemes with a static itinerary, where the passenger shares his trip with

other passengers with the same origin and/or destination [34] [35] [36]. Nowadays, dynamic

ride-share systems allow passengers to take another route with the possibility of reducing the

trip’s time and cost. At the same time, road network developers are focusing on integrating

multiple forms of transportation to provide passengers with more dynamic transportation and a

mobility-on-demand service. The paper [37] proposed a model that combined carpooling with

public transport to obtain multi-modal mobility planning. However, this system combines only

two modes of transport and is designed for the sole purpose of finding the shortest route for the

user to reach his destination without considering the cost of the trip. Smart transportation is

an important pillar of smart city deployment [38]. Expanding the traditional Transportation

System (TS) by increasing the number of buses and cars on the road could potentially risk

the fulfilment of environmental, social and economic requirements for the Citizens’ well-being

in cities, especially considering population growth as well as diversity in terms of geographic

location, weather conditions and specific user needs.

One of the new trends in the modern transportation system planning models in smart cities is

the Game Theory (GT) concept to solve congestion problems with multi-player objectives. The

GT, with its different strategies, helps dynamic transport system developers to design a model

that provides the shortest trip time and the lowest cost for transporting passengers [39]. Game

theory can be considered an optimization method. In many cases, the optimization algorithm

and game theory are used together to solve optimization issues in the daily problems in our lives.

Recently, game theory has been used with optimization algorithms to solve several problems by

finding near-optimal solutions. However, until now, this trend has been rarely seen in the field

of intelligent transportation development [40] [41] [42]. As we know, game theory is a set of

analytical tools that are used to find the near-optimal solution to choice-making problems.

The deployment of dynamic TS is complex and requires critical decisions to be made in

response to the following questions:

• How can the researcher’s revolutionise the transportation service in cities to make mobility
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as simple as possible?

• How can the author enhance the user-friendly nature and security of the TS?

• How will the user obtain maximum benefits without disturbing the service provider’s

interest?

These questions can be solved by developing efficient transportation schemes customised for a

specific community’s needs and constraints [43] [44] [45].

1.3 Objectives

Our thesis has several objectives in the field of a dynamic traffic system for multi-mode transportation

in smart cities:

1. To propose a dynamic mobility transportation model that integrates multiple transportation

modes (ride-sharing and buses) to reduce travel time, minimize costs, and improve overall

transportation efficiency in urban.

2. To design a central decision-making dynamic mobility scheme based on game theory to

solve some of the transportation trip problems.

3. To develop a transportation model that is also based on game theory but for a community-

based transportation system, helping optimize the trip.

4. To incorporate real-scenario data collection using simulation tools and advanced optimization

algorithms into multi-mode transportation models. The objective is to improve the adaptability

of these models to dynamic urban environments, ensuring that transportation systems can

respond swiftly to changes in traffic conditions and passenger demand, thereby enhancing

the overall efficiency and user satisfaction of urban transportation networks.

5. To figure out and improve the roles and goals of leaders (passengers) and followers (ride-

sharing, bus, and bicycle modes) in a centralized and community-based multi-mode transportation

system based on the game theory concept. The goal is to keep travel time and costs as low

as possible for passengers while allowing modes of transportation to change their strategies

to improve system efficiency, coordination, and user satisfaction.
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1.4 Thesis Contributions

The thesis makes several contributions to the field of dynamic multi-mode transportation systems

in a smart city. More specifically, we focus on ride-share and public buses as modes of transportation

in this thesis. Consequently, our contributions to this thesis are as follows:

1. We introduced a novel dynamic mobility transportation (DMT) model to enable passengers

to use buses or cars either exclusively or together during their trip to minimize travel time

and costs. It uses Genetic Algorithms (GA) and Particle Swarm Optimization (PSO)

for real-time route and schedule optimization. This model lays the basic foundations

for reaching the project’s main objective in [46]. The model will be compared with

existing heuristic multi-load models to demonstrate its effectiveness in reducing travel time,

minimizing costs, and improving overall transportation efficiency in smart cities.

2. We developed a new dynamic mobility traffic model called game theory multi-mode transportation

(GT-MMT) based on the GT concept. In the GT-MMT scheme, bicycles are added to

the DMT framework, and game theory, specifically the Stackelberg game theory, is used

to model how passengers (leaders) and transportation modes (followers) make strategic

decisions that improve the system based on these decisions.

3. We proposed a novel community-based transportation scheme called Decentralised Game-

Theoretic(DGT). The DGT model decentralizes control, allowing each transportation mode

to independently optimize its operations using local information and game theory principles

to ensure coordination and efficiency without a central control system. The model enhances

flexibility, scalability, and robustness in dynamic, real-time urban transportation environments.

To prove its effectiveness, we compared the DGT with another multi-mode model in the

reference [5].

4. Many simulations are run for the three models to implement the proposed model and

compare it with other models to ensure the effectiveness of our models.
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1.5 Thesis Outline

The remainder of the thesis is organized as follows:

Chapter 2 presents state-of-the-art knowledge of smart cities’ multi-mode and single-mode

transportation systems. This chapter also provides an overview of the optimization algorithms

and the approaches used to enhance trips in urban areas. The most relevant issues and challenges

in the transportation system are highlighted also in this chapter. Chapter 3 discusses the

design and evaluation of the DMT, GT-MMT, and DGT models, focusing on data management,

network topology, parameters, and simulation tools. In Chapter 4, we describe the DMT

model’s development, integration, and effectiveness. Chapter 5 presents the multi-mode game

optimization model, GT-MMT, based on a Stackelberg and the hybrid optimization algorithm.

In Chapter 6, we propose the community-based model called DGT. Finally, conclusions and

future directions are presented in Chapter 7.
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Chapter 2 State of the Art

2.1 Introduction

At present, regular taxi services are facing fierce competition from car-sharing services that have

entered the market very strongly. This is due to the participation of vehicles to the wishes of

passengers and drivers in providing demand-driven travel dynamically.

This section reviews previous studies of dynamic mobility-traffic systems developed by integrating

ride-sharing and public transit models. The multimodal route planning problem is a combination

of two or more different modes of transport in a single layout that allows the traveller to move

by more than one means of transport to reach his goal. In [50], the authors investigate the

potential advantages of merging ride-sharing and public transportation. In particular, ride-

sharing and public transit can complement one another. While ride-sharing can function as

a feeder system connecting less densely populated regions to public transportation, the public

transit system can expand the reach of ride-sharing and decrease drivers’ need for re-routing. As

a result, integrating public and ride-sharing transportation may assist in overcoming itinerary

incompatibilities between drivers and passengers by facilitating their matching. However, the

authors have only focused on the most straightforward (from the driver’s perspective) issue, i.e.,

the driver’s willingness to pick up and drop off two passengers at the same transit stop. Currently,

research related to the smart city concept for the Transportation System (TS) has focused on

how to decrease CO2 emissions, travel costs and travel time. Clearly, the task of planning

advanced public transport networks is not as easy and straightforward. Designing systems for

advanced public transportation requires special techniques to develop a proper model that takes

into account the static track of buses and trains dependent on a specific time [51] [52]. The ride-

sharing optimization problem focuses on finding the shortest path or the shortest trip interval to

arrive at one’s destination [53] [54]. This optimization leads to enhancing the quality of life of

the person who uses car ride-sharing or a public bus to travel within a city.
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2.1.1 Importance of Dynamic Systems and Transportation

Optimization

Dynamic mobility in smart cities, defined as the movement of people and vehicles or anything, is

designed to be dynamic. As such, it can respond intelligently and often automatically to changes

and surrounding traffic. Dynamic systems play a role in the realm of modal transportation because

of their ability to adapt to changing conditions and demands, in real time. This adaptability is

vital for managing the interplay of different modes of transportation and ensuring optimal service

delivery. Now lets explore the intricacies of why dynamic systems so pivotal in transportation

within a multi-modal context [55]. Dynamic transportation systems offer a multitude of benefits.

We can conclude it and compare it with the static one in the table 2.1.

The ride-sharing optimization problem focuses on finding the shortest path or the shortest

trip interval to arrive at one’s destination This optimization leads to enhancing the quality of life

of the person who uses car ride-sharing or a public bus to travel within a city. The main benefits

of the transportation optimization models can be concluded in the table 2.2.

2.1.2 Role of Game Theory in Transportation Optimization

Game theory is a framework that was developed to study how different decision-makers (agents)

interact strategically. It has applications in economics, political science, psychology, operations

research, and transportation planning. In the field of transportation optimization, game theory

plays a role in understanding and predicting the behaviours of all parties involved, such as

commuters, transport operators, and passengers [62].

Game theory helps describe interactions among actors who may have certain objectives

or varying motivations when using public transportation systems [63]. By studying these

interactions, it becomes possible to anticipate policy changes or system modifications that could

affect transport operations and their expected outcomes [64].

Within the framework of game theory, the notion of competitive scenarios involving transport

providers competing for market share or individual drivers seeking the shortest routes during rush

hours can be modelled as competition. For cooperative scenarios, simulations can also replicate
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Table 2.1: Comparison of Dynamic and Static Transportation Systems

Aspect Dynamic
Transportation

Static Transportation

Definition Real-time, adaptive routing
and scheduling of
transportation modes
based on current conditions
and demands.

Pre-determined routes
and schedules that do
not change in response to
real-time conditions.

Flexibility [56] High flexibility; routes and
schedules can adapt to
real-time traffic conditions,
passenger demand, etc.

Low flexibility; routes and
schedules are fixed and do
not change regardless of
real-time conditions.

Passenger
Interaction [57]

Passengers can make
real-time decisions and
adjustments to their travel
plans.

Passengers follow a fixed
schedule with limited ability
to make changes once a trip
is planned.

Optimization
Algorithms Used

Genetic Algorithms (GA),
Particle Swarm
Optimization (PSO),
real-time data integration.

Heuristic or simple
optimization algorithms,
often without real-time
data integration.

Response to Traffic
Conditions [58]

Can respond dynamically
to changes in traffic,
avoiding congested areas
and optimizing travel time.

Cannot adjust to real-time
traffic conditions, leading
to potential delays and
inefficiencies.

Cost Efficiency Can optimize routes and
modes to minimize costs
dynamically.

Fixed costs based on static
routes and schedules, which
may not always be cost-
efficient.

Environmental
Impact [59]

Potentially lower
environmental impact
by optimizing routes and
reducing idle times and
emissions.

Generally higher
environmental impact
due to less efficient routing
and longer idle times.

User Satisfaction
[60]

Higher satisfaction due to
personalized and optimized
travel experiences.

Lower satisfaction as users
have to adhere to fixed
schedules and routes.

Scalability [61] Highly scalable as it can
adjust to varying levels
of demand and traffic
conditions.

Limited scalability due to
the rigidity of fixed routes
and schedules.
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cooperation such as when people share rides or transportation providers coordinate their efforts

[65]. In game theory, equilibrium concepts such as Nash equilibrium come into play when no

participant benefits from changing their strategy. In transportation terms, this means finding the

usage of routes and transit resources based on demand patterns [66]. Game theory can guide

the design of mechanisms that promote behaviour across the system. For example, congestion

pricing can be viewed as a game where drivers choose routes based on pricing signals to reduce

congestion [67] [68].

Analyzing modes of transport such as cars, buses, and trains is an approach that can provide

valuable insight into their respective strategies as tactical moves in a game [69] [36]. Game

theory aids in predicting how individuals will adjust their travel behaviours in response to policy

or infrastructure changes [67] [70]. Game-theory-inspired algorithms can be developed for real-

time transportation optimization purposes. This includes creating pricing models for toll roads

or ride-sharing services [71] [72].

2.2 Centralized vs. Decentralized Systems

2.2.1 Centralized Systems

Centralized transportation systems are systems where one entity or group makes decisions regarding

all elements within a network. For instance, a government transportation agency or a major

transit operator might make these calls. These systems can often be found in urban environments

where there is a need to manage complex networks of buses, trains, and other forms of public

transport. Their main characteristics are central control over scheduling, routing, fare-setting, and

policy enforcement. Centralized systems offer several distinct benefits, such as economies of scale,

efficient decision-making procedures, consistent service provisioning, and comprehensive network-

wide planning capabilities. Centralized transportation systems may also be less adaptable and

slower in responding to local needs or sudden shifts, as well as bureaucratically inefficient [73].

Real-world examples demonstrate the efficacy of centralized systems like Transport for London

(TfL), which oversees public transit modes in London through one centralized framework. Studies

on such systems highlight both their efficiency gains as well as any downsides such as inflexibility
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Table 2.2: Comparison of Optimization and Non-Optimization Algorithms in

Transportation Systems

Aspect [53] [54] Optimization
Algorithms/Models

Non-Optimization
Models

Definition Use advanced mathematical
techniques to find near-
optimal solutions for
transportation problems.

Use straightforward,
often heuristic-based
approaches without formal
optimization processes.

Efficiency Highly efficient in terms
of minimizing travel time,
costs, and resource usage.

Less efficient; may result
in higher travel times
and costs due to lack of
optimization.

Adaptability Can adapt dynamically to
changing conditions and
real-time data inputs.

Static; does not easily adapt
to changes or real-time
data.

Complexity High computational
complexity; requires
significant computational
resources and expertise.

Lower complexity; easier to
implement and manage.

Implementation
Cost

Higher initial cost due to
complexity and need for
specialized
software/hardware.

Lower initial cost; can use
existing infrastructure and
simpler software tools.

Scalability Scalable; can handle
large-scale transportation
networks with multiple
variables.

Limited scalability; may
struggle with large-scale
networks and complex
scenarios.

Real-Time
Application

Effective in real-time
applications, providing
quick responses to dynamic
conditions.

Ineffective in real-time
applications; static nature
leads to slower responses to
changes.

User Satisfaction Higher user satisfaction
due to optimized routes
and schedules, leading to
reduced travel time and
cost.

Lower user satisfaction due
to longer travel times and
higher costs.

or difficulty meeting diverse user demands [74].
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2.2.2 Decentralized Community-Based Systems

Decentralized transportation systems consist of many independent agents or entities (e.g. drivers,

local authorities, or private companies) who make decisions based on local information and

individual objectives. Such systems often utilize modern technologies like blockchain or distributed

ledgers for coordination without central authority—which may make the systems more resilient

due to no single point of failure and more responsive to changes in local conditions and demands.

However, this lack of central coordination may sometimes result in suboptimal outcomes (e.g.

traffic jams due to mismatched signals).

Data management in decentralized schemes is challenging and is used based on cloud computing

and fog in literature reviews. The authors in references [75] [76] designed a model to check traffic

conditions by taking advantage of fog infrastructure. Each node can obtain data and process it

locally without consulting the centre for decision-making. This type of model is suitable for the

dynamic development of transportation systems today. The authors in [77] suggest a central

transportation model that would make it easier for the passenger to choose the transportation

means that are suitable for their trip based on their preferences and current location. The model

is dependent on cloud infrastructure and on applications that provide services such as locating

favourites with the help of a geosocial network. The logarithm of the route calculation depends on

the various services that the cloud delivers. The main framework of the cloud computing-based

carpool services can be as shown as Figure 2.1 in reference [2].

Figure 2.1: The Cloud Computing-based Carpool Services Framework inefficient in [2]
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There are many characteristics of the community-based system when compared with the

centralized system, as illustrated in the table 2.3.

However, community-based systems have faced some challenges. Sustainability can be difficult

without enough ridership or funding available, necessitating careful management [78]. Also,

navigating transport regulations designed with larger systems in mind may present additional

obstacles. Additionally, limited resources may negatively impact service quality, availability, and

frequency.

2.3 A Multi-Mode Transportation Systems

Multi-mode transportation systems are networks that aim to integrate modes of transportation

in order to facilitate travel for both passengers and goods. These systems bring together options

such as buses, trains, bicycles, ferries and pedestrian pathways to create a travel experience. The

main objective is to connect and coordinate these modes of transportation.

There are reasons why multi-mode systems are important and have benefits over single-mode

systems, and we can see these in table 2.4.

2.3.1 Challenges

Besides the advantages, there are also some challenges:

• Complexity in Planning and Management: Coordinating between modes of transport and

agencies involved can be challenging.

• Cost: Establishing and maintaining modal infrastructure can be financially demanding.

Effectively managing data across systems becomes crucial when multiple modes of transportation

are involved. This includes passenger information, schedules, and operational data. The

integration of this data is vital to providing real-time updates, ticketing options, and

seamless travel experiences.

• Integration Issues: Integrating transportation modes comes with challenges. It requires

infrastructure like inter-modal terminals. It also necessitates operational coordination,

such as aligning schedules and coordinating fare systems.
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Table 2.3: Comparison of Community-Based and Centralized Transportation Systems

Aspect [60] [79] Community-Based
System

Centralized System

Local Focus Transportation systems are
tailored to the specific
context, culture, and needs
of local communities.

Designed with a broad
focus, aiming to serve
larger, often diverse
populations with uniform
services.

User-Centric
Systems

Prioritizes convenience,
affordability, and
preferences of local users
over systemic efficiency.

Emphasizes systemic
efficiency and operational
consistency across the
network.

Participatory
Governance

Decisions on routes,
schedules, and operations
include input from local
residents or user groups.

Decisions are made by
central authorities with
limited direct input from
local communities.

Flexible and
Adaptive

Highly adaptable, quickly
responding to changing
community needs or
preferences.

Less adaptable, with more
rigid structures and slower
response to changes in local
needs or conditions.

Diverse Funding
Sources

Funded by a mix of
sources, including local
government, non-profits,
community organizations,
and user fees.

Primarily funded by central
government budgets and
fare revenues.

Integrating with
Larger Networks

Can act as feeders into
major transit hubs,
complementing larger
transportation networks.

Functions as the primary
provider of transportation
services, with less
integration with local
systems.

Service to
Underserved Areas

Often serves communities
or populations not
well-served by traditional
public transit, providing
essential access.

Focuses on high-demand
routes and areas,
potentially neglecting
underserved or low-demand
areas.

Economic Benefits Strengthens local
economies by employing
local residents and meeting
their specific needs.

Economic benefits are
broader and less targeted,
focusing on overall
efficiency and cost-
effectiveness.
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Table 2.4: Comparison of Multi-Mode and Single-Mode Transportation Systems

Aspect [80] [81] Multi-Mode
Transportation System

Single-Mode
Transportation System

Commuter Choices Offers a range of choices,
reducing the reliance on
cars.

Limited to one mode,
increasing reliance on that
mode (e.g., cars).

Efficiency Improves overall
transportation efficiency by
optimizing the use of
different modes.

Efficiency is limited to the
capacity and performance of
a single mode.

Sustainability Contributes to the
sustainability of urban
transportation by
encouraging the use of
eco-friendly modes.

Often less sustainable,
especially if the single mode
is car-based, leading to
higher emissions.

Congestion
Mitigation

Plays a significant role in
mitigating congestion by
distributing commuter
traffic across multiple
modes.

Typically results in higher
congestion, as all traffic is
concentrated on a single
mode.

Emission
Reduction

Reduces emissions by
promoting the use of public
transit, biking, and
walking.

Higher emissions,
particularly if the primary
mode is motor vehicles.

Accessibility Enhances accessibility in
urban areas by providing
multiple transport options.

Limited accessibility,
especially for non-drivers or
those without access to the
single mode.

• Additionally, there are policy and regulatory challenges to ensuring that all modes adhere

to safety and service standards.

• Cost: Establishing and maintaining modal infrastructure can be financially demanding.
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2.4 Time-Based Optimization

2.4.1 Time-Based Optimization in One-Mode Transportation

System

Most transportation systems are interested in finding the route by which the passenger reaches

their target as quickly as possible compared to other travel options. The algorithm in [82] helps

to reduce the extra travel time resulting from a vehicle detour when a new sharing request occurs

during the trip.

In addition to the ride-sharing transportation mode, advanced transportation systems are

concerned with the development of dynamic public transport and bicycle sharing in smart cities.

The model in [83] is based on the idea that the search for the shortest route of public transport

should be reduced to a specific area for each car after filtering the requests that would reduce

the quality of service provided to the passenger. This system works by creating an efficient path

planning greedy algorithm strategy that helps speed up complex calculations. But, this study

does not consider the passenger’s walk from home to the station. The author in [84] (meta-

heuristic) developed an approach called an ant path-oriented carpooling allocation based on the

ant colony optimizer to solve the carpooling service time window problem. This model provides

the shortest route to avoid congestion compared to an initially planned route.

Some of the most important problems for passengers while using buses are the wait time at

the bus stop, the possibility of offering their seat to another passenger, and the cost of the trip.

The first study provides a smart application to automatically provide the right route for the

passenger with the possibility of obtaining a ticket online. The passenger can use his smartphone

or another device to reserve the ticket online, make sure that there is a seat available on the bus

with the possibility of getting the seat automatically through the proposed logarithm, and be

informed of the expected wait time [85].

One important issue in car sharing is quickly finding a companion to travel with. In [86] , a

mixed system was proposed, allowing the driver to drop off and pick up passengers at the same

time, thereby enabling the passenger to set the time window. To solve the dynamic ride-sharing

problem in smart cities, two proposed optimization techniques were introduced in this system:
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symmetry breaking and linearization. To implement these techniques in the system, the authors

have created randomly moving vehicles and people depending on the real map information. From

the results, they note that the symmetry breaking model is superior to the other two models as it

achieved faster access and increased the number of passengers who benefited from the service by

50%. Another aspect of these studies is the establishment of models that help improve the ride-

sharing services, such as the trip cost, the time to reach the destination, and users’ satisfaction.

The authors assume that all drivers between a specific source and destination will follow the same

route. Also, the most notable shortcomings in this paper are that the drivers cannot change their

route, and the passengers do not have the opportunity to choose their preferences for the trip.

Some works are based on ride-share route planning strategies but with specific limitations,

such as common destination and origin. In general, these problems are either single-origin-multi-

destination or multi-origin-multi-destination scenarios. In fact, multi-origin-multi-destination

trips are considered more complex than single-origin-multi-destination trips [87] [88].The authors

in [87] suggested a new technique for calculating the shortest ride-share route to reach the target

with optimization constraints. The route would be changed to meet each request, and then the

appropriate route change restrictions would be computed. The authors in [88] (modern hybrid)

developed a dynamic taxi-sharing model for taxi sharing based on hybrid-simulated annealing

(HSA). This new technique requires complex calculations, especially when the number of requests

is large. These complex calculations lead to a vast number of repetitions and multiple random

disturbances.

Some studies, such as [89], focused on solutions for large-scale real-time ride sharing. In this

research, a kinetic tree algorithm is developed that deals with dynamic requests for scheduling.

Compared with other models, the kinetic tree has proven to be more efficient and flexible in

providing suitable route options with a faster arrival time for passengers. The paper [90] designed

a new route query for optimal multi-meeting points in a real-time ride-sharing environment. This

route query aims to find the shortest route from the starting point to the destination by minimising

the ratio between the distance of the route and the shortest route to the destination.

The authors in [91] used the Lagrangian decomposition approach to create a new ride-sharing

model in which the system assigns passengers to taxis while determining the best routes for the

journey. In the proposed method, the problem was formulated as a mixed-integer program with

the development of two heuristic logarithms. The results were later compared with the use of
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CPLEX to solve the same problem. The comparison shows that the model with the Lagrangian

decomposition approach is more efficient than CPLEX, especially in relation to computation time.

Researchers in [92] developed a new ride-sharing system that aims to reduce the number

of cars, and the distance travelled during the trip. Each trip set consists of the passengers,

the vehicle, and certain requirements such as detour distance, number of stops, vehicle capacity,

preferred routes, destination, and source. The study proved that reducing the number of cars

and distance is difficult if any requirements are not met. Therefore, a new approximate algorithm

was developed to achieve optimization when the number of stops is not satisfied, and the other

conditions are met. This work limits the number of stops a driver can make to pick up riders.

Reference [93] developed the real-time On-Demand Bus Routing Problem (ODBRP) system

as an extension of the static transportation system. To obtain a better quality of service and

increase the profits for the on-demand bus company, passengers must submit their requests far

in advance. Dynamic requests are added one by one with real-time optimization execution after

scheduling static requests. Finally, static optimization is performed to obtain an initial solution

suitable for the dynamic part.

The authors in [94] created a dynamic framework aimed at reducing the time taken for

the entry process into ride-sharing applications. The model aims to achieve three main goals:

minimizing the total travel time of the passengers and the sum/maximum flow time of the

requests. By leveraging the Fenwick tree, the results from the experiment in this reference show

that the insertion operator is on2 instead of on3. In terms of numbers, the insertion operator can

be accelerated by 998.1 times on urban area datasets.

Some studies focus on providing a system that helps to calculate the shortest routes for the

driver and the passenger dynamically. For example, [95] is based on the fact that there are

common subways for the passenger and the driver between two points, namely the location from

which the passenger is picked up and the location where the passenger is dropped off. Here, the

authors must recognize that the passenger’s route may include some paths where public transport

is used before or after the common sub-paths. This model is called the 2 Synchronization Points

Shortest Path Problem (2SPSPP). Here, the authors choose the optimal pick-up and drop-off

points as well as the concurrent common routes between the driver and the passenger, which

achieve the least time to complete the total journey. To guide the logarithm using heuristics, the
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authors identify possible areas of the pick-up and drop-off.

The reference [96] addresses the one-to-many ride-sharing matching problem with unpredictable

trip times between destinations. The objective is to build effective ride-sharing matching systems

that minimize the cost of driver detours and the number of matching passengers. The authors

frame the ride-sharing matching problem as a Robust Vehicle Routing Problem with Time

Window constraints (RVRPTW) to do this. To effectively capture trip time uncertainty, the

authors offer a data-driven, deep learning-based method to dynamically predict journey time

uncertainty sets. The authors assume that, for each matched driver, no passenger may be dropped

off until all passengers have been picked up. The driver cannot pick up additional passengers

once the drop-off sequence has begun.

The paper [97] proposes a method for effectively managing the schedules of buses (EBs)

operating on routes. The focus here is on optimizing scheduling and charging processes so as to

minimize waiting times, variations in usage levels, costs associated with charging, as well as any

expenses related to charging. The aim is to ensure that battery degradation occurs evenly while

also cutting expenses; for this, the authors employ the branch and price method. Tests show that

this approach effectively decreases waiting times, charging costs, as well as variations in usage

levels.

2.4.2 Time-Based Optimization in a Multi-Mode Transportation

System

When we combine several network graphs into a single graph and then apply the routing algorithm,

we obtain a multi-modal route plan. The system in [98] is a piece of multi-modal technology that

does not require the passenger to specify restrictions on the use of different modes of transport

prior to the start of the trip. For example, the passenger can travel by car and then decide

to take the bus. This model differs from [52] which uses the nearest neighbor algorithm since

the processing time is faster. A popular method for combining various networks is to solve the

nearest neighbour problem (NN), which directly joins spatially-close stops from diverse networks.

In addition, the system is implemented so that it can solve any inquiry locally.

In [99], a mobility system was established to combine carpooling and traditional multi-modal

transportation in the same trip in real time. The basic idea here is based on the principle of
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replacing some sub-routes on the traditional multi-modal transport route with carpooling paths.

The intention is to reduce the passenger’s travel duration. To achieve this, the implementation

stages of the system go through three primary steps. First, a group of potential drivers is

selected by determining the closest probability between the journey of the passenger and the

drivers provided. And then calculate configurations of faster routes for drivers and design a

substitution process. In the end, the system chooses the near-optimal solution to achieve the

quickest time of arrival of a set of possible and logical solutions. This work is a development

based on [100]. Here, the system focuses on the number of stations rather than the number of

potential drivers. This concept helps reduce the number of launched Dijkstra algorithms. This

work only focuses on reducing trip time, not on reducing both time and cost. Most modern

transportation systems create multi-origin-multi-destination strategy transportation models with

sophisticated search techniques and lots of information uploaded to the cloud.

Some studies have focused on the many-to-many carpooling problem with multiple cars and

various passenger preferences in the real world, such as [101]. In this study, a model is developed

to determine the optimal time trip interval for the carpooling problem with the help of prematch

information (CPPPMI) and time-space network flow techniques. As a result, this model is very

useful for any CPPPMI problems in the smart city and valuable for any researchers designing a

plan for carpooling with matching information. The model in this study does not address the

random trip time that could be added to the actual scenario. Different from the work presented in

[101], the reference [102] uses the Genetic Algorithm (GA) to solve combinatorial optimization

problems targeting fairness and passenger security improvement. Many other projects, such as in

[103] developed CLASCOON with a software platform for real-time dynamic carpooling services

matching algorithm. This software is easily used by the passenger to find a journey companion

quickly. Additionally, two essential features are proposed by CLACSOON: first, the dynamic

urban partial ride-sharing, which allows the passengers to reach their destination during the

journey by walking. The second feature makes it possible to share a ride after a trip has started.

The result of the simulation shows that CLACSOON reduced the trip time by 55 % and the CO2

by approximately 10 % compared to others in comparison to current carpooling service models.

Many studies in the last decade have focused on route planning in transportation networks.

The authors in [104] outlined the essential techniques used to create a multi-mode transportation

system. This study addressed some algorithms for calculating the shortest paths of road networks
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and performance metrics related to dynamic road networks [105] [106]. In [107], the developers

proposed a multi-transit system consisting of public transit and ride-sharing based on the angle-

based clustering [AC] algorithm. The proposed model has been compared with the exact solution,

as the comparison shows that the AC algorithm performs well in both large and small settings.

Through the experience, it is clear that the multi-modal transportation system with ride-sharing

achieves higher efficiency in trip time and distance. The developers of this system did not include

in their design plans the possibility of a random addition in trip time and wait time as a result

of unexpected factors that continuously occur in reality.

Most transportation systems are interested in finding the route by which the passenger reaches

their target as quickly as possible compared to other travel options. The reference [108] proposed

to integrate dynamic ride-sharing into public transport. The authors suggested a system called

Xhare-a-Ride (XAR) to provide the passenger with dynamic movement in the shortest possible

time while considering limitations such as route change and walking preference.

Very few current transportation systems include more than one means of transport as an

option for the passenger during his journey. Reference [109] targets dynamic multi-network

mobility in urban areas. The research suggests a model to find solutions for traffic flow with

the participation of carpooling, public buses, and trains within the framework of a single traffic

system. The developers in [3] designed a mobile platform that offers suggestions for planning a

trip that includes only two modes of transport, carpooling and public buses as shown in Figure

2.2. This solution ensures the shortest route for the passenger while considering delays caused

by road accidents and traffic congestion. In [110], the purpose of the system is to combine two

modes of transportation (ride-sharing and car-sharing) in one model so that the passenger can

operate the multi-trip scheduling as one task. We note the shortcomings in this work. Most

modern models focus on only one aspect, for example reducing time without taking into account

Figure 2.2: The whole process for solving MMDUE in [3]
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lowering costs. Also, the paper focuses on one or two modes of the transportation system without

considering the diversity in terms of user needs.

Many papers suggest multi-mode transportation systems to find solutions to some transportation

problems, without taking into account the trip’s time and cost. Tripod’s optimization framework

in [111] is a new rider order management system that aims to reduce the energy consumed

by the transportation system as a whole. The passenger here manages the online request as

the model supports multiple means of transport and depends on giving the passenger the best

option based on the current and predicate state of the network. However, this model has several

limitations. First and most importantly, it does not take into account the passenger’s desire to

arrive at the lowest cost (time and price). Secondly, the simulation is applied in the morning

period only. Reference [112] has proposed a framework for multi-modal transportation networks

to find a clearer picture of the different patterns and predictions of urban transport. The model

consists of three layers of varying transportation networks as different coverage of these networks

is studied for passengers in three different cities. However, mathematical details for this model

do not calculate the time and cost required for the trip; as well, their effect on coverage is not

studied.

The most current multi-modal routing systems are moving away from the combination of

public transportation scheduling with walking and car sharing. This shift is due to the complexity

and difficulty imposed by the dynamic movement of transport with the need to update the location

of the passenger and the vehicle continually and to update the tracks in the complex systems. In

[113], the authors created a multi-modal routing system based on previous information stored in

the user’s profile with a range of possible travel options. This work aims to reduce complications

and computational effort for the multi-modal transportation model through the use of heuristic

schemes. Similarly, many studies have developed methods to identify meeting points for car

drivers and riders [114] [115]. [114] aimed to build a dynamic, decentralized and integrated

system that maintains the privacy of the passenger. The meeting points are calculated in the

ride-sharing service so that each user can continue to control their location information. The

ride-sharing model in this paper is based on the assumption that there is only one driver and

one passenger. In [115], a new site-based system was proposed for suggesting meeting points for

passengers and drivers in the real world. In this scenario, it is assumed that the driver drives his

car through the city’s main streets to be able to pick up one or more passengers from a single
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meeting site. At the same time, passengers are expected to walk or use public transport to reach

the agreed assembly point.

In the study [116], the developers designed a proper system for mobility-on-demand so

that the passenger has the freedom to choose the type of transportation he or she prefers while

maximizing the utility. In addition, the developers have integrated Bayesian optimization to

optimize the supply aspect (fare size and fleet). Finally, taxi data from New York City was used

to study the results of applying this model.

To merge ride-sharing with fixed-route transit, the authors in [117] devised a labelling system

to match drivers and passengers. The method uses a schedule-based transit shortest path to

build ideal itineraries for users, accounting for various transport network complications such as

accurate waiting time, in-vehicle time, transfer time, and access time. Then, by using a matching

optimization program, riders and drivers are paired for the initial mile of the rider’s journey.

The task has two distinct objectives: maximizing the total number of matches and maximizing

the total reduction in vehicle hours. The authors considered the capacity of vehicles to be

limitless. However, overcrowded transit systems frequently face the issue of customers being

unable to board due to limited capacity. Also, they assumed that the trip time on both road

and transport networks is dependable. However, passenger trip duration is frequently subject to

unpredictability. This uncertainty increases with bus transportation services.

2.4.3 Time-Based Optimization in Game Theory One-Mode

Transportation System

In [118] , the Bush-Mosteller (B-M) Reinforcement Learning (RL) system is developed to

represent the route selection behaviours of travellers in traffic networks who find optimal transit

routes that reduce individual trip time. The Nash equilibrium of the congestion game reveals the

ideal approach for route selection. The congestion game is applied to the traffic assignment issue

by constructing a novel potential function (TAP). The findings of a numerical experiment based

on the Nguyen-Dupuis network reveal the efficacy of the theoretical analysis and that the B-M

RL-based solution approach performs better than numerous current methodologies.

The authors in [4] explore the analysis and enhancement of traffic flow in road networks

using Warsaw as a case study, as shown in Figure 2.3. The primary focus is on optimizing
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traffic in urban areas. The contributions of this study involve 1) proposing an algorithm to

model transportation systems and optimize traffic flow and 2) providing a discussion on the Nash

equilibrium and Stackelberg approach to examine the effectiveness of optimization techniques in

reducing travel times and increasing traffic flow. However, it is important to acknowledge the

limitations of this study, such as its nature and its inability to account for random events. Future

research will focus on developing models that incorporate logic for decision-making purposes.

2.5 Fare-Based Optimization

2.5.1 Fare-Based Optimization in One Mode Transportation

System

Other studies have only focused on finding solutions to reduce the cost of the trip. The authors of

[119] proposed a price model that provides fair pricing to the riders based on each rider’s profile

so that the service provider makes a good profit without being circumvented. The dynamic ride-

sharing pricing system in [120] is based on a double auction-based discounted trade reduction

mechanism consisting of a Balanced Budget (BB), Individual Rationality (IR), and Incentive

Compatibility (IC).

Researchers in [121] developed a rigorous approximation framework for shared vehicle systems,

providing a consistent method for a variety of controls (rebalancing, matching, and cost); objective

Figure 2.3: Compared travel times through individual links to road network [4]
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functions (welfare, revenue, and throughput); and constraints (posted fare, welfare benchmarks,

and trip times). Based on the analysis of natural convex relaxations, they provided as special cases

existing approximate optimal policies for constrained settings, asymptotic optimality results, and

heuristic policies. The results are non asymptotic, and parametric guarantees provide functional

insights into the development of real-world systems. The developers assume that consumers’

sensitivity to surge pricing is independent of their destination, meaning that all customers arriving

at a node have similar value distributions. They demonstrate that, under this assumption, the

elevated flow relaxation for the point-pricing problem can be solved with a single eigenvalue

computation for throughput/welfare; however, for the issue of maximizing revenue, the elevated

flow relaxation must be solved in conjunction with a one-dimensional concave near-optimal

solution.

The work in [122] investigates the technique design challenge to encourage rider involvement

in on-demand first-mile ride-sharing, considering riders’ mobility desires, such as riders’ requirements

on arrival deadlines, maximum willing-to-pay fees, and detour tolerance. The unexpected, on-

demand traveller requests are managed using a rolling horizon strategy. The research assumes

that the journey time between two places is deterministic. In fact, the travel time is unpredictable

and dependable. Also, this research does not predict the journey time, and it uses one station

only.

The reference [123] focuses on the difficulties involved in managing bike-sharing systems

based on stations. This research aims to introduce user-centred recommendation strategies that

improve both the user experience and system performance. The problem at hand is how to

efficiently suggest bicycle stations to users based on factors like distance and the availability

of bikes or slots. To address this issue, the authors have implemented the expected resources

and expected cost strategies along with expected cost and future impact, which optimize bike

distribution while reducing abandonment rates.

The paper [124] investigates how autonomous and electric vehicles (AVs/EVs) may fit into

shared transportation systems. A primary goal in vehicle fleet selection should be finding solutions

which reduce transportation expenses when taking into account factors like travel patterns,

operational expenses, Vehicle Miles Travelled (VMT), travel time, and ownership expenses. This

paper’s goal is to develop and compare metaheuristic algorithms, including a genetic algorithm

and simulated annealing, in order to address complex transportation issues at hand.
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2.5.2 Fare-Based Optimization in a Multi-mode Transportation

System

The authors at [125] developed a new system and performed data analysis using simulation with

questionnaires to study the effect of passengers’ preferences, such as the time and cost of the

trip, on the maximum profit for Customized Bus (CB) and Ride-Sharing (RS). A competitive

game model is designed to achieve maximum profit for each mode of transport by considering

passengers’ choices which depend mainly on the utility function to fulfil the requirements of the

passengers to reach the destination in the shortest possible time. Through the results obtained,

the optimal fare for the bus is a non-decreasing function of the fixed factor and linear coefficient

of RS when the CB provider knows the RS pricing strategy. The optimal RS price is a quadratic

function of the price of CB when the bus price strategy is known to the car provider. Within this

multi-transportation model, the passenger can choose only two types of transportation. This is

unlike the other model we proposed, which includes three transportation options.

The reference [126] presents a dynamic passive pricing model for cyclists. Passengers may

receive a refund if they reach the designated bike area, but the bikes are undersupplied. The

proposed model balances the price that the user deserves and his or her path while travelling

within the city by bus, for example. It is noteworthy how this design allows the passenger to use

one or more modes of transportation during his or her journey. There are several shortcomings

in this proposed system compared to our multi-transport system. First, the model mentioned in

this research does not include ride-sharing as an option. Second, the number of transfers between

types of transportation is limited to only two. Third, there is no mixing in the traffic routes for

all kinds of transportation. Finally, the model developers suggest that regardless of preference,

if there is no bicycle, the passenger can either walk or take the bus.

The reference [127] is one of the rare studies that have designed a model which allows

the passenger to share his or her trip with others while simultaneously calculating the cost of

the trip. By using a special application, the passenger can choose the route of his or her trip,

including main and secondary roads and type of participation. As a result, through the numerical

examples that have been clarified in this reference, toll charges and passenger rewards influence

the itineraries and satisfaction of passengers by choosing the appropriate mode of transportation.
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The developers of this model did not give the passengers the option to choose their preferred

departure time, which affects the ride-sharing dynamic.

During the COVID-19 crisis, the public transport sector was greatly affected. This effect

is reflected by the number of passengers and the high operating cost due to the imposition of

social distancing in public transportation and regular cleaning. Reference [128] demonstrates the

flexibility of using transportation systems that integrate fixed means of transportation, time, and

movement, such as public buses, with on-demand transportation service. This study concludes

that multi-systems are more flexible than one-way systems, especially in terms of the cost and

comfort provided to passengers.

The reference [129] presents a multimodal ride-sharing framework for enabling last-mile

connection for public transport passengers. For first or last-mile connections, the integrated

framework provides customers with the most suitable mode of travel or a combination of modes.

Furthermore, the functional components of the framework and the infrastructure requirements

for large-scale deployment are detailed. Specifically, the communication protocols and distributed

computing paradigm are elucidated.

The work [5] simulates a multimodal network with ride-sharing services. The developed

model re-creates the scenario in which travellers with their cars can choose to be solo drivers, ride-

sharing drivers, ride-sharing passengers, or public transit riders. In contrast, travellers without

cars can only choose to be ride-sharing passengers or public transit passengers. This paper further

develops a doubly dynamical system that investigates the day-to-day dynamics of within-day time-

dependent travellers’ decisions and traffic conditions. In contrast with our research, where drivers

can pick up multiple passengers in one car, this study assumes that each ride-sharing driver can

only pick up one passenger in the trip.

The [130] introduces the Tradable Credit Scheme (TCS) to promote people’s travel choices in

areas with various transportation options and to address traffic congestion and carbon emissions

related to transportation systems. The goal is to optimize travel expenses and lower carbon

footprints by offering individuals incentives to change their travel decisions.
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2.5.3 Fare-Based Optimization in Game Theory Transportation

Models

The demand for self-driving electric cars is growing globally, which explains why there is so much

research in this regard. The authors in [131] suggested a payment strategy for charging to help

developers find optimal places to put the required resources on the roads. This paper, which

is based on the multi-agent framework, uses non-cooperative game theory to build its proposed

model.

The paper [132] focuses on the use of the coalitional game for designing a new dynamic

pricing method which is concerned with basing fare distribution on the distance travelled by each

passenger. Equitable distribution of the price encourages people to carpool and reduces the use

of private cars, which ultimately reduces the emission of carbon dioxide into the atmosphere.

However, the work does not provide a passenger-matching algorithm, and so the optimal utility

of all individuals cannot be processed.

In [133] the authors suggest a game theory-based pricing solution to the ride-sharing dilemma

of taxi commuters that addresses the near-optimal solution of their travel companion and successfully

lowers their cost. This paper proposes two stable matching techniques: Best Time Sharing (BT)

and First-Come, First-Served (FCFS). The analysis revealed that the stable matching method

lowered the total number of trips while maintaining the dataset’s temporal frequency of trips. In

addition, the best time pairing and game theory pricing approaches were the most cost-effective

in terms of passenger savings. However, the simulations of ride-sharing only considered two

passengers and the possibility of three or four people sharing a vehicle was not considered. The

evaluation window is barely 30 minutes per day and does not include peak travel times.

Reference [134] suggests a model for surge pricing in ride-hailing platforms from a temporal

perspective, highlighting riders’ and drivers’ strategic behaviour and the fact that drivers react to

spike fares far more slowly than commuters. Despite considerable anecdotal evidence, passengers’

and drivers’ strategic behaviour has not been formally examined in the literature. In this study,

the authors adopted and examined a traditional two-period game-theoretical model described in

the literature on strategic customer behaviour.

In [135], the authors investigate the coordination of the porcelain supply chain in the realm
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of e-commerce, specifically focusing on packaging. The study tackles the challenge of aligning

the supply chain while considering consumer preferences for packaging as well as its impact

on transportation losses and after-sales issues. The main objectives of this study encompass

analyzing how packaging influences these aspects by comparing decision-making models, proposing

a contract, and emphasizing the role of packaging in reducing losses and enhancing the entire

supply chain. To achieve this, our study employs modelling and analysis to compare decentralized

decision-making approaches. The outcomes reveal that centralized decision-making leads to

profits and better packaging levels. Additionally, the researchers introduce a contract that

enhances coordination among stakeholders. However, it is important to acknowledge the limitations

of this study such as incorporating the nature of packaging and its environmental impact while

also exploring applications in other industries. Ultimately, the result of this study underscores the

importance of striking a balance between safeguarding packaged goods and addressing environmental

concerns.

The reference [136] utilizes level optimization as a means to choose between rail and road

transport for freight transport, taking environmental and social considerations into account as

the main goals. This study develops a model in which a rail operator takes charge, and shippers

follow the operator’s decisions. A programming model was then created that takes into account

the objectives of increasing profits while decreasing risk and emissions. To facilitate this work,

the authors employ the Karush-Kuhn-Tucker approach to solving this multilevel model. This

study presents examples and sensitivity analyses to evaluate the model and understand which

factors have an effect on decision-making by both rail operators and shippers. The findings show

that investing in infrastructure may help increase market share for rail operators. Enhancing line

capacity and train frequency can increase profitability and attract new customers, with shippers

often opting for rail transportation if cost is their primary concern. However, it should be noted

that this study has its limitations, since it assumes only one rail operator and shipper to represent

real world freight transportation systems accurately. Additionally, the research fails to take into

account factors like unpredictability in demand or specific time restrictions.

The authors in [137] introduce a pricing technique that focuses on pairings in cities using

game theory. The main goal is to lower travel costs for passengers while ensuring drivers still

earn an income. The investigators address the issue of commuting and the need to optimize

ride-sharing capabilities. For the pricing model, the paper’s proposal aims to decrease fares
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and minimize the number of taxi trips. The authors analyze how intangible factors influence

ride-sharing decisions. The authors’ findings demonstrate that implementing the game theory-

based pricing scheme resulted in a reduction in required taxi trips and a slight increase in travel

distance for passengers. Moreover, it had an impact on driver revenue when it came to passenger

fares. It is important to note that this pricing model primarily aims to benefit riders through

cost reduction. However, it is essential to recognize the limitations of this study, such as relying

on urban mobility datasets that may not cover all scenarios and factors affecting ride-sharing

decisions. Additionally, the authors did not investigate the effects of this pricing model on

stakeholders such as taxi companies or the broader transportation system.

The reference [138] focuses on addressing the challenges of integrating equity considerations,

pricing mechanisms, and network expansion decisions into the design of transportation networks.

One major issue identified is the lack of models that can effectively incorporate network design,

congestion pricing, and equity maximization in their calculations. The primary goal of this paper

is to alleviate congestion and ensure the allocation of resources among user groups. To achieve

this, a bilevel optimization model is proposed involving three players: an equity maximizer, a

network operator, and travellers. This model utilizes an approach of Mathematical Programming

with Equilibrium Constraints (MPEC) to formulate and solve a Stackelberg game, which is then

transformed into a Mixed Integer Linear Program (MILP). Numerical experiments conducted on

a transportation network in Sydney showcase the capabilities of this model. Different objective

functions and scenarios are analyzed, with the results revealing tradeoffs between equity, travel

time, travel cost, congestion levels, and investment value. This paper underscores the importance

of considering equity during transport network design while also suggesting avenues for research;

however, its limitations are not explicitly stated.

2.6 Time-Fare-based Optimization in Transportation

System

In [139] the author used ant colony optimizing to find the near-optimal solution for the bus school

routing problem in Bogotá, Colombia. The result of the experiment, which used real data, shows

that the new model leads to a reduction in the time interval of the bus trip and cost in comparison
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to other models. With the student arriving home at an earlier time, the model improves their

quality of life. This work assumes that there are a limited number of buses available to provide

the service. In [140] (meta-heuristic), a multi-loading school bus routing model with four meta-

heuristics was applied to solve a new complexity in the multi-loading issue. The older version

permits students from various schools to ride the same bus at the same time. However, the scheme

in this paper enables the bus to take students to or from school simultaneously. This model gives

us lower-cost transportation with flexible routing.

Some works are based on ride-share route planning strategies but with specific limitations,

such as common destination and origin. In general, these problems are either single-origin-multi-

destination or multi-origin-multi-destination scenarios. In [141], a model was developed that

calculates the shortest route and best cost for a single-origin-multiple-destination trip.

Some projects have focused on transportation enhancement, targeted cost and trip-sharing.

BlaBlaCar provides travellers with the opportunity to share their trip and its cost with others.

The company website and application connect drivers with travellers to satisfy their requests

[142].

The authors [143] assume that a private company has developed a platform to provide

Intercity Ride-Sharing (IRS) services for passengers travelling between two towns. The IRS

Vehicle Routing Problem (VRP-IRS) is defined on a directed graph and formulated as a mixed

integer linear programming problem in this paper. They propose a variable neighbourhood search

algorithm to solve the VRP-IRS, which is NP-hard. Four rider-based local search operators and

four trip-based neighbourhood operators are suggested to find more useful neighbourhood-based

solutions.

The authors of [144] postulate and demonstrate four features, namely “scheduling preferability,”

“financial sustainability,” “preference-based incentive compatibility,” and “preference-based

individual rationality,” in order to achieve the four incentive objectives, respectively. This online

hybrid mechanism consists of a dynamic re-optimization method for re-matching and rerouting

and a hybrid real-time pricing mechanism that differentiates between different types of passengers.

To obtain large-scale solutions for the online hybrid mechanism, this research adapts the Solution

Pooling Technique (SPA) initially suggested in our prior work for a static offline method. The

main limitation of this paper is the journey time between two sites is assumed to be constant.
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The reference [145] focuses on enhancing the efficiency of routing in transit systems that

have fixed time windows. The main objective is to find a way to allocate vehicles so as to

meet passenger demand while minimizing costs and time penalties. The goal of this research is to

develop a model and an adaptive genetic algorithm that can optimize routing and improve transit

systems effectively. The key contributions of this study include proposing an optimization model

for routing and utilizing an algorithm. This study has some limitations, such as not accounting

for dynamic trip demands, which require investigation for validation purposes. Additionally, this

paper provides references related to optimization algorithms used for transportation problems,

including tabu search and dynamic programming, among others.

2.7 Objective-Based Optimization in Transportation

System

In [146] the School Bus Routing Problem (SBRP) is addressed by designing a particular model

using a genetic algorithm to solve the most critical issues in this type of problem, such as route

schedules, bus route generation, and stop selection of bus. The result showed the superiority

of this algorithm to the previous algorithm, especially since it took into account most of the

constraints, such as school arrival time and vehicle and bus capacity.

In some studies, such as [147], the authors propose a shared route percentage (the ratio of

the shared route’s distance to the driver’s total travel distance) model. In this model, the driver

shares a vehicle with the rider. For that, the driver first drives to the rider’s source, then to the

rider’s destination, and, finally, to his or her own destination. Here, the vertices are the drivers

and the riders; the edges are the driver-rider pair, and edge weights are the driver-rider’s SRP.

The method is based on the calculation of the upper and lower bounds for each rider-driver pair

at a fixed time.

Dial-a-ride service is a bus service that operates in a mode partway between a normally

scheduled bus service and a taxi; it is a form of demand-responsive transport. The system

typically has a scheduled route, but passengers can call and book a pick-up within an area served

by the route, and then the bus route is modified to make the pick-up. Drop-offs anywhere within

the area can also be accommodated. The aim is to extend public transport services to the front
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door of all residences or from any place to any place. Some services operate exclusively for disabled

or elderly passengers; other services are open to the general public [148]. Recently, the trend

in dynamic ride-sharing research has been to create traffic systems that find the shortest route

for the passenger while considering the passenger’s preferences, such as trip price. SHAREK in

[149] is a model that allows the driver to provide his or her passenger with a sharing service by

determining the vehicle’s current location and distance from the user. At the same time, the user

specifies his current position, the distance to his last destination, and the maximum amount he

is willing to pay for his trip. However, since SHAREK deals with only one group of passengers,

this limits the use of the system’s ride-sharing capabilities. The taxi sharing system in [150]

allows each user to determine the payment, the trip’s length of time, and the waiting time. The

authors in [151] proposed a system to develop the current passenger sharing system to consider

the current traffic situation in order to give passengers the preferred options for their journey.

One of the drawbacks of this system is that the proposed model does not deal with unexpected

road issues in actual situations. The paper [152] designed utility-aware ride-sharing on road

networks, a dynamic movement model based on maximising the vehicle-related utility and the

rider-related utility without exceeding capacity-constrained and time-constrained riders.

For some existing models, some of their functions are designed to be centralised while others

are decentralised. [153] compares a centralised and a decentralised algorithm to find the best

match between a rider and a driver while satisfying the lowest cost for dynamic ride sharing. The

decentralised algorithm builds on the auction-based design concept. When the authors compare

these two algorithms, they note that the decentralisation model achieves greater cost savings than

the central model and also reduces the overall trip distance. In the work of Duan et al. [154]

developers tackle the problems of self-driving taxis by developing a model that handles passenger

hybrid orders. The passenger can request the ride immediately or in advance. The central

processing requests short-distance rides while decentralising deals with long-distance requests. In

the result of the experiment, it is noted that the computational efficiencies of decentralisation are

improved concerning service quality and economic productivity.

The work [155] proposes an efficient and accurate algorithm called PeerMatcher. This

algorithm presents reduced complexity in terms of finding a trip plan; however, its communication

range is reduced and it cannot cover a high number of transportation forms. Based on its

scalability, accuracy and efficiency, PeerMatcher reduces the level of complexity and the amount
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of time needed to find a solution. The nodes are clustered into groups that have a specific fixed

size, which is a drawback if it is used in dynamic communication. The authors in [156] suggest

a fully decentralised model so that the agents in the network make decisions individually with

the possibility of communicating with the rest of the neighbours and exchanging information

without consulting the central agent. Through this model, an ideal profit is achieved at the

network level, even if the covered area within this proposed system is extensive. The authors

in [157] proposed the creation of distributed software based on the concept of decentralisation

upon which this study is based. This proposal focuses on cases in which the passenger receives

several offers from drivers, a process which is termed multi-hop ride-matching. The proposal

enhances the dynamic mobility that smart cities require while providing convenient options for

the passengers. In [158], a virtual payment system is proposed for the driver so that he can choose

which passengers he will serve. The decentralised system here is auction-based, where the driver

selects the most profitable passenger. Thus, companies benefit from the service fees affiliated

with the driver, and the driver earns more income because he has the freedom to choose the user

without referring to the centralised company’s authority. In the Ridematcher system in [159],

the driver–passenger matching process is distributed to fog to achieve a complete decentralisation

system. Passenger–driver pairs are chosen depending on the car’s route and the time taken for

the trip. The model proposed in this work was developed to fit only the ride-matching from the

beginning to the end of the route and does not consider if there is partial matching during the

trip.

The Vehicle Sharing Program (VSP) in the transportation system includes cars, bicycles, or

electric vehicles. The developers in [160] designed a system to determine the best configuration

of VSP. The design considers several issues, such as parking location and parking capacity. The

algorithm (bi-level, mixed-integer program) allows the passenger to choose the appropriate means

of transportation to the stop that is closest to his or her final destination. The results from the

simulation show that this system achieves a better balance between the network operators and

the passengers’ goals in comparison to other systems and thus an increase in the efficiency of the

transportation network as a whole [161].

Developers in [162] studied a capacitated Vehicle Routing Problem with Time Windows and

simultaneous Pickup and Delivery (VRPTWPD) by developing a Demand Responsive Transit

System (DRTS). This model connects to the route to determine the optimal schedule to meet
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passenger requirements and address the problem of limited empty seats on public buses. This

study focuses on rural areas, especially crowded routes where a bus-type taxi service has replaced

buses. This model will help route planners to provide the appropriate number of highly efficient

means of transportation. Also, this model allows the government to reduce the amount of support

it provides to the transportation company.

Ride-sharing platforms have economic and social effects that reflect positively and negatively

on society. To study these effects scientifically and realistically, the developers in [163] developed

an analytical model based on the information available from the current transportation providers.

This study shows that ride-sharing services should be available when their pooling efficiency and

quality are high. In general, this service benefits the government and riders, but it may harm the

overall income of drivers.

The author in [164] examines the variety of Vehicle Routing Problems (VRP) and the

restriction on admitting products that meet a minimum quality standard. This study attempts to

develop and optimize a mathematical model that brings the quality issue of a perishable product

into the distribution process. The value of a product declines as its quality deteriorates. This

problem is described theoretically as a Mixed Integer Nonlinear Programming Problem (MINLP).

A genetic algorithm-based heuristic is suggested due to the computational complexity involved

in using the model to tackle real-world problems. The proposed method is utilized for numerical

case resolution and sensitivity analysis. To make the situation more realistic, traffic congestion

should be integrated.

The work [165] defines a new optimization model, Online Matching with Controllable Rewards

and Arrival probabilities (OM-CRA), to find the matching strategy and rewards and arrival

probabilities dynamically. The authors present a quick 1/2-approximation algorithm for OM-

CRA, despite our problem being more difficult than existing ones. By estimating the objective

function, the proposed method transforms OM-CRA into a saddle-point problem, which is then

solved by the Primal-Dual Hybrid Gradient (PDHG) method accelerated by the problem design.

In [166], the authors consider the development of a system in which users could be asked

online to walk to/from close pick-up/drop-off places if doing so increases the overall effectiveness

of the ride-sharing system. The authors demonstrate theoretically that the general problem

grows increasingly complicated (as it comprises two sub-problems that expand set-cover). The
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authors analyze the resulting trade-offs and give a general formulation and specific methods for

the solution of large cases. In this paper, there are some limitations. First, the authors assume

that there is no overcrowding. Second, only one mode of transportation is used. Integrating

SMoD and public transportation in building a unified transit network is both challenging and

promising, and it would be reasonable to include walking in the on-demand subsystem.

The researchers in [167] investigated the ride-sharing issue with a personalized matching

window. Specifically, they proposed an event-driven framework, E-Ride, which maintains request

groups via a state graph augmented by a shareability graph. Then, they suggest an effective

request cluster enumeration system based on the k-clique in the shareability graph, which improves

the request clusters by the effective arrival of subsequent requests.

The reference [168] focuses on the case of a single vehicle that must follow a predetermined

request of requests. The authors provided the mathematical programme, demonstrated that it

can be solved in polynomial time, and proposed a faster heuristic. They compare the optimal

algorithm, the heuristic, and routes that visit the actual request locations, demonstrating that

avoiding detours can decrease vehicle costs by more than one-third and overall costs by nearly one-

fifth. Furthermore, the heuristic produces competitive outcomes. Simulations over Manhattan’s

existing road network indicate that the time savings obtained by the heuristic may be necessary

for the system to perform in real time.

In [169], a new algorithm called Intelligent Train Operations (ITO) is proposed to optimize the

speed trajectory of freight trains. The ITO algorithm involves initialization, calculation, storage,

and selection steps for optimizing control sequences through training and updating processes. It

outperforms methods like Genetic Algorithm (GA), Fuzzy Predictive Control (FPC), and field

test data while also highlighting the need to improve the algorithm’s robustness and consider

longitudinal coupler force uncertainty. However, there are limitations that require further research

on coupler forces to improve the overall robustness of the algorithm.

The reference [170] discusses the challenges faced by logistics service providers with service

agreements when they encounter situations in which not all customer orders are known in advance.

The main objective of this study is to develop an algorithm that can optimize routing and

scheduling plans efficiently when there is uncertainty involved. To achieve this, branch and

bound techniques are employed to solve the Vehicle Routing Problem with Stochastic Demands
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and Customers (VRPSCD). The algorithm focuses on integrating customer planning with service

agreements to minimize costs based on computed results. Computational analysis demonstrates

that this approach outperformed benchmark methods in terms of cost savings, although computation

times were longer, for instance. Nevertheless, the algorithm managed to provide solutions within

its designated time limit.

2.8 Objective-Based Optimization in Game Theory

Transportation Models

Recently, many smart city developers have considered the adverse effect of energy consumption on

the surrounding environment. The author in [103]developed an algorithm (series game variation

of the urban game) to reduce the jam on the roads by decreasing the number of cars and therefore

decreasing the CO2 emissions. The model was implemented using a spatial data mining model

on statistical data collected from the great office hubs in Poland. As a result of this model, the

number of cars and the amount of energy consumption were decreased by twelve per cent in

comparison to previous models.

Authors in [171] created a new theory with the help of the game theory concept of social

networks. This theory is a decentralised system where the utility of the node depends on the

local information of the node’s neighbours.

In [172] the authors propose a novel approach to ride-sharing that aims to reduce congestion

and pollution. The approach involves individuals walking to a central pick-up location and riding

together to a single drop-off point before continuing on foot to their final destination. The authors

use game-theoretic principles to determine the optimal composition of riders, pick-up and drop-

off points, and an equitable method for allocating costs among participants. The cost-allocation

method in this paper is based on the principle of proportionality, ensuring that riders who walk

more pay less. Unlike the models in this thesis, this study limits the number of stops to one stop

only and does not allow for multiple stops along the route.

In [173], the developers attempted to study the routing game on the flow over time by

examining the effect of passengers’ individual decisions on network efficiency. Specifically, this

study establishes a system based on competitiveness within the price of anarchy. Stackelberg’s
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strategy is applied to formulate the boundaries of the total delay price of anarchy and the

boundaries of the time price of anarchy.

To create a distinctive design for freight and freight transportation, the developers in [174]

developed a model based on the dual-stage game theoretic approach by merging the dual-stage

stochastic programming approach with the Stackelberg game. This system facilitates the transfer

of decentralized chains, especially for those working under uncertain conditions. In this study,

the ticket reservation system for flights that may or may not be delayed is used as a practical

example of the designed system. In contrast to studies in which a central unit is used to calculate

the cost of congestion in transportation systems, the authors in [175] developed a decentralized

system for calculating the cost of congestion. First, the Nash and Stackelberg model was used to

study each of the regions under the transportation network. Next, it was found that competition

between regions increased the system’s efficiency as a whole while giving the best route and least

fare congestion cost compared to other systems (local region scheme).

Despite the importance and wide application of the Stackelberg approach in several areas of

economics or management, most studies still focus on static bilevel optimization problems. [176]

models use discrete-time dynamic Stackelberg games for finding different solutions to problems.

In this paper, there are two types of followers in the game: independent followers and dependent

followers.

The reference [177] is based on Stackelberg’s model to plan an equilibrium bike-sharing

network. The designer is the leader, and the passengers are the followers. The final design of

the stopping site and all other resources related to the bicycle network must meet the user’s

requirements in terms of flexible movement within the city and reaching the destination in the

least amount of time. Furthermore, the design must fulfil the requirements of the system planner

in establishing a network at the lowest possible cost. This balance between the user and the

designer will not be achieved without continuous communication throughout the design period.

The user changes the route of his journey whenever there is a change in the design to achieve the

maximum possible use of the resources available.

Using Stackelberg’s model, a real-time pricing scheme was developed in a smart grid with

multiple residential users and retailers. It is noted that price competition among the population

has been formulated as an evolutionary game and as a non-cooperative game between members
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of retail management. In addition, two algorithms for the equilibrium solution were developed.

Finally, the numerical results of the experiment confirm the efficiency and effectiveness of the

scheme presented in this paper in comparison to other previous works [178].

The developers in [179] created a dynamic pricing system to solve the car shortage of ride-

sharing service providers. This system is based on a dynamic Stackelberg leader-follower game and

is formulated as a multi-period MPEC model. In addition, a non-myopic Approximate Dynamic

Programming (ADP) system was developed to transform a dynamic Mathematical Program with

Equilibrium Constraints (MPEC) at each decision stage into a solvable Mixed-Integer Quadratic

Program (MIQP). Several numerical experiments show that the proposed system significantly

increases the ride-sharing system’s efficiency in the dynamic settings of intelligent transportation

systems.

Conclusion

In summary, the presented models and strategies from existing research have significantly contributed

to advancements in transportation optimization. However, our proposed approaches address

critical gaps by integrating game theory, optimization algorithms, and multi-mode (ride-sharing,

bus, and bicycle) adaptability. This foundation sets the stage for more efficient and flexible

urban transportation systems, as demonstrated in our models’ superior performance under various

simulated conditions.
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Chapter 3 Core Elements in

Multi-Mode Transportation Models:

DMT, GT-MMT, and DGT

3.1 overview

This chapter explores the fundamental techniques and strategic frameworks used in the dynamic

mobility traffic (DMT), game theory multi-mode transport (GT-MMT), and decentralised game-

theoretic (DGT) models. These models are further explored in more detail in chapters 4, 5,

and 6, respectively. Although the GT-MMT and DGT utilize a Stackelberg-genetic model,

their approach diverges: the GT-MMT adopts a centralized infrastructure, whereas the DGT

emphasizes a community-based framework. Notably, the DGT includes pedestrian walking times,

which is absent in the GT-MMT model.

The DMT is a dynamic multi-mode (Ride-sharing and bus) model and primarily uses genetic

algorithms (GA) and particle swarm optimization (PSO) to address the complex problem of route

optimization. GA effectively explores a wide search space and finds global optima, making it

suitable for initial solution generation. PSO demonstrates exceptional performance in optimizing

these solutions in real-time, adapting quickly to changing traffic conditions and passenger preferences.

The primary benefit of using GA and PSO in the DMT model is their combined ability to handle

large, dynamic datasets and provide robust solutions.

The GT-MMT is also a dynamic multi-mode (Ride-sharing, bus, and bicycle-sharing) model

that integrates GA and PSO with Stackelberg game theory. In this model, the passenger acts as

the leader, and the transportation modes (ride-sharing, bus, and bicycle-sharing) act as followers.

The GA and PSO algorithms are used to optimize the routing to give the passenger the best

mode combination with minimum travel time and fare. The Stackelberg framework adds a layer

of hierarchical decision-making, ensuring that passenger choices influence the strategies of the

transportation modes. This combination allows for more efficient system-wide coordination and

optimization. The main benefit is the strategic alignment between passenger choices and mode
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operations, enhancing overall system efficiency. However, the integration complexity and the need

for rapid real-time adjustments pose significant challenges.

The DGT model also uses GA and PSO with the Stackelberg framework but with a decentralized

control mechanism. Each transportation mode independently collects and processes data, making

decentralized decisions. Stackelberg game theory is used here to model the interactions between

passengers (leaders) and modes (followers). GA generates initial strategies, while PSO refines

these strategies based on local performance metrics and shared data. The decentralized approach

improves scalability and robustness to local disruptions. However, achieving global optimization

is more challenging, and the coordination between modes without central control can lead to

sub-optimal decisions in dynamic environments.

All three models utilize the same simulation tools but are differentiated by varying parameter

values tailored to each model’s specific requirements. This enables a sophisticated adjustment

of the models to various urban mobility scenarios. The GT-MMT and DGT designate the

passenger as the leader, with buses, car ride-sharing, and bicycles as followers. The DGT uniquely

incorporates walking as an essential component of its strategy, highlighting its community-based

infrastructure. In contrast, the DMT, while also a multi-modal transportation system, eschews

the complexity of game theory in favour of straightforward GA and PSO approaches and does

not incorporate bicycle-sharing.

This analysis highlights each model’s distinct contributions to the efficiency and adaptability

of urban transit. By mentioning their common features and unique qualities, this chapter aims to

thoroughly comprehend how integrated and adaptable transportation models can be customized

to effectively address the varied requirements of urban areas.

The remainder of this chapter is organized as follows: section 3.2 (Variables and Parameters

for the Three Models); section 3.3 (Topology of Multi-Modal Transportation Models: DMT,

GT-MMT, and DGT); section 3.4 (Common Objectives and Constraints for the Three Models);

section 3.5 (Common Optimization Algorithms for the Three Models); section 3.6 (Simulating

Scenarios for DMT, GT-MMT, and DGT Models).
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3.2 Variables and Parameters for the Three Models

In our thesis, the three models (DMT, GT-MMT, and DGT) encompass many common sets and

variables, which we explained in the first subsection 3.2.1. The additional common variables

between the GT-MMT and DGT in the second subsection 3.2.2. But, the specific parameters

and notations for each model are located in chapter 4 for the DMT, in chapter 5 for the GT-

MMT, and in chapter 6 for the DGT. The full list of the parameters and notation in the List of

symbols part 2.

3.2.1 Common Variables and Parameters for the Three Models

1. Passenger Notations

Each rider’s request, designated as pi within the set R, comes with its own specifics. This includes

the source point Spi
1 , the last destination Dpi

np, and intermediate stops Ipir for the passenger index

pi. We also have a defined earliest departure time, denoted as Edpi , from the source point Spi
1 , and

the latest arrival time, denoted as Lapi , at the last destination point Dpi
np. Two constants, ATpi

and BTpi , are provided to establish each rider’s maximum travel time, MTp. Consider t(Spi
1 , Dpi

np)

as the straight-line travel time from location Spi
1 to Dpi

np. The calculation for each rider’s maximum

travel time is MTpi = ATpi + BTpi ∗ t(S
pi
1 , Dpi

np). Besides the maximum travel time, we need to

define the maximum fare trip denoted as MFpi , MWpi , which is the maximum passenger waiting

time, and WTpi , which is the actual passenger waiting time. For each source location Spi
1 and

destination location Dpi
np, a time frame is established: [FS

pi
1
, ES

pi
1

] = [Edpi , Lapi − t(Spi
1 , Dpi

np)]

which represents the earliest and latest departure times for the passenger, and [ED
pi
np
, FD

pi
np

] =

[Edpi + t(Spi
1 , Dpi

np), Lapi ] represents the earliest and latest arrival times for the passenger. So,

each pi has many attributes: pi = {Spi
1 , Dpi

np, Edpi , Lapi ,MTpi ,MFpi ,MWpi ,WTpi}.

2. Ride-sharing Notations

In ride-sharing, R is a set of user requests at a given time, Tr
cj
pi . Every vehicle, represented by

cj within the set C, comes with specific attributes. These include Cacj capacity of the vehicle

cj , a starting location S
cj
1 , intermediate stops I

cj
a for the ride-sharing index cj , an end location
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D
cj
nc; the maximum waiting time is MWcj ; the acceptable time detour in the trip is σcj ; and

additionally, there’s a demand Nump(S
cj
1 , D

cj
nc) that outlines the total number of passengers

to be transported from the pickup point S
cj
1 to the point D

cj
nc. The trip route is expressed as

R = {c, Scj
1 , D

cj
nc,MWcj , σcj , Nump(S

cj
1 , D

cj
nc)}.

Additionally, there’s the earliest departure time, denoted as Edcj , from the starting point

and the latest arrival time, denoted as Lacj , at the destination. There are also four constants,

ATcj , BTcj , ADcj , and BDcj , utilized to calculate the vehicle’s maximum travel time MTcj and

maximum travel distance MDcj . The computation of time intervals for points S
cj
1 and D

cj
nc

([E(S
cj
1 ), F (S

cj
1 )] and [E(D

cj
nc), F (D

cj
nc)]), which represent the earliest and latest departure times

and the earliest and latest arrival times for vehicle cj respectively, is conducted in the same

manner as for the riders’ locations.

The computation of the maximum travel distance for a vehicle cj is MDcj performed similarly

to the riders. If d(S
cj
1 , D

cj
np) is the direct travel distance between two points S

cj
1 and D

cj
nc, then

the maximum distance a vehicle can travel is defined as MDcj = ADcj +BDcj ∗ d(S
cj
1 , D

cj
nc). So,

each cj has many attributes: cj = {Scj
1 , D

cj
nc, Cacj , Edcj , Lacj ,MTcj ,MDcj}.

3. Public Bus

The public bus schedule determines the route of each vehicle and the time required to reach the

destination. The schedule for each bus usually consists of a bus numbering index (bk), a set

of stations (Sbk), a capacity of the bus (Cabk), and a set of routes for the bus (Rbk). All the

above parameters can be written as bk = {Sbk , Cabk , Rbk}. A route rbk ∈ Rbk can be written as

rbk = {Sbk
1 , Dbk

nb, dt
bk
su , at

bk
su , l

bk
su}. Here, a bus is bk ∈ B; the starting station is Sbk

1 , the intermediate

stop is Ibku for the bus index bk; and the destination station is Dbk
nb ∈ SB; the departure time is

dtbksu and the arrival time is atbksu ∈ TB, and the number of the passengers inside the bus on each

route is Numpbkex . The computation of time intervals for points Sbk
1 and Dbk

nc ([E(Sbk
1 ), F (Sbk

1 )]

and [E(Dbk
nb), F (Dbk

nb)]), which represent the earliest and latest departure times and the earliest

and latest arrival times for vehicle bk respectively, is conducted in the same manner as for the

riders’ locations.
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4. Trip Notations

Let’s assign O = {1, ..., np} to represent the collection of pickup locations of the passengers and

D = {n + 1, ...2n} to represent the group of delivery locations. The union of all pickup and

delivery points is signified by E = O ∪ D. Further, when we include the starting and ending

locations for vehicles into this set, we get A = E ∪ {Sm
1 , Dm

nm} for every m in set M . Consider

Numpmsn= lmsn and Numpmsn+i
= −lmsn+i

to indicate the change in the number of the passengers at

locations sn and sn+i, respectively. Consider Tm
sn as the indicator for when service begins at point

smn by vehicle m. It represents the passengers’ pickup and delivery times and the vehicles’ start

and end times (drivers). The time required for service at location smn within the set E (either for

pickup or delivery) is represented by stmsn . We introduce a binary decision variable xmsn , which is

set to 1 if vehicle m provides service at location sn and then moves directly to location sn+i for

service. If this condition is not met, the variable is set to 0.

Besides all the previous common parameters for the three models (DMT, GT-MMT, and

DGT), for all three models (DMT, GT-MMT, and DGT), the primary output is the optimal

combination of transportation modes for each passenger. This combination, denoted as Cpi for

passenger pi, is represented as an ordered list of tuples, where each tuple (mnm, Spi
1 , Dpi

np, TTpi , TFpi)

contains the transportation mode mnm, the source Spi
1 and destination Dpi

np stops, the total trip

time TTpi and the total trip fare TFpi . The objective is to minimize both the travel time

(TTpi) and the fare (TFpi), ensuring that passengers can complete their trips in the shortest

time possible at the lowest cost. By leveraging advanced optimization algorithms such as Genetic

Algorithms (GA), Particle Swarm Optimization (PSO), and Stackelberg game theory, the models

effectively provide tailored solutions that enhance the overall efficiency and cost-effectiveness of

the transportation network. The notations used include T for travel time, C for cost, R for

ride-sharing stops, B for bus stops, and K for bike-sharing stations, with subscripts to denote

specific passengers (p), vehicles (v), and stops (S). The final outputs for all of the three models

can represented as equation 3.1.
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

Passenger Vehicles Trip Route Total Trip Time and Fare

1

(
m1,m2, ...mnm

)  Source: Sp1
1

Destination: Sp1
np

 (
TTp1 , TFp1

)

2

(
m1,m2, ...mnm

)  Source: Sp2
1

Destination: Sp2
np

 (
TTp2 , TFp2

)
...

...
...

...

n

(
m1,m2, ...mnm

)  Source: Spi
1

Destination: Spi
np

 (
TTpi , TFpi

)



(3.1)

3.2.2 Additional Common Variables and Parameters for the GT-

MMT and the DGT

For both the GT-MMT and the DGT, we integrate bicycle sharing as a third transportation

mode system in addition to ride-sharing and public bus modes. The full list of the parameters

and notation in the List of symbols part 2.

In both the GT-MMT and DGT models, bike-sharing is a crucial mode of transportation,

with several important parameters and variables to manage and optimize the system effectively.

Each bike is denoted as bkn, where n represents the specific bike instance. The journey of a bike

begins at a source stop, represented by Sbkn
1 , and ends at a destination stop, denoted by Dbkn

nbk.

The total travel time for the bike trip is represented by TT bkn
pi , while the cost incurred for the

trip is denoted by TF bkn
pi . Additionally, the bicycle carries only one person, so the capacity of it

Cabk equals 1. The time intervals for points Sbkn
1 and Dbkn

nbk ([E(Sbkn
1 ), F (Sbkn

1 )] and [E(Dbkn
nbk)

, F (Dbkn
nbk)]), which represent the earliest and latest departure times and the earliest and latest

arrival times for bike bkn respectively. The earliest departure time for the bike-sharing mode in

the GT-MMT and the DGT can correspond to the service’s operational hours. The bike-sharing

system has specific times during which bikes are available for rent and return. Also, the bike-

sharing mode has a maximum arrival time corresponding to the end of the service’s operational

hours. This latest arrival time is the time by which bikes need to be returned to a station to

avoid additional fees or ensure they are available for maintenance and redistribution. The users

46



in our proposed models have specific closing times for returning the bike.

3.3 Topology of Multi-Mode Transportation Models:

DMT, GT-MMT, and DGT

The topology and structure of road routes play a crucial role in the optimization and management

of multi-modal transportation systems. The design and analysis of these systems often involve

defining nodes, edges, stops, pickup, and delivery points.

The three models integrate multiple modes of transportation, including ride-sharing, buses,

and bicycles. The network topology in the three models is represented as a graph, with nodes

representing various stops, which can be source stops, intermediate stops, or destination stops.

Each node is a point where passengers can board or take off from a vehicle. Source stops are the

starting points of a journey, intermediate stops are points where passengers can switch modes or

continue their journey, and destination stops are the final points of a journey.

Bus stops and bike-sharing stations serve as intermediate points for passengers to board or

alight from buses and bicycles. These stops are crucial for last-mile connectivity and enhancing

accessibility. Ride-sharing points facilitate the pickup and drop-off of passengers using ride-

sharing services, providing flexibility and convenience.

Edges represent the routes or roads connecting these stops. Each edge Edx indicates a direct

path between two nodes. However, indirect Routes Eix are routes that include one or more

intermediate stops between the source and destination nodes. Pickup points are locations where

passengers are picked up by ride-sharing or buses, while delivery points are locations where

passengers are dropped off. This structure allows the three models to effectively manage and

optimize the flow of multiple transportation modes within an integrated network.

Nodes (stops, stations, and ride-sharing points) are connected by edges (routes) to form an

interconnected network that allows passengers to travel from one point to another efficiently.

The connectivity between nodes and edges ensures that there are multiple paths available for

passengers, enhancing the network’s robustness and flexibility.

Different modes of transportation, such as buses, bicycles, and ride-sharing, are integrated
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within the network to provide passengers with a variety of travel options. Integration methods

include synchronized schedules, common ticketing systems, and shared information platforms to

ensure a seamless travel experience. The three models provide real-time information to passengers

about the status of different modes and expected transfer times to ensure smooth transitions

between modes.

Integrated transportation networks in smart cities are urban areas with strategically placed

multi-modal hubs that facilitate easy transfers between buses, bicycles, and ride-sharing, improving

overall connectivity and reducing travel time.

The part of the City of Ottawa, as we can see from Figure 3.1 for the DMT model and from

Figure 3.2 for the GT-MMT and DGT models, represents the topology of our work.

3.4 Common Objectives and Constraints for the Three

Models

In our thesis, the three models (DMT, GT-MMT, and DGT) have many common objectives and

constraints, which we explained in the subsection 3.4.1 and 3.4.2. The additional common

objectives and constraints between the GT-MMT and DGT only in the subsection 3.4.3 and

3.4.4. But, the specific objectives and constraints for each model are located in chapter 4 for the

Figure 3.1: Map of Ottawa for the DMT model
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Figure 3.2: Map of Ottawa for the GT-MMT and DGT models

DMT, in chapter 5 for the GT-MMT, and in chapter 6 for the DGT.

3.4.1 Common Objective Functions for the Three Models

This subsection mentions all the common objective functions and constraints used by the three

models (DMT, GT-MMT, and DGT).

The main objective for all three models is to minimize the total trip time (TTpi) and the total

trip fare (TFpi) for the passenger ( 3.2). This is achieved by choosing the optimal combination of

transportation modes based on real-time data and personal preferences. The passenger’s decision

affects the demand dynamics for each transportation mode, guiding their operational strategies.

min (αpiTTpi + βpiTPpi) (3.2)

where αpi and βpi are the weighting factors for travel time and cost for passenger pi, respectively.

Dynamic routing involves adjusting routes in real time based on passenger requests and road

conditions:

RO(Sm
1 , Dm

nm) = minimize

 ∑
I
pi
r ∈SR

d(Sm
1 , Ipir ) +

∑
I
pi
r ∈SR

d(Ipir , Dm
nm)

 (3.3)

where RO(Sm
1 , Dm

nm) defines the optimal route from vehicle source Sm
1 to vehicle destination
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Dm
nm, d(Sm

1 , Ipir ) and d(Ipir , Dm
nm) are distancing from the vehicle source Sm

1 to passenger point Ipir ,

and from passenger point Srpir to the vehicle destination Dm
nm, respectively. By optimizing these

elements, ride-sharing services can offer more efficient routes that are both faster and potentially

cheaper than fixed-route alternatives, making them more attractive to passengers.

In the DMT model, genetic algorithm (GA) and particle swarm optimization (PSO) are used

to minimize trip time and fare for passengers. In the GT-MMT and DGT models, GA, PSO,

and Stackelberg game theory are combined to achieve these objectives. Passengers act as leaders

in making route decisions, while transportation modes adjust strategies accordingly. The trip

time and fare equations provided by these algorithms ensure efficient and cost-effective travel for

passengers. The details of the equations, algorithms, and operations are illustrated in chapters

4 for the DMT model, 5 for the GT-MMT model, and 6 for the DGT model.

The total trip time (TTpi) for the passenger in the three models can be seen in the equation

3.5:

TTpi = βpi
∑
pi∈R

∑
I
pi
r ,D

pi
np∈SR

Tm
D

pi
np
− stm

I
pi
r
− Tm

I
pi
r

+ WTpi (3.4)

Where, Tm
D

pi
np

is the time when the passenger arrived at his destination, stm
I
pi
r

is the time required

to serve the passenger at point Ipir by vehicle m, and Tm
I
pi
r

is the time of starting service at point

Ipir by vehicle m

In the DGT, we consider the walking time (TwalkingIpir ), so the equations for the total trip

time become:

TTpi = βpi
∑
pi∈R

∑
I
pi
r ,D

pi
np∈SR

Tm
D

pi
np
− stm

I
pi
r
− Tm

I
pi
r

+ WTpi + TwalkingIpir (3.5)

To calculate the total fare TPpi for the passenger, we use the following equation:

TFpi =

nc∑
j=1

TF
cj
pi × xcj +

nb∑
k=1

TF bk
pi × xbk +

nbk∑
n=1

TF bkn
pi × xbkn (3.6)

TF
cj
pi , TF bk

pi , and TF bkn
pi are the total fare for the passenger when he rides the car ride-sharing,

public bus, and bicycle, respectively. xcj , xbk , and xbkn are binary indicators (0 or 1) denoting

whether the mode is used during the trip or not.
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Bicycle sharing is not incorporated as a transportation option in the DMT model. So the

equation ( 3.7) becomes:

TFpi =

nc∑
j=1

TF
cj
pi × xcj +

nb∑
k=1

TF bk
pi × xbk (3.7)

The trip fare of the passenger, when he rides the ride-sharing, is calculated by Equation ( 3.8),

where Fbasecj is a fixed base fare cost applied to all rides, Fdcj is the fare rate per unit distance

(kilometre), TD
cj
pi is the total trip distance of the passenger when he rides cj , Ftcj is The rate per

unit time (minutes), TT
cj
pi is the total trip time of the passenger when he rides cj , and Faddcj

is additional charges that may vary depending on specific conditions such as peak hours, special

services, or tolls.

TF
cj
pi = Fbasecj + (Fdcj · TD

cj
pi ) + (Ftcj · TT

cj
pi ) + Faddcj (3.8)

Equation ( 3.9) calculates the total price of the bus trip. Here TT bk
pi is the total trip time for

the passenger when he rides the bus, and TFbk/hour is the bus fare for each passenger per hour.

TF bk
pi = TT bk

pi dollar × TFbk/hour (3.9)

To calculate the trip cost when using a bicycle in the GT-MMT and the DGT models, you

should consider several factors that influence the cost directly and indirectly. Here’s a general

formulation for estimating the trip cost (TP bikei
p ) when a passenger uses a bicycle:

TF bkn
pi = Fbasebkn + (Fdbkn · TDbkn

pi ) + (Ftbkn · TT bkn
pi ) (3.10)

Where Fbasebkn is a fixed cost for a flat booking fee, Fdbkn denotes the rental cost per

kilometre, TDbkn
pi is the total distance of using a bicycle, Ftbkn represents the rental cost per

minutes of bicycle use, TT bkn
pi indicates the total time of the bicycle trip in minutes.
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3.4.2 Common Constraints for the Three Models

In this subsection, common constraints could involve compliance with regulatory and environmental

standards or optimizing route efficiency based on available traffic data.

To ensure balance, constraint (3.11) guarantees that the quantity of vehicles departing from

their respective origins matches the number of vehicles arriving at their final destinations.

∑
sm1 ∈Om

Num(Sm
1 ) =

∑
Dm

nm∈Dm

Num(Dm
nm) (3.11)

Constraint ( 3.12) guarantees that a rider’s request is matched with at least one suitable

option. ∑
Ma∈Match

x(pi,Ma) ≥ 1, ∀pi ∈ R (3.12)

where R is the set of all rider requests, Match is the set of all matching options available for the

riders, and x(pi,Ma) is a binary variable that is 1 if rider pi is matched with option Ma and 0

otherwise.

The constraint ( 3.13) guarantees that the time to move between two adjacent points will not

exceed the minimum required time.

Tm
I
pi
r

+ stm
I
pi
r

+ t(Ipir , Ipir+d) ⩽ Tm
I
pi
r
, ∀vm ∈ V, si, sj ∈ A (3.13)

Constraint ( 3.14) guarantees that the assigned time frames will not be exceeded.

FS
pi
1

⩽ Tm
I
pi
r

⩽ ES
pi
1
, ∀m ∈M,Spi

1 , Ipir ∈ A, pi ∈ R (3.14)

The precedence limitation ( 3.15) states that a pickup point must be visited before its

corresponding drop point.

Tm
S
pi
1

+ stm
S
pi
1

+ t(Spi
1 , Dpi

np) ⩽ Tm
D

pi
np
, ∀m ∈M,Spi

1 ∈ O (3.15)

Constraint ( 3.16) guarantees that if a vehicle has a certain load after visiting a specific service

point, it must have that load plus the load from the previous service point when it reaches the
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next one. This ensures that the number of passengers picked up at a location should be equal to

the number of passengers dropped off at its corresponding destination.

Numpmsn −Numpmsn+i
= 0, ∀m ∈M, sn, sn+i ∈ A (3.16)

The purpose of constraint ( 3.17) is to guarantee that the capacities of the vehicles are not

surpassed and that the load of a vehicle is at least equal to lmsn after it has serviced a pickup point

sn.

lmsn ⩽ Numpmsn ⩽ Cam,∀m ∈M,Sn ∈ A (3.17)

Constraint ( 3.18) guarantees that vehicles don’t have any passengers when they depart and

reach their destination.

Numpms1 = NumpmDnm = 0, ∀m ∈M (3.18)

Constraint ( 3.19) and ( 3.20) are implemented to guarantee that each vehicle’s distance

travelled and duration remain within a predetermined threshold.

TDm ⩽ MDm,∀m ∈M (3.19)

TTm ⩽ MTm, ∀m ∈M (3.20)

The constraint 3.21 ensures that each passenger’s total travel distance TDm
pi does not exceed

their specified maximum allowed distance MDm
pi .

TDm
pi ⩽ MDm

pi
(3.21)

Constraint ( 3.22) ensures that the time the vehicle takes TTm1(y, Ipir ) to reach the next stop

must be equal to or less than the time for the other vehicle to travel from its current location to

the passenger’s pickup station TTm2(x, Ipir ).
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TTm1(y, Ipir ) ⩽ TTm2(x, Ipir ) (3.22)

Constraint ( 3.23) ensures the time the vehicle takes to move from its current location to the

passenger’s location is equal to or less than the maximum waiting time MWpi .

TTm(y, Ipir ) ⩽ MWpi (3.23)

Constraints ( 3.24 and 3.25) show that the total time or price for the passenger pi when he

takes any type of transportation must be less than or equal to the threshold value (MTpi and MFpi),

respectively.

TTm
pi ⩽ MTpi (3.24)

TFm
pi ⩽ MFpi (3.25)

Finally, under constraints ( 3.26 and 3.27), the total trip time TTpi and the total trip price

TFpi must be less than or equal to the maximum total time MTpi and the maximum total price

MFpi , respectively.

TTpi ⩽ MTpi (3.26)

TFpi ⩽ MFpi (3.27)

3.4.3 Additional Objectives for GT-MMT and DGT

In this subsection, we illustrate the objective functions for both the GT-MMT and the DGT

models, which are based on PSO and genetic algorithms with the Stacklberg game theory

approach. The core of these models revolves around the strategic interaction between a selected
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leader, the passenger, and a range of followers, encompassing diverse transportation modes:

buses, ride-sharing services, and bicycles. These models are designed to maximize the efficiency

of the transportation network by successfully matching the preferences of passengers with the

operational capabilities of each mode of transportation. This involves complex decision-making

processes where each mode reacts dynamically to the leader’s choices and to the competitive

pressures from other modes. We use the terms utilities and strategies here because the GT-MMT

and DGT models are based on game theory concepts.

1. Increasing the Number of Passengers in Ride-Sharing

Ride-sharing services in the GT-MMT and DGT aim to maximize the number of riders, as this

increases revenue and efficiency. To attract more passengers, they implement dynamic routing

strategies. This involves adjusting routes in real time to pick up additional passengers while

ensuring minimal disruption to the current occupants’ travel times. By dynamically rerouting,

ride-sharing services can become more attractive to passengers by offering faster or cheaper routes

compared to fixed-route modes like buses. We can represent maximizing the vacant seats in car

ride-sharing as equation ( 3.28)

Ucj = max(1− Nump
cj
ex

Cac
) (3.28)

where Nump
cj
ex is the number of passengers in the car in route ex, and Cac is the maximum

capacity of the car.

2. Increasing the Number of Passengers in Buses

Buses aim to maximize the number of passengers while following a fixed route with predefined

stops. To increase ridership, buses can focus on reliability and frequency. Buses can become a

more reliable choice for passengers by improving schedule adherence and decreasing wait times.

They can also coordinate with information from the GT-MMT model to adjust frequencies during

peak hours or on high-demand routes, aligning more closely with real-time passenger needs. We

can represent maximizing the vacant seats in the public bus as equation ( 3.29)
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Ubk = max(1−
Numpbkex

Cab
) (3.29)

where Numpbkex is the number of passengers in the bus bk, and Cab is the maximum capacity of

the bus.

To handle variations in demand, particularly during peak hours, buses can adjust their

frequency:

fsu = adjust frequency(Dbk
su , D

bk
avg,∆Tbk) (3.30)

where Dbk
su is the demand at stop su, Dbk

avg is the average demand, and ∆Tbk is the time interval

for peak hours. Buses utilize data from the GT-MMT or the DGT model to dynamically adjust

frequencies and enhance coordination:

new frequencysu = base frequency×

(
1 +

Dbk
su

Dbk
avg

)
(3.31)

This formula ensures that the bus frequencies are adjusted based on real-time demand, improving

the system’s responsiveness and efficiency.

3. Increasing the Use of Bicycles

The primary goal is to maximize the usage rate of bicycles across the network, ensuring efficient

utilization and high availability. This objective ( 3.32) can be formulated as follows:

Ubkn = max

(∑nbk
n=1Numbkuse(Il)∑nbk
n=1Numbkav(Il)

)
(3.32)

where Ubkn is the utility function for the usage rate of bicycles, Numbkuse(Il) denotes the

number of bicycles in use at location Il, Numbkav(Il) represents the total number of bicycles

available at location Il, and nbk is the number of locations or docking stations.
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3.4.4 Additional Constraints for GT-MMT and DGT

Both models incorporate similar constraints that govern the operations of the transport modes to

achieve the objectives of the GT-MMT and DGT. These constraints typically include operational

limits such as capacity, frequency, and service availability, which ensure that the solutions are

viable and sustainable within the practical confines of urban transport systems. However, there

are other additional constraints for the DGT, which are mentioned in chapter 6.

Constraint ( 3.33) ensures that the bus adheres to the scheduled times at each stop to maintain

reliability. where atbksu is the actual arrival time at stop su, schtbksu is the scheduled arrival time,

and Ttolerance is the allowable deviation from the schedule.

|atbksu − schtbksu | ≤ Ttolerance (3.33)

Many constraints are used to optimize the bicycle-sharing system while ensuring service

quality.

Constraint( 3.34) ensures that the number of bicycles at any given station does not fall below

a demand-induced threshold.

Nbikesbkav −Nbikesbkuse ≥ Nbikesbkmin, ∀sbk (3.34)

Nbikesbkmin is a constant representing the minimum number of bicycles that must be available

at each docking station sbk to ensure that the station can meet demand. It is a safety stock level

that prevents the station from running out of bicycles. The variable Nbikesbkav represents the total

number of bicycles at docking station sbk at a given time, while Nbikesbkuse represents the number

of bicycles currently in use or reserved at docking station sbk.

Masbk + Resbk ≤ Optsbkmax, ∀sbk (3.35)

where Masbk and Resbk are maintenance and redistribution activities at location sbk, respectively,

and Optsbkmax is the maximum allowed operations per station.
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Fmasbk + Fresbk ≤ Tcostsbkmax, ∀sbk (3.36)

where Fmasbk and Fresbk are the costs associated with maintenance and redistribution at

location sbk, and Tcostsbkmax is the budget for operational costs.

Constraint ( 3.37) shows that the bicycle must be available at its station for the passenger to

be able to use it on his journey. If it is available, the avbkn equals 1; otherwise, the value is zero.

avbkn =


1, if the bicycle is available

0, otherwise

(3.37)

Dynamic re-balancing to redistribute bicycles according to varying demand patterns, which

can be modeled as a constraint ( 3.38) Where Numbkre(sj , sbk) is the number of bicycles relocated

from station sj to station sbk, and Nbikesbkmin
′ is the adjusted demand at station sbk after redistribution.

Numbksbkav +

n∑
sj=1

Numbkre(sj , sbk)−
n∑

sk=1

Numbkre(sbk, sk) = Nbikesbkmin
′ ∀sbk (3.38)

Constraint ( 3.39) shows that the total re-balancing movements should not exceed a certain

threshold to control operational costs, where Numbkre is the maximum allowable re-balancing

effort.

n∑
sj=1

Numbkre(sj , sbk)−
n∑

sk=1

Numbkre(sbk, sk) ≤ Numbkre (3.39)

3.5 Common Optimization Algorithms for the Three

Models

To optimize the dynamic multi-modal transportation (DMT) model, we use particle swarm

optimization (PSO) and genetic algorithms (GA). For the Game Theory-based Multi-Modal

Transportation (GT-MMT) and Decentralized Game Theory (DGT) models, we integrate PSO,
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GA, and Stackelberg. In this section, we outline the steps of each optimization technique for these

models, while detailed explanations of the algorithmic processes and mathematical equations will

be presented in chapter 4 for DMT, Chapter 5 for GT-MMT, and Chapter 6 for DGT.

3.5.1 Optimization Terms in the Three Models

In the GT-MMT, DGT, and DMT models, we employ several optimization terms to describe the

various processes, criteria, and evaluations involved in achieving optimal transportation strategies.

1. Near-optimal solution

A near-optimal solution refers to a solution that is close to the best possible (optimal) solution, but

not necessarily the absolute best. In optimization problems, it is often difficult or computationally

expensive to find the exact optimal solution, especially in complex or large-scale problems. A

near-optimal solution is considered acceptable when it achieves a result that is sufficiently close

to the optimal value within a specified margin or tolerance level, providing a balance between

solution quality and computational efficiency.

For example, in the GT-MMT, DGT, and DMT models, optimization techniques such as

Particle Swarm Optimization (PSO) or Genetic Algorithms (GA) may produce near-optimal

solutions that are practical and efficient for real-time applications.

2. Objective Function and Fitness Function

Objective Function refers to the mathematical expression that defines the goal of the optimization

process. In all three models (GT-MMT, DGT, and DMT), the objective function is used to

minimize trip time and fare for passengers.

Fitness Function evaluates how well a solution (or particle) performs based on the objective

function. In the context of the GT-MMT and DGT models, the fitness function incorporates

various utility functions for both passengers and transportation modes. The DMT model uses

the fitness function to evaluate passenger satisfaction and transportation stress.
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3. Convergence and Convergence Criteria

Convergence refers to the process by which the optimization algorithms (such as Particle Swarm

Optimization or Genetic Algorithms) approach a near-optimal solution. The point at which the

solution stabilizes, indicating that further iterations do not produce significant improvements, is

known as convergence.

Convergence Criteria define the stopping conditions for the optimization algorithms. These

criteria include limits on the number of iterations or a threshold for changes in the fitness function.

For each of the three models, the convergence criteria are tailored to their unique optimization

problems.

4. Local and Global Optimization

Local Optimization refers to the optimization that occurs within individual communities in

the decentralized structure of the DGT model. In this model, each community optimizes its

transportation modes based on local demand and available resources. Local optimization is

a core aspect of the DGT model, allowing each community to adjust its strategies without a

centralized controller. This ensures that local transportation systems are optimized based on real-

time, community-specific data, which improves flexibility and scalability. The local optimization

process is coordinated between different communities to achieve global optimization through

collaboration.

Global Optimality refers to the solution that minimizes or maximizes the objective function

across all possible solutions. It is the ideal outcome that the optimization algorithms aim to

achieve.

3.5.2 Genetic Algorithm Integration

Genetic algorithms (GA) are used to explore a vast search space and find global optima. They

use a series of generations to evolve solutions to optimization problems, drawing inspiration from

the process of natural selection. Integration of objectives and constraints for the three models

within a genetic algorithm framework involves GA key components, as we see in table 3.1 and
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the primary GA process, as we can see in table 3.2. In the table, we write some terms used when

evaluating the algorithm of the three models. The process of the GA can be formulated as:

PO(Gt+1) = Mutation(Crossover(Selection(PO(Gt)))) (3.40)

where PO(Gt) is the population at generation Gt.

Table 3.1: Key components of GA

Component of GA Definition
Population (PO) A set of candidate solutions

Chromosomes (CH)
Each candidate solution in the
population

Genes (Ge)
Elements of a chromosome
representing decision variables

Fitness Function (Fga)
Evaluates the quality of each
solution in GA

Table 3.2: Process of GA

Step of GA Process Explanation

Initialization

Generating initial populations
with varied strategic
configurations for bicycle
availability and redistribution

Fitness Evaluation

Assessing the effectiveness of
each strategy based on the
objective function and adherence
to constraints

Selection
Select the near-optimal solutions
based on their fitness values

Crossover
Combine pairs of solutions to
produce new offspring

Mutation
Introduce random changes to the
offspring to maintain diversity

Evaluation
Evaluate the fitness of the new
solutions

Optimization

Iteratively refining strategies
until satisfactory optimization
levels are achieved, marked by
convergence or a predefined
performance threshold
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Table 3.3: Some terms in GA

Component of GA Definition

Population Size (PSga)
Number of chromosomes
(potential solutions) in the
population.

Number of Generations (Gt)

Total number of times the
genetic algorithm iterates over
the population. Each iteration or
generation produces a new set of
chromosomes

Iterations
This term is often used
interchangeably with generations

3.5.3 Particle Swarm Optimization (PSO)

Particle swarm Optimization (PSO) excels in fine-tuning solutions in real time, adapting quickly

to changing conditions. The social behaviour of fish schooling or flocking in birds serves as

inspiration for PSO. The main outlines of the Key components of the PSO and the PSO process

are shown in table 3.4 and table 3.5, respectively.

In PSO, particles are candidate solutions in the search space. Each particle represents a set

of strategies for the transportation modes (e.g., routes, schedules, pricing).

The position of a particle in the search space corresponds to a specific strategy configuration

for the transportation system. Each position vector xp includes parameters such as route choices,

departure times, and pricing strategies for different transportation modes.

The velocity of a particle determines how the particle’s position changes in each iteration. It

reflects the direction and magnitude of the change in the strategy configuration. The velocity

is influenced by the particle’s personal best position and the global best position. The personal

best position is the best position (strategy configuration) a particle has achieved so far, based on

the fitness evaluation. It represents the most effective strategy found by that specific particle up

to the current iteration. The Global best position is the best position found by any particle in

the entire swarm. It represents the most effective strategy configuration found by the collective

swarm up to the current iteration.
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Table 3.4: Key Components of PSO

Parameters Definition

Particles (Pai)
Each particle represents different
strategy configurations for the
players in the model

Velocity (vi)

The rate of change of the
particle’s position, which
determines how the strategies are
updated in each iteration

Position (Xpsoi)

The current solution of the
particle, which are the specific
strategy configurations being
evaluated

Personal Best (pbesti)
The best strategy each particle
has found

Global Best (gbest)
The best strategy found by the
entire swarm

Table 3.5: PSO Process

Steps of PSO Process Explination

Initialization
Initialize the particles’ positions
and velocities randomly

Update Velocity
Update each particle’s velocity
based on its personal best and the
global best

Update Position
Move each particle to a new
position based on its updated
velocity.

Evaluation
Evaluate the fitness of each
particle’s new position

Iteration
Repeat the update and evaluation
steps to find the optimal
configuration

3.5.4 GT-MMT and DGT Stackelberg Optimization

Stackelberg Game Theory is applied in both the GT-MMT and DGT models, where passengers

act as leaders and transportation modes act as followers. The main key concepts of Stackelberg

game theory can be summarized in the table 3.6. This subsection summarized in short the

main outlines of the Stacklberg equilibrium, but the details of the Stacklberg operations with the

details of the algorithms and operation are in chapters 5 and 6.
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Table 3.6: Key components of Stackelberg game theory

Parameters Definition

Leaders (pi)
The decision-makers who move
first (passengers)

Followers (m)
The decision-makers who move
after observing the leaders’
decisions (transportation modes)

Leader’s Strategy (Api)
The optimal strategy chosen by
the leader

Follower’s Strategy (Am)
The optimal strategy chosen by
the follower in response to the
leader’s strategy

Payoff Function (U)
The utility or payoff for each
player (leader and follower)

Stackelberg Equilibrium

The Stackelberg equilibrium is
reached when the leader has
chosen the optimal strategy,
taking into account the followers’
best responses

In the Stackelberg game theory model, the interaction between the leader and the followers

is characterized by a hierarchical decision-making process. The leader makes a decision first, and

the followers respond to this decision by optimizing their own strategies. This process can be

mathematically represented using the following equations:

max
AL

UL(AL, A
∗
F (AL)) (3.41)

where AL is the strategy the leader chooses, and UL is the leader’s payoff function, which

depends on both the leader’s strategy (AL) and the followers’ ideal response (AF ∗ (AL)).

In equation 3.41, the leader anticipates the followers’ optimal response A∗
F (AL) to any

strategy AL they might choose. The leader then selects the strategy AL that maximizes their

own payoff UL, taking into account the followers’ best response.

The followers determine their optimal strategy A∗
F (AL) in response to the leader’s strategy

AL by maximizing their own payoff UF :

A∗
F (AL) = arg max

AF

UF (AL, AF ) (3.42)
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where AF is the strategy chosen by the followers and UF is the payoff function of the

followers, which depends on both the leader’s strategy AL and the followers’ own strategy AF .

arg maxAF
UF (AL, AF ) represents the strategy AF that maximizes the followers’ payoff UF given

the leader’s strategy AL. In equation 3.42, the followers observe the leader’s strategy AL. Then,

each follower chooses their strategy AF to maximize their own payoff UF , considering the leader’s

choice AL.

This hierarchical decision-making process captures the essence of the Stackelberg game, where

the leader has the advantage of making the first move, and the followers react optimally to

this move. This framework is widely used in economics, business strategy, and multi-modal

transportation systems to model competitive and cooperative interactions between different agents.

For example, if the passenger (leader) shows a preference for quicker, more cost-effective

routes, ride-sharing services may adjust their pricing or routing to match these expectations.

Similarly, if a significant number of passengers begin to prefer bicycles for short distances, the

bicycle-sharing system might need to increase the number of bikes in high-demand areas to

maintain service quality. The bus system might not be as flexible in routing as ride-sharing but

can compete by offering lower fares and increasing bus frequency based on the predictive analytics

provided by the GT-MMT model. The bicycle-sharing system’s integration into the broader

GT-MMT model involves coordination with other transportation modes under the Stackelberg

leadership framework. This coordination is typically achieved through a genetic algorithm that

optimizes the routes and schedules of buses and ride-sharing vehicles and the distribution and

availability of bicycles. The genetic algorithm iteratively adjusts the transportation strategies,

including bicycle re-balancing plans, to improve overall system efficiency and user satisfaction.

Using a Stackelberg-genetic approach, the model can change over time using a PSO-genetic

algorithm that improves based on constant feedback from system performance. This lets the

model adapt to new situations and make better decisions for future operations. This leads to an

iteratively optimized system where both leaders and followers adjust their strategies to achieve

a balanced, efficient transportation network. Continuous data flow ensures the system adapts in

real time, adjusting strategies based on current conditions and feedback.
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3.6 Simulating Scenarios for DMT, GT-MMT, and

DGT Models

In the practical part, the route journey in the three transportation models (DMT, GT-MMT,

and DGT) is built using simulation of urban mobility (SUMO) and OMNET++ programs. In

addition, we use OpenStreetMap (OSM) to extract a part of a map of the City of Ottawa as a

case study. The three models leverage advanced simulation and mapping tools to create a realistic

urban mobility scenario. In the following, we will highlight the main stimulation tools we use in

the thesis. The details of the simulation setting, analysis, and results for the DMT in section

4.4, the GT-MMT model in section 5.5, and the DGT in section 6.5.

3.6.1 Simulation Tools

The main simulation tools in our work are:

1. OpenStreetMap

A collaborative project to create a free, editable map of the world. It is used to generate realistic

network topologies in simulations by providing accurate geographic data. The OpenStreetMap

(OSM) provides detailed and up-to-date geographic information and offers accurate road networks,

public transit routes, and geographical features essential for the urban area.

2. SUMO (Simulation of Urban Mobility)

An open-source traffic simulation package designed to handle large road networks. SUMO can

simulate vehicular movement, public transportation, and pedestrian traffic, offering extensive

tools for traffic modelling and analysis.

3. OMNET++

The other tool is OMNET++, which serves as a network simulation framework to model the

communication network within the three models. We use OMNET++ to build the proposed
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model in this thesis. It allows the modelling of complex interactions within a network and can

be extended with various frameworks to simulate specific scenarios. In addition, it facilitates

the simulation of data exchange between regional managers, vehicles, and passengers, promoting

efficient information flow for real-time decision-making.

4. INET

: The Inet framework is used to build a Wi-Fi interface. It is a framework for OMNET++

that provides models for internet protocols and communication networks. It includes modules for

simulating different types of network devices and protocols, enabling detailed network simulations.

5. Veins

An open-source vehicular network simulation framework based on OMNET++ and SUMO. We

connect Veins with SUMO to create a realistic mobility scenario. Veins facilitate a simulation of

vehicle-to-vehicle and vehicle-to-infrastructure communication within a traffic simulation environment.

6. Python

It is a programming language used for scripting and automating simulation tasks, data analysis,

and integration. Python’s extensive libraries and frameworks make it ideal for managing simulation

workflows and analyzing simulation results.

3.6.2 Steps to Stimulate the Three Models

To simulate real-time scenarios for the three models (DMT, GT-MMT, and DGT) using OMNET++,

INET, Veins, OpenStreetMap, SUMO, and Python, follow these detailed steps:

1. Generating Synthetic Data

In the data collection stage, we simulate the data collection process by generating synthetic

data that mimics real-world conditions. This involves creating structured data that represents

67



various aspects of the transportation system, such as vehicle locations, passenger demands, traffic

conditions, and more. Here’s how we simulate this stage:

• Define the Parameters: Determine the parameters that you need to collect data for,

such as the number of vehicles, number of passengers, geographical area, time intervals,

and simulation time.

• Generate Data for Each Parameter: Create functions to generate synthetic data for

vehicles, passengers, and other relevant entities.

• Combine Data into a Single Structure: Merge the generated data into a single,

structured dataset that can be easily processed and analyzed.

• Save and Manage the Data: Store the dataset in CSV file format.

2. Setting Up the Simulation Environment

Set up the simulation environment using OMNET++, INET, Veins, and SUMO. OpenStreetMap

can be used to create a realistic map.

1. OpenStreetMap:

• Extract the map of the area you want to simulate.

• Convert the map data into a format that SUMO can use.

2. SUMO:

• Import the map data into SUMO.

• Define the routes, traffic lights, and vehicle types.

• Use Python to generate traffic flows and vehicle trips.

3. Veins:

• Integrate SUMO with OMNET++ using Veins.

• Define communication between vehicles and infrastructure (V2I and V2V communication).

4. OMNET++ and INET:
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• Set up the network simulation in OMNET++ using INET.

• Define the communication protocols and simulation parameters.

3. Real-Time Information and Updates

Use Python scripts to simulate real-time updates and information dissemination to passengers.

Create a Python script to periodically update traffic conditions, vehicle locations, and passenger

demands and implement the algorithms used in the models to satisfy the objectives of the thesis.

4. Running the Simulation

Run the integrated simulation to observe how the three models perform in real-time scenarios.

1. Initialization:

• Initialize the simulation environment with the generated synthetic data.

2. Execution:

• Execute the simulation, allowing OMNET++, INET, Veins, and SUMO to interact

in real time.

• Use Python scripts to monitor and adjust the simulation parameters dynamically.

First, to simulate the mobile application in OMNeT++, define the application logic using

C++ classes derived from the cSimpleModule class. Next, utilize INET modules, TcpApp and

UdpApp, to handle network communications within the simulation. Implement message passing

using subclasses of the cMessage class for data exchange between different application parts.

Finally, simulate user interactions through scripts, as OMNeT++ does not provide support for

actual user interface development.

5. Evaluation and Analysis

Evaluate the performance of the three models based on various metrics such as travel time, cost,

and passenger satisfaction. Here, we just summarized the main parameters for the three models
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in table 3.7. The details of the simulation setting, analysis, and results for the DMT in section

4.4, the GT-MMT model in section 5.5, and the DGT in section 6.5.

By carefully setting these parameters, we can tailor the simulation to reflect realistic scenarios

and effectively evaluate the performance and outcomes of the DMT, GT-MMT, and DGT models.

This enables us to assess how well the model meets its objectives, such as maximizing rider

satisfaction, ensuring efficient real-time data exchange, and providing efficient travel options.

Table 3.7: Simulation parameters

SUMO Parameters

Network File Defines roads, lanes, and junctions.

Road Network NETCONVERT

Demand File Details about trips and vehicle flows.

Vehicle Types Specifications for different vehicle types

Traffic Lights Definitions and timings for traffic signals.

Simulation Time Duration for the traffic simulation(6 a.m-11:59 p.m)

Length of Time Step 1 minute

Dimension of Simulation Area 20km x 20km

The Integration Method Euler Update

INET Framework Parameters

Network Topology Structure of nodes and links.

Node Configuration Details for each network node.

Routing Protocol Protocol for routing data packets

Application Layer Configuration of data generation.

Veins Parameters

Mobility Models Defines node movement patterns.

Communication Parameters Settings for wireless communication

Scenario Configuration Describes the integrated simulation scenario

OpenStreetMap (OSM) Parameters

Map Data Geographic information from OSM.

Extraction Tools Tools used to convert OSM data for SUMO.
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OMNeT++ General Parameters

Network Canvas Visual representation of the network.

Simulation Parameters General settings for the simulation.

Statistic Collection Configuration for data recording.

Simulation Period 6 a.m-11:59 p.m

Network Parameters

Station Locations Coordinates of all transportation points

Road Network Graph representing the city’s road layout

Traffic Data Real-time coordinates of each vehicle
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Chapter 4 A Dynamic Mobility

Traffic (DMT) Model

4.1 Model Overview

In response to the growing challenges in urban transportation systems, this chapter introduces a

novel dynamic mobility traffic (DMT) scheme strategically designed to integrate public buses with

car ride-sharing services. The primary goal of this innovative approach is to significantly enhance

transportation efficiency and passenger satisfaction through the optimized use of mixed-modal

resources.

The DMT scheme’s inception is predicated on the principle that combining various modes

of transportation can result in a more flexible, responsive, and efficient urban transit system.

By leveraging real-time data exchange, the scheme facilitates dynamic decision-making processes

that consider the real-time operational status and demands across different transportation modes.

Real-time data exchange serves as the backbone of the DMT scheme, enabling an unprecedented

level of coordination between the regional manager of the transportation modes, the operators of

public buses, and providers of car ride-sharing services. This integration allows for adjustments

to be made in real time, enhancing the ability to respond swiftly to fluctuating demands and

operational challenges.

Figure 4.1 shows the main components of the DMT model, consisting of car ride-sharing,

public buses, and passengers. For a comprehensive understanding of the full topology associated

with the DMT model, refer to subsection 3.3 in chapter 3.

In this model, costs differ depending on the distance travelled by the passengers to reach their

destination. We assumed several relevant hypotheses that must be mentioned. First, we did not

consider the person’s walking time between the stations on his trip. Second, while the passenger’s

origin is the first station of the journey, the last station is the destination. Finally, security and

trust have been assumed in this model.

The remainder of this chapter is organized as follows: section 4.2 (Objectives function and
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Problem Formulation); section 4.3 (DMT Optimization Algorithm); section 4.4 (Simulation and

Results).

4.2 Objectives function and Problem Formulation

The main objectives of the dynamic mobility traffic (DMT) model are to minimize each passenger’s

total travel time and fare while optimizing the overall system efficiency:

min (αpiTTpi + βpiTPpi) (4.1)

This model aims to provide passengers with the best combination of transportation modes

to achieve the lowest travel time and cost for their trips. For a comprehensive understanding

of the full notations, objectives, and constraints associated with the DMT model, please refer

to subsections 3.2.1, 3.4.1, and 3.4.2. These subsections provide detailed explanations of the

parameters, mathematical formulations, and constraints that guide the optimization processes

within the DMT framework.

The scheduling process for cars and public buses defines their routes and destination times.

We assume that the passenger (p) periodically receives information describing the current car

Figure 4.1: DMT model overview
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ride-sharing position and/or the bus position and their seating availability. This information,

which is collected based on a passenger’s preference (prpi) for a bus, car, or both, is used to

calculate the total price (TFpi) and the total travel time (TTpi).

We assume that the DMT manager receives updated information from all participants every 5

minutes. As we can see, Figure 4.2 shows the main interaction between the players in the model.

Each element has a set of parameters that contribute to implementing the proposed model’s

algorithm. In this figure, the regional manager uses the DMT to manage the interconnection

between the car ride-sharing, the public bus, and the passenger.

In general, the operation steps can be concluded as follows: Start with data collection by

gathering real-time data using OpenStreetMap and OMNET++ to simulate a realistic urban

environment. Then, establish a network for data exchange between regional managers, public

buses, car ride-sharing services, and passengers. The system needs to continuously update

schedules and routes based on real-time traffic data and passenger demands and inform passengers

at each station about the capacity and current position of the upcoming buses and cars. Also,

adjusting routes for the ride-sharing dynamically to address changing traffic conditions and

passenger needs is very important to the DMT model.

We assume that all public buses and car ride-sharing are connected to a mobile application
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to track all participants in real time. We propose the DMT algorithm to manage the demand

for the transport service. Upon receiving periodical information about the availability of public

buses and cars (available seats, time to reach the stations), the DMT calculates the time required

by each available vehicle (having empty seats) to arrive at the final destination from the current

passenger’s position. It schedules the results in descending order. The result is compared to

the passenger’s maximum arrival time, and the first public bus with an equal or lower value

will be selected. In order for the passenger to determine whether to continue to travel on the

same public bus or transfer to another bus, the time required to reach the destination on the

recent bus is compared to the result of the previous process. The passenger chooses a public

bus in the shortest possible time. The same process occurs if car ride-sharing is selected as the

mode of transportation for the whole trip. On the other hand, the passenger can choose to use a

combination of the public bus and car ride-sharing on his trip. The model gives him the optimal

combination with the fastest arrival time and the least cost.

The Dynamic Mobility Traffic (DMT) model integrates various components to optimize urban

transportation. The transportation modes, denoted as m, include car ride-sharing and the public

bus, providing a range of options for city travellers. This is represented by the notation m =

{cj , bk}

Passenger data, represented as Pdata, includes a collection of passenger information, with each

passenger p having specified origin Spi
1 , destination Dpi

np, and preferred mode of transportation

m. This data structure is crucial for personalizing travel solutions and is expressed as Pdata =

{R | i = 1, 2, . . . , Numbp} and p = {Spi
1 , Dpi

np, np}.

Furthermore, vehicle data, denoted as mdata, plays a critical role in the model. This includes

details of each vehicle m in the system, such as capacity Cam, current location and estimated

arrival time LAvvm+k
. The notation for vehicle data is given by Vdata = {Vm | j = 1, 2, . . . ,m}

and Vm = {Cvm , LAvvm+k
}.

The core of the DMT model lies in formulating an optimization problem that aims to minimize

the total travel time and cost for all passengers while maximizing vehicle utilization. Figure 4.3

shows the interactions between a user and the DMT model.
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4.3 DMT Optimization Algorithm

Combining genetic algorithms with particle swarm optimization provides a robust and adaptable

solution for dynamically optimizing the DMT model, ensuring efficient and responsive transportation

routes. This method combines genetic algorithms with particle swarm optimization to make a

strong and flexible way to improve the DMT model, making sure that transportation routes are

quick and responsive. The GA phase provides a diverse set of potential solutions, while the

PSO phase refines these solutions to adapt to real-time changes and new requests, resulting in

optimized routes and schedules that minimize total trip time and fare for passengers. The main

step of the process is seen in algorithm 1 and followed by the details of the process step.

Step 1: Data Collection (Initialization Phase)

The objective of this phase is to collect real-time and static data needed to initialize and continually

update the transportation model.

Real-time traffic data, denoted as RT , includes traffic speeds, congestion levels, and accidents.

This data is represented as a matrix where each element RTedx denotes the traffic information on

the edge edx. Vehicle data, denoted as M , is a set of vehicles {m1,m2, . . . ,mn}. For each vehicle

m ∈ M , the location Lm can be represented as (xm, ym). Passenger data, denoted as P , is a

set of passengers {p1, p2, . . . , pi}. For each passenger pi ∈ R, the origin Spi
1 can be represented

as (x(Spi
1 ), y(Spi

1 )), the destination Dpi
np can be represented as (x(Dpi

np), y(Dpi
np)), the latest and

earliest departure time, and the maximum fare MFpi that the passenger is willing to pay. See

the subsection 3.2.1 in chapter 3 to read the full data with all variables and notations.
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Figure 4.3: The interactions between a user and the DMT model
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Algorithm 1 DMT Optimization Model Algorithm

Input: Number of particles/individuals, number of iterations I, initial population POo,
weight factors α, β

Output: Optimal combination of modes for each passenger with the lowest fare and
shortest trip time

1 Initialization: Initialize the population of particles (for PSO) and individuals (for GA)
with random positions and velocities. Define the objective function for each passenger pi:

min (αpiTTpi + βpiTPpi) (4.2)

2 for t = 1 to I do

3 Step 1: Evaluate Fitness
for each particle/individual do

4 Calculate fitness Fitness(pi) based on the objective function in Equation 4.9

5 Step 2: Genetic Algorithm Operations
Select individuals based on fitness values.
Perform crossover to generate offspring.
Apply mutation to offspring.
Replace less fit individuals with new offspring.

6 Step 3: PSO Operations
for each particle do

7 Update velocity using the equation:

vt+1
pai

= ωvtpai + c1r1(pbestpai −Xpsotpai) + c2r2((gbestpa −Xpsotpai) (4.3)

Update position using the equation:

Xpsot+1
pai

= Xpsotpai + vt+1
pai

(4.4)

Update personal best pbestpai

8 Update global best gbestpa

9 Step 4: Scheduling and Selection
for each route do

10 Calculate the time required by each available vehicle to arrive at the final
destination.
Schedule results in descending order.
Compare results to the passenger’s maximum arrival time.
Select the first public bus or ride-sharing option with equal or lower value.

11 Step 5: Route Optimization
Determine if the passenger should transfer or continue in the same vehicle.
Select the near-optimal combination of public bus and ride-sharing.

12 return Optimal combination of modes for each passenger

77



The real-time traffic data RT can be mathematically represented as:

T =



RT11 RT12 · · · RT1n

RT21 RT22 · · · RT2n

...
...

. . .
...

RTn1 RTn2 · · · RTnn



Step 2:Initialization:

• Initialize the population of chromosomes and particles randomly.

Each chromosome represents a potential solution. Specifically, a chromosome represents

the combination of transportation modes and routes that a passenger can take from their

source to their destination, aiming to minimize travel time and fare. Let CHi denote the i-

th chromosome in the population. Each chromosome CHi is composed of routes ROi,m for

each vehicle m in the system. Let M be the set of vehicles, where M = {m1,m2, . . . ,mn}.

Let R be the set of passengers, where R = {p1, p2, . . . , pi}.

Initial solutions generated by the genetic algorithm to generate initial routes and vehicle

combinations that are likely to be more efficient. The population size is denoted by PSga,

which is the number of chromosomes in the population. A larger PSga increases the

diversity of potential solutions but also increases computational complexity.

A chromosome CHi can be represented as CHi = {Roi,1, Roi,2, . . . , Roi,m}, where ROi,m

represents the route for vehicle m in chromosome CHi. Each route ROi,m is a sequence of

stops that vehicle m will visit: ROi,m = {Si,j,1, Si,j,2, . . . , Si,j,k}, where Si,j,k denotes the

k-th stop in the route of vehicle vj in chromosome Ci. Each stop Si,j,k is associated with

a specific passenger pickup or drop-off point. For each passenger p ∈ P , the origin Op and

destination Dp are included in the route.

The constraints include the vehicle capacity constraint and the time window constraint.

To see the full constraint, read the subsection 3.4.2. The vehicle capacity constraint is

represented as:

lmsn ⩽ Numpmsn ⩽ Cam, ∀m ∈M,Sn ∈ A (4.5)
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The time window constraint is represented as:

FS
pi
1

⩽ Tm
I
pi
r

⩽ ES
pi
1
, ∀m ∈M,Spi

1 , Ipir ∈ A, pi ∈ R (4.6)

The initial population for GA is denoted by:

PopulationGA = {CH1, CH2, . . . , CHNPSga
}

• Initialize the population of particles.

Each particle in the swarm represents a potential solution, encoding routes and schedules

for all vehicles. Let NPpso denote the number of particles in the swarm. The position

of particle i, represented as xi, indicates a potential solution. The velocity of particle i,

denoted by vi, determines how the position of the particle will change over time. The

personal best position of particle i is represented as pi, and the global best position found

by the swarm is denoted by g. The inertia weight w controls the influence of the previous

velocity on the current velocity. The cognitive (personal) learning factor is represented by

c1, and the social (global) learning factor is denoted by c2. Additionally, r1 and r2 are

random numbers uniformly distributed in the interval [0, 1].

Particle Representation: Each particle in the swarm, denoted as Pai, represents a

potential solution for the routing problem. The position of particle i, Xpsoi, consists of

routes for all vehicles: Xpsoi = {ROi,1, ROi,2, . . . , ROi,j}. Here, ROi,j represents the route

for vehicle m in particle Pai.

Route Representation: Each route ROi,j consists of a sequence of stops that vehicle vj

will visit: ROi,j = {Si,j,1, Si,j,2, . . . , Si,j,k}, where Si,j,k denotes the k-th stop in the route

of vehicle mj in particle Pai.

Initialization Process: The initialization of the swarm involves generating initial solutions

either randomly or using heuristic methods. Each initial solution ensures that all passengers

are assigned to a vehicle without violating capacity constraints. The initial swarm for PSO

is represented as: SwarmPSO = {Pa1, Pa2, . . . , PaNPSO
}
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Step 3:Fitness Evaluation:

By integrating the fitness evaluation process with GA and PSO, the algorithm leverages the

strengths of both methods to find near-optimal solutions for minimizing total trip time and

fare for passengers while satisfying constraints. The main steps of the fitness evaluation can be

concluded as follows:

• Evaluate the fitness of each chromosome and particle.

• Update personal best positions for particles.

• Update the global best position based on the fitness values of particles.

• Evaluate the fitness of each chromosome and particle using the objective function.

The goal of the fitness evaluation process is to assess how well each chromosome (in GA)

and each particle (in PSO) meets the optimization objectives, specifically minimizing the

total trip time and fare for passengers while satisfying constraints.

For Genetic Algorithm (GA):

1. Evaluate Fitness of Each Chromosome:

F (CH) =
1

α
∑

p∈R TTpi(CH) + β
∑

p∈R TFpi(CH) + Penalties(CH)
(4.7)

Here, TTpi(CH) is the travel time for passenger pi in chromosome CH, TFpi(CH) is the

fare for passenger pi in chromosome CH, and Penalties(CH) accounts for any violations

of constraints such as vehicle capacity and time windows.

The objective function DMT optimization problem is designed to minimize both the trip

time and the fare for passengers. The objective function is given by the equation:

Fitness(pi) = (αpiTTpi + βpiTFpi) (4.8)

where αpi and βpi are the weighting factors for travel time and cost for passenger pi,

respectively. For the full explanation of the objectives for the DMT, read 3.4.1 in chapter
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3. The optimization is subject to several constraints. All constraints with the explanation

details in subsection 3.4.2 in chapter 3.

For Particle Swarm Optimization (PSO):

1. Evaluate Fitness of Each Particle:

In the context of dynamic mobility traffic (DMT) optimization, the fitness of each particle

is evaluated based on an objective function that seeks to minimize both the total trip

time and the fare for passengers. This fitness evaluation process is crucial for determining

how well a particular routing and scheduling solution (represented by a particle) meets the

optimization goals. The objective function of the DMT problem is designed to balance the

trade-offs between travel time and cost. It is defined as follows:

min (αpiTTpi + βpiTPpi) (4.9)

where tp is the travel time for passenger p, fp is the fare for passenger p, and α and β

are weights that reflect the relative importance of minimizing time and cost, respectively.

These weights can be adjusted based on specific goals or preferences. The components of

the objective function include travel time (tp), which represents the total time taken for

a passenger p to travel from their origin to their destination, including waiting time, in-

transit time, and any transfer times if multiple modes of transport are used. The fare (fp)

represents the cost incurred by passenger p for their trip, including base fares, distance-

based charges, and any additional costs due to dynamic pricing mechanisms. The weights

(α and β) are used to adjust the relative importance of minimizing travel time versus

minimizing fare. For instance, if the primary goal is to reduce travel time, α would be set

higher relative to β.

The fitness function is used to evaluate how well a solution (particle) performs according

to the objective function. It is defined as:

Fitness(X) =
1

α
∑

p∈P tp(X) + β
∑

p∈P fp(X) + Penalties(X)
(4.10)

where X represents a particular solution (chromosome or particle) in the search space,
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tp(X) is the travel time for passenger p in solution X, fp(X) is the fare for passenger p

in solution X, and Penalties(X) includes penalties for any violations of constraints such

as vehicle overcapacity or time window violations. The fitness function, based on the

objective function, takes into account the travel time component (tp(X)), which sums the

travel times of all passengers for a given solution X, ensuring that the overall travel time

for all passengers is as low as possible. It also considers the fare component (fp(X)), which

sums the fares paid by all passengers for a given solution X, ensuring that the total cost to

passengers is kept low. The penalty term (Penalties(X)) adds penalties for any constraint

violations in the solution X, ensuring that solutions violating these constraints are less

favourable. The inverse of the sum is taken, meaning that lower values of the objective

function (indicating better solutions) correspond to higher fitness values; thus, the goal is

to maximize fitness, which aligns with minimizing the objective function.

2. Update personal and global best positions based on fitness values.

Update the personal best position for each particle based on its fitness. If the fitness of any

particle is better than the current global best, update the global best position.

Each particle in the Particle Swarm Optimization (PSO) algorithm maintains a memory

of its best position encountered so far, referred to as the personal best (pi). The algorithm

also keeps track of the best position encountered by any particle in the swarm, known as

the global best (g).

a) Update Personal Best

The personal best position of a particle is updated whenever the current position of the

particle has a better fitness value than the fitness value of the personal best position. This

ensures that the particle retains the memory of the near-optimal solution it has found so

far. Mathematically, this update process can be represented as:

If Fitness(Xpsoi(t + 1)) > Fitness(pbesti) then pbesti = Xpsoi(t + 1) (4.11)

Here, xi(t + 1) represents the new position of particle i at time t + 1, and pbesti is the

personal best position of particle i. The fitness function, based on the objective function,
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evaluates how well a given solution meets the optimization objectives, minimizing total trip

time and fare.

b) Update Global Best

The global best position is updated whenever any particle’s personal best position has a

better fitness value than the fitness value of the current global best position. This ensures

that the swarm collectively remembers the near-optimal solution found by any particle.

Mathematically, this update process can be represented as:

If Fitness(pbesti) > Fitness(gbest) then gbest = pbesti (4.12)

Here, gbest is the global best position, and pbesti is the personal best position of particle i.

The fitness function, based on the objective function, evaluates the fitness of the personal

best position of particle i and compares it to the fitness of the current global best position.

Step4: GA Operations:

Perform selection, crossover, and mutation on the chromosome population. Then, ensure the

feasibility of the new offspring by repairing any constraint violations.

1. Selection Process

The goal of the selection process in the genetic algorithm is to choose parent chromosomes from

the population based on their fitness scores. The selected parents will then undergo crossover

and mutation operations to produce the next generation of solutions.

In Tournament Selection, a subset of chromosomes is chosen randomly, and the best chromosome

(with the highest fitness score) is selected as a parent. Let PO = {CH1, CH2, . . . , CHN} be the

set of chromosomes, and let Fga(CHi) be the fitness of chromosome CHi. Let k be the tournament

size, and let SelectedParents be the set of chosen parents for crossover.

For each parent selection, a subset Subsetga ⊂ PO of size k is randomly chosen. The

chromosome CHbest with the highest fitness in the subset is identified using the equation:
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CHbest = arg max
CH∈Subsetga

Fga(CH) (4.13)

The chromosome Cbest is then added to SelectedParents. This process is repeated until the

desired number of parents is selected.

Suppose the population consists of 5 chromosomes with fitness values: F (CH1) = 10, F (CH2) =

20, F (CH3) = 15, F (CH4) = 5, and F (CH5) = 25. If the tournament size k = 3, a subset

{CH2, CH4, CH5} is randomly chosen. The best chromosome in the subset is CH5 with a fitness

of 25, and CH5 is added to SelectedParents.

2. crossover Process

The crossover operation aims to combine the genetic material of two parent chromosomes to

produce offspring that inherit characteristics from both parents. The process begins by selecting a

crossover point c randomly. This point determines where the routes from the parent chromosomes

will be split. For instance, if the route length L is 10 and the crossover point c is 4, the first four

stops will come from one parent and the remaining stops will come from the other parent.

Let P1 and P2 be two parent chromosomes, and let O1 and O2 be the offspring chromosomes.

The routes for vehicle vj in parent chromosomes P1 and P2 are denoted as RP1,j and RP2,j ,

respectively. Similarly, the routes for vehicle vj in offspring chromosomes O1 and O2 are denoted

as RO1,j and RO2,j , respectively. The crossover point is represented by c, and L denotes the

length of the routes in the parent chromosomes.

The crossover operation can be described in the following steps:

The first step is the selection of a crossover point. Here, select a crossover point c randomly

along the length of the routes in the parent chromosomes. The crossover point determines where

the routes will be split and combined. The crossover point c is chosen such that 1 ≤ c ≤ L− 1.

The second step is splitting and combining routes. Here, split the routes RP1,j and RP2,j

at the crossover point c into two segments. Combine the first segment of RP1,j with the second

segment of RP2,j to form the route RO1,j for offspring O1. Similarly, combine the first segment

of RP2,j with the second segment of RP1,j to form the route RO2,j for offspring O2.
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The last step is ensuring feasibility. To ensure feasibility, the combined routes must be

checked against vehicle capacity constraints and time window constraints. The vehicle capacity

constraint ensures that the number of passengers assigned to a vehicle does not exceed its capacity.

Mathematically, this can be represented as:

∑
p∈Pi,j,k

xp,vj ≤ Cvj ∀vj ∈ V (4.14)

where Pi,j,k is the set of passengers associated with stop Si,j,k, xp,vj is 1 if passenger p is

assigned to vehicle vj , otherwise 0, and Cvj is the capacity of vehicle vj .

The time window constraint ensures that each passenger is picked up and dropped off within

their specified time windows. This can be represented as:

T pickup
i,j,k ≤ Ti,j,k ≤ T dropoff

i,j,k ∀Si,j,k ∈ Ri,j (4.15)

where Ti,j,k is the time at which vehicle vj visits stop Si,j,k, and T pickup
i,j,k and T dropoff

i,j,k are the

earliest and latest allowable times for pickup and drop-off.

Consider the routes RP1,j and RP2,j for a vehicle vj in the parent chromosomes P1 and P2,

respectively:

RP1,j = {SP1,j,1, SP1,j,2, . . . , SP1,j,c, SP1,j,c+1, . . . , SP1,j,L}

RP2,j = {SP2,j,1, SP2,j,2, . . . , SP2,j,c, SP2,j,c+1, . . . , SP2,j,L}

After the crossover operation, the routes RO1,j and RO2,j for the offspring chromosomes O1

and O2 are:

RO1,j = {SP1,j,1, SP1,j,2, . . . , SP1,j,c, SP2,j,c+1, . . . , SP2,j,L}

RO2,j = {SP2,j,1, SP2,j,2, . . . , SP2,j,c, SP1,j,c+1, . . . , SP1,j,L}
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3. Mutation Process

The mutation operation aims to introduce small, random changes to chromosomes to explore new

potential solutions and maintain genetic diversity within the population. Let C be a chromosome,

and let RC,j be the route of vehicle j in chromosome C.

The mutation operation involves two main types of mutations: swap mutation and time

adjustment mutations.

In the swap mutation, two stops Si,j,k1 and Si,j,k2 are randomly selected within a route RC,j .

These stops are then swapped, transforming the sequence from {. . . , Si,j,k1 , . . . ,

Si,j,k2 , . . .} to {. . . , Si,j,k2 , . . . , Si,j,k1 , . . .}.

In the time adjustment mutation, a stop Si,j,k is randomly selected within a route RC,j . The

departure time Ti,j,k at this stop is then adjusted slightly by ∆T . The new time is given by

Ti,j,k → Ti,j,k + ∆T , ensuring that the new departure time does not violate any constraints,

specifically: T pickup
i,j,k ≤ Ti,j,k + ∆T ≤ T dropoff

i,j,k .

Example: Suppose the route RC,j is {S1, S2, S3, S4}. In a swap mutation, if stops S2 and S4

are swapped, the new route becomes RC,j = {S1, S4, S3, S2}.

Constraints: To ensure the feasibility of the mutated routes, two main constraints must be

respected. First, no time window violations should occur, which means the adjusted departure

times must satisfy T pickup
i,j,k ≤ Ti,j,k + ∆T ≤ T dropoff

i,j,k . Second, vehicle capacity constraints must be

maintained, ensuring that the total number of passengers assigned to any vehicle does not exceed

its capacity:
∑

p∈Pi,j,k
xp,vj ≤ Cvj .

Step 5: PSO Operations:

Update the velocity and position of each particle. In the DMT optimization context, the position

Xpsoi of a particle represents a specific routing and scheduling solution for the vehicles. The

velocity vi represents the direction and magnitude of changes to this solution. By iterative

updating the velocity and position of each particle, the PSO algorithm explores different routing

and scheduling configurations, aiming to minimize the total trip time and fare for passengers. The

velocity update equation governs how each particle adjusts its velocity based on three components:

inertia, cognitive learning, and social learning. The equation is given by:
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vi(t + 1) = w · vi(t) + co1 · st1 · (pbesti −Xpsoi)− xi(t)) + co2 · st2 · (gbest −Xpsoi(t)) (4.16)

The inertia component, represented by w · vi(t), involves the inertia weight w, which controls

the influence of the previous velocity of the particle. A higher inertia weight encourages global

exploration, while a lower inertia weight encourages local exploitation. Here, vi(t) denotes the

current velocity of particle i at time t.

The cognitive (personal) component, given by co1·st1·(pbesti−Xpsoi), represents the particle’s

tendency to return to its personal best position. The term co1 is the cognitive learning factor,

which determines the weight of this component. The term st1 is a random number uniformly

distributed in the range [0, 1], introducing stochastic behaviour. In this context, pbesti is the

personal best position of particle i, and Xpsoi(t) is the current position of particle i at time t.

The social (global) component, expressed as co2 ·st2 ·(gbest−Xpsoi(t)), represents the particle’s

tendency to move towards the global best position found by the swarm. The term co2 is the social

learning factor, which determines the weight of this component. The term st2 is another random

number uniformly distributed in the range [0, 1], introducing additional stochastic behaviour.

Here, gbest is the global best position found by the swarm, and Xpsoi(t) is the current position

of particle i at time t.

The velocity update equation combines these three components to adjust the particle’s velocity,

balancing exploration (searching new areas) and exploitation (refining known good solutions).

After updating the velocity, the particle’s position is updated using the following equation:

Xpsoi(t + 1) = Xpsoi(t) + vi(t + 1) (4.17)

Xpsoi(t + 1) is the new position of particle i at time t + 1. Xpsoi(t) is the current position

of particle i at time t. vi(t + 1) is the updated velocity of particle i at time t + 1. This equation

simply adds the updated velocity to the current position, moving the particle to a new position

in the search space.
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Step 6: Iteration:

Repeat the fitness evaluation, GA operations, and PSO operations until a termination criterion

(maximum number of iterations and convergence threshold) is met. The PSO algorithm iterates

through the position and velocity updates, fitness evaluations, and best position updates until a

termination criterion is met. Through this process, the PSO algorithm effectively balances the

exploration of new solutions with the exploitation of known good solutions, optimizing the DMT

system’s performance.

Maximum Number of Iterations: The algorithm stops after a predefined number of

iterations, ensuring that the optimization process does not run indefinitely.

Convergence: The algorithm stops when the improvement in fitness values between iterations

falls below a certain threshold, indicating that the particles have converged to a stable solution.

By iterating through these steps, the PSO algorithm explores the search space, converging

towards a near-optimal solution that minimizes the total trip time and fares for passengers while

respecting constraints.

4.4 Simulation and Results

Figure 3.1 shows the partial map of the City of Ottawa with two forms of transportation (public

buses and car ride-sharing). In section 4.4.2, we evaluate our model (DMT), and then we compare

the performance of our DMT in section 4.4.3 with a multi-load model presented in [140].

4.4.1 Simulation Setup

Simulation setups are presented in Table 4.1. To obtain part of the Ottawa map, we use

Simulation of Urban Mobility (SUMO), and to set the route, we use OMNET++. SUMO

randomly sets up the mobility traffic scenario. This simulation measures the movement of car ride-

sharing and public buses in the City of Ottawa from 12:00 a.m. until 11:59 p.m. For more detailed

information on the simulation settings and parameters used in the DMT model, please refer to the

simulation section 3.6 in 3 which provides comprehensive insights into the initialization processes,
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network configuration, transportation mode parameters, and the integration of real-time data to

ensure accurate and realistic simulations.

From 6 am to 11:59 pm, the simulation was run by adjusting some parameters of the public

bus and the car on the trip, such as the number of public buses to 30, the maximum capacity of

the public bus to 50 passengers, the number of the bus station to 30, the number of cars to 10,

and the maximum car ride-sharing capacity to 4 passengers. In addition, we set the number of

passengers to 1000 and assigned the route for each passenger from the departure station to the

destination. The passenger chooses his/her preferred mode of transportation (a public bus, car

ride-sharing, or a combination of a bus and car). In this work, the maximum arrival time and

the maximum price are determined randomly by the simulation.

4.4.2 Experiment Evaluations and Results Discussion

1. The average user satisfaction

In the DMT, user satisfaction is the number of passengers who accept the trip plan (source,

destination, price, trip time, bus and car ride-sharing scheduling) as suggested by the DMT

system after sending the demand divided by the total number of passengers in the simulation.

Table 4.1: Simulation parameters for the DMT model

Vehicles types Car ride-sharing, Public bus
and bicycle

Simulation time 12:00 a.m.-11:59 p.m.
Time set length 1 minute
Number of the ride-sharing 10
Number of public buses 30
Number of passengers 10000
number of the public bus
stations

10

number of the ride-sharing
stations

8

Maximum capacity of the
bus

50 passengers

Maximum capacity of ride-
sharing

4 passenger

simulation period 12 a.m-11:59 p.m

89



It can be seen from Figure 4.4 that the satisfaction rate of passengers using any mode of

transportation decreases with an increase in the density of users. The average user satisfaction

when using only buses or cars is less than the average user satisfaction when using a combination

of car ride-sharing and public buses. The savings rate for the public bus is 36.8%, and for car

ride-sharing, when the number of users is equal to 1500, it is 68.42%, as shown in Tables 4.2 and

4.3. This ratio remains almost unchanged in the case of 7000 users but differs when the number

of passengers is equal to 10,000. In the case of 10,000 passengers, the savings rate is almost 62.5%

for riding the public bus only, and 75% for car ride-sharing only.

Conclusion

As shown in Figure 4.4, it is evident that the user satisfaction level using only car ride-sharing to

travel is lower than the user satisfaction level using only a public bus. This result can be illustrated

as follows. The percentage of users who express satisfaction when using a bus is higher, especially

since buses have more seats than cars. The explanation for this result is that the DMT scheme

concept is based on how the users reach their destination at the lowest possible price and in the

shortest possible time, regardless of other luxury preferences or congestion factors while riding.

2. The stress level metric

At the same time, the stress level is the number of transportation modes (car and bus) used by

the passengers divided by the total number of vehicles in the simulation. Figure 4.5 compares

the stress level of passengers when using various modes of transportation from 6 am to 11:59

pm. The figure shows that the pressure level when using only the public bus or only the car

ride-sharing is very similar. The stress level increased significantly from 6 am to 8 am. It then

decreased and increased during the day until 6 pm. At 6 pm, the stress level was 95%, after

which the percentage began to drop to 10%.

If we compare the savings rate (the rate of conservation) when using the car ride-sharing or

public bus only with that using the car and bus together, we find that the price savings (the rate

of conservation) increase from 6 am until it reaches 45% at 10 am. Next, the conservation rate

decreased very significantly to reach around 15% at 11 am. From 11:01 am, the same ratio will
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Figure 4.4: The average user satisfaction

Table 4.2: Saving rate of average user satisfaction in the case of using public bus only

Passenger
Number

Public bus
and Car ride-
sharing (%)

Public bus
Only(%)

Saving Rate
(%)

[1-1500] 95 60 36.8
[1501-7000] 85 45 47.06
[7001-10000] 80 30 62.5

continue to rise to 60% at 4 pm before the rate begins to decline significantly after 6 pm to 0 at

11 pm.

From Table 4.4, we find that the savings rate between 6:00 am and 11:00 am is 24.6% when

using the public bus or car ride-sharing. This ratio increases until 3:00 pm, at which time the

savings rate is 50% for riding the car ride-sharing or the public bus. However, it is equal to 0 at

11:59 pm.

Table 4.3: Saving rate of average user satisfaction in the case of using a car ride-sharing

only

Passenger
Number

Public bus
and Car ride-
sharing (%)

Car ride-
sharing
Only(%)

Saving Rate
(%)

[1-1500] 95 30 68.42
[1501-7000] 85 25 70.6
[7001-10000] 80 20 75
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Figure 4.5: The average transportation stress level.

Conclusion

It can be seen from Figure 4.5 that during rush hours, the ratio of the stress level ascends,

illustrating the rate of high stress when using any transport mode between 7 and 10 am and

then between 3 and 6 pm. In addition, we noticed that the stress level is lower when using two

transportation modes together compared to the stress level when using only one transportation

mode. By providing this feature, DMT not only reduces the time and fare for the user to arrive at

its destination, but also helps to encourage commuters to use car ride-sharing, reduce the amount

of manufacturing, and put pressure on governments to reduce the cost of running a vast number

of buses. Thus, this can ultimately minimize the environmental damage caused by the use of a

huge number of public buses with their correlated GHG emissions and reduce the government’s

transportation budget.

Note: The error bars in the plots are exceptionally small, reflecting minimal variability within

the data and a high degree of precision in the results. This indicates that the measured values

are closely grouped around the average, resulting in a narrow confidence interval. Consequently,

the error bars may not be visually prominent in the graphs. Given their negligible impact on

the visualization, they were not included in the thesis plots, underscoring the consistency and

reliability of the findings.
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Table 4.4: Saving rate of average stress level in the case of using a public bus or car ride

sharing

Day Time
Public Bus
and Car ride-
sharing (%)

Car ride-
sharing or
Public Bus(%)

Saving Rate
(%)

[6:00 AM-11:00
AM]

49 65 24.6

[11:01 AM-3:00
PM]

30 60 50

[3:01 PM-11:59
PM]

10 10 0

4.4.3 Comparison Between DMT and a Multi-load Model

To prove the effectiveness of our proposal, we compare our DMT performance with the heuristic

multi-load model, which is presented in [140].

4.4.3.1 A multi-load System Overview

The authors in [140] developed a new mechanism to deal with the multi-load school bus routing

problem. This mechanism is the advanced version of the mixed load model. The mixed loading

theory solves the bus routing problem in which students from different schools use the same

bus at the same time. On the other hand, the multi-load model allows students from different

schools and in different periods (morning, afternoon, evening, and full-time) to ride the same bus,

regardless of whether the students are being taken to school or brought back home.

The main objective in [140] is to build a model with a reduced daily cost of routing in the

city. According to statistical data from the Brazilian government, the charge is approximately 36

million U.S. dollars annually when using a mixed-load model and 34 million U.S. dollars annually

when using a multi-load model. Four heuristics, each created using a different Iterated Local

Search, have been developed to determine which mechanism will yield the best result. The first

heuristic (H1) is called classic ILS with a normal local search.

On the other hand, the second heuristic (H2) adds a new local search called SmallVRPTW

to the set of neighbourhood structures. In the third heuristic (H3), the authors used an elite set

with a diversification strategy to avoid the local optima problem. Finally, the fourth heuristic
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(H4) contains more smart criteria to decide the following: 1) which solution to use in the VND

loop, 2) which solution to remove from the elite set, and 3) when to add a solution to the elite

set.

For perturbation, 1) Classic Perturbation is used in H1, and 2) Trip Perturbation is used in

H1, H2, H3, and H4.

A simulation was implemented to evaluate and compare these four heuristics, using real data

from school bus routing in Esṕırito Santo, Brazil, within 12 hours, regardless of whether students

were going to school or returning home. Based on the results, the authors conclude that H4 is

superior to the other three heuristics in terms of the least cost and the shortest travel time for

transporting passengers since it saves approximately two US $2 million.

4.4.3.2 Main Differences Between DMT and A multi-load Model

Although the work in [140] and our work in this paper both focus on finding a more cost-effective

and less time-consuming model for travellers within cities, there are fundamental differences

between them. First of all, H4 is based only on the school bus, while DMT is based on the bus

and car ride-sharing, thereby providing passengers with more options to reach their destinations.

Secondly, H4 deals with constant data for bus movement and student mobility. It is different from

the DMT model, which depends on the dynamic information about the presence of public buses

and car ride-sharing. As mentioned earlier, the passenger receives instantaneous data about the

movement and place of the vehicle during the trip. Thirdly, the output of H4 is calculated based

on the average values of time and cost for the bus trip within 12 hours. At the same time, the

DMT relies on the model’s dynamic information within 24 hours to calculate the satisfaction of

each passenger immediately after the trip ends. Figures 4.6 and 4.7 show the inputs and outputs

of the multi-load model and the DMT, respectively.

In this section, we re-run the multi-loading algorithm in [140] using MATLAB from 6 a.m.

to 11:00 p.m. and compare the results with those obtained from our work (DMT).

1. Average user satisfaction

In multi-loading, user satisfaction is the number of students who arrived at their destinations

without delay divided by the total number of students.
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Figures 4.8 and 4.9 compare the average user satisfaction for the DMT and a multi-loading

algorithm for 40,000 and 100,000 passengers, respectively. We define user satisfaction as the

number of passengers since the trip’s start divided by users who responded positively. From

Figure 4.8, we notice that the satisfaction rate of passengers using DMT or a multi-loading model

decreases with increasing passenger density. The average user satisfaction when using DMT is

higher than the average user satisfaction when using a multi-loading system. It can be seen from

Table 4.5 that the average user satisfaction when using DMT is higher than the average user

satisfaction when using multi-loading. Similarly, the average satisfaction level does not change

significantly as the number of passengers increases compared to that of the multi-load.

2. The stress level of passengers

At the same time, the stress level is the number of school buses used by the students divided by

the total number of buses in the simulation.

Figure 4.10 compares the stress level of passengers when using DMT and the multi-loading

algorithm. For DMT and multi-load models, the proportion increased significantly in the morning

period from 6 am to 9 am, reaching approximately 50%. For DMT, the stress level decreases

students data

school bus data

trip cost

trip time

Multi-load
algorithm

[period 12 hours]

Figure 4.6: The inputs and the outputs of the multiload

Table 4.5: Average user satisfaction savings rate in the case of using the DMT or the

multi-load model

Passenger
Number
Interval

DMT (%)
Multi-load
Model(%)

Saving Rate
(%)

[1-40000] 72 59 18.06
[40001-60000] 70 45 35.71
[60001-100000] 65 20 69.23
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Figure 4.7: The inputs and the outputs of the DMT model

 

DMT 

Figure 4.8: Average user satisfaction for the DTM and the multi-load model when the

number of users is 40,000

and increases during the day until 5 pm. At 5 pm, the stress level was 45%, after which the

percentage decreased until it reached 10% at 11:00 pm. In contrast, for the multi-loading model,

the level increases smoothly and does not change significantly throughout the day.

From Table 4.6, we find that the savings rate of the average stress level between 6:00 am

and 9:00 am is approximately 9.09% when using a multi-loading system. This ratio increases

when the time reaches 3:00 pm. At 3:00 p.m., the savings rate is around 28.57%. However, the

maximum saving rate was reached at 11:59 pm, with 84.61%.

We can conclude that DMT provides superior performance than the multi-loading algorithm

96



 

DMT 

Figure 4.9: Average user satisfaction for the DMT and the multi-load model when the

number of users is 100,000

because it is based on measuring the satisfaction of individual passengers. Unlike the work of

[140], DMT can dynamically and instantly update information about public buses, ride-sharing,

and passengers.

Table 4.6: Average stress level saving rate in the case of using the DMT or the multi-load

model

Day Time DMT (%)
Multi-load
Model(%)

Saving Rate
(%)

[6:00 AM-9:00
AM]

50 55 9.09

[9:01 AM-3:00
PM]

30 62 51.61

[3:01 PM-5:00
PM]

45 63 28.57

[5:01 PM-12:00
PM]

10 65 84.61
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Figure 4.10: Average stress level for the DMT and the multi-load model when the number

of users is 24,000
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Chapter 5 Game Theory Multi

Mode Transport (GT-MMT)

Optimization Model

5.1 Model Overview

The Game Theory Multi-Mode Transportation (GT-MMT) model is a sophisticated and centralized

approach to optimizing urban transportation systems by integrating multiple modes of transportation,

including buses, ride-sharing services, and bicycles. The core idea behind GT-MMT is to utilize

game theory principles, particularly Stackelberg game theory, to model and optimize the interactions

between different transportation modes and passengers. This model aims to enhance the overall

efficiency of the transportation network, minimize travel time and costs for passengers, and

increase the utilization of various transportation modes.

In the GT-MMT model, passengers are considered leaders who make decisions based on

their preferences, minimizing travel time and costs. The transportation modes (buses, ride-

sharing, and bicycles) act as followers, adjusting their operations (routing and scheduling) in

response to the passengers’ decisions. This hierarchical decision-making structure, characteristic

of Stackelberg game theory, ensures that the strategies of the transportation modes are aligned

with the passengers’ preferences, leading to a more efficient and user-centric transportation

system.

The centralized control unit in the GT-MMT scheme plays a crucial role in coordinating

the operations of different transportation modes. This central unit collects real-time data from

various sources, processes this information, and uses it to make informed decisions about routing,

scheduling, and resource allocation. By centralizing these operations, the GT-MMT model can

effectively manage the entire transportation network, ensuring that all modes work together

harmoniously.

To achieve these goals, the GT-MMT model employs advanced optimization algorithms,

including Genetic Algorithms (GA) and Particle Swarm Optimization (PSO), in conjunction
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with Stackelberg game theory. Genetic Algorithms are used to explore a wide range of potential

solutions, while Particle Swarm Optimization excels in fine-tuning these solutions in real time.

The integration of Stackelberg game theory ensures that the optimization process accounts for

the hierarchical relationship between passengers and transportation modes, optimizing the system

based on these interactions.

The integration of bicycles into the multi-mode model adds another layer of complexity and

flexibility, allowing for a more diverse and resilient transportation network. The GT-MMT model

also leverages real-time data and advanced simulation tools to continuously monitor and adjust

the transportation system, ensuring that it remains efficient and responsive to the needs of the

passengers.

In summary, the GT-MMT model represents a comprehensive and innovative approach to

urban transportation optimization. It utilizes Stackelberg game theory and advanced optimization

algorithms within a centralized framework to create a more efficient, cost-effective, and user-

friendly transportation system. The following sections will delve into the details of the GT-MMT

model, including its objectives, constraints, variable notations, and the specific roles of GA, PSO,

and Stackelberg game theory in achieving its goals.

5.2 Main components of the GT-MMT

The main components of the GT-MMT model include the following:

First: Transportation Modes

Fig 5.1 shows the main transportation modes of the GT-MMT, car ride-sharing, public buses,

bicycles, and passengers.

Second: Central Control Unit (CCU)

The Central Control Unit (CCU) is a pivotal component of the GT-MMT model, ensuring efficient

management and optimization of the multi-modal transportation system. It consists of two

primary functions: Central Processing and Data Aggregation.
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Figure 5.1: GT-MMT model overview

1. Central Processing

Central Processing is the core component responsible for:

• Data Processing: It handles the extensive data simulated through various tools, ensuring

it is processed efficiently and accurately. This involves:

– Data Cleaning: Removing any errors or inconsistencies in the data.

– Data Transformation: Converting data into a usable format for analysis.

– Data Analysis: Applying statistical and computational methods to extract meaningful

insights from the data.

• Decision-Making: Based on the processed data, the Central Processing unit makes

critical decisions regarding:

– Route Optimization: Determining the most efficient routes for different transportation

modes (buses, ride-sharing vehicles, bicycles).
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– Scheduling: Coordinating the schedules of various transportation modes to minimize

waiting times and ensure timely transfers.

– Resource Allocation: Distributing resources such as vehicles and drivers optimally

to meet passenger demand.

• Coordination: It ensures seamless interaction and coordination between different components

of the transportation system, such as:

– Communication with Vehicles: Sending updated routes, schedules, and other

instructions to vehicles.

– Passenger Information: Providing passengers real-time travel plan updates.

– Emergency Management: Responding to emergencies and unexpected situations

promptly to minimize disruptions.

2. Data Aggregation Processing

Data Aggregation involves collecting and consolidating data from multiple sources to provide a

comprehensive view of the transportation system. Given that we do not have an existing dataset,

we use simulation tools to simulate real scenarios. This includes:

• Data Collection: Gathering data from various simulated sources such as:

– Vehicles: Information on vehicle locations, speeds, available seats, and status (idle,

moving, waiting).

– Passengers: Data on passenger demands, trip requests, and preferences.

– Sensors: Traffic conditions, environmental factors, and other relevant metrics collected

from simulated roadside sensors, GPS devices, and other IoT devices.

• Data Aggregation: Combining and organizing the collected data into a unified format,

which involves:

– Integration: Merging data from disparate sources to create a single, cohesive dataset.

– Storage: Storing the aggregated data in cloud storage for easy access and retrieval.
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– Real-Time Updates: Continuously updating the data to reflect real-time conditions

and changes in the transportation system.

• Data Utilization: Leveraging the aggregated data for various purposes, such as:

– Monitoring: Keeping track of system performance, traffic conditions, and passenger

demands.

– Optimization: Using the data to optimize routes, schedules, and resource allocation.

– Prediction: Analyzing historical and real-time data to predict future trends and

demands, allowing for proactive management and decision-making.

3. Optimization Algorithms

• Genetic Algorithms (GA): Used for exploring a wide search space to find near-optimal

solutions for routing, scheduling, and resource allocation.

• Particle Swarm Optimization (PSO): Excels in fine-tuning solutions in real-time,

adapting to dynamic conditions.

• Stackelberg Game Theory: Models the hierarchical interaction between passengers

(leaders) and transportation modes (followers), optimizing strategies based on these interactions.

Third: Data Collection and Sensing Infrastructure

The data collection and sensing infrastructure is crucial for gathering real-time information on

various aspects of the transportation system. Given that we do not have an existing dataset,

we use simulation tools to simulate real scenarios and to simulate the GPS, sensors, and mobile

applications. This infrastructure includes:

• Sensors: These are deployed throughout the transportation network to monitor and collect

data on traffic conditions, vehicle speeds, and environmental factors. Sensors can be placed

at strategic locations such as intersections, bus stops, and along major routes.

• GPS Devices: Installed in vehicles, GPS devices provide real-time location data, enabling

accurate tracking of vehicle movements. GPS data helps in determining the exact position
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of buses, ride-sharing vehicles, and bicycles, which is essential for route optimization and

scheduling.

• Mobile application: Mobile applications play a significant role in the data collection and

user interaction process. Simulation mobile applications provide a platform for passengers

to input their travel requests and receive real-time updates.

The collected data from sensors and GPS devices is used to monitor traffic flow, identify

congestion points, and adjust routes dynamically to ensure efficient transportation. Real-time

data enables the system to respond promptly to changing conditions, such as traffic jams or

accidents, thereby minimizing delays and improving overall service reliability.

The key features of mobile applications include:

• Travel Requests: Passengers can enter their travel details, such as source and destination

points, preferred departure times, and any specific mode preferences (e.g., ride-sharing, bus,

bicycle).

• Real-Time Updates: The application provides passengers with real-time information on

the status of their travel requests, including estimated arrival times of vehicles, current

traffic conditions, and any delays or changes in schedules.

• Notifications: Passengers receive notifications about their trip status, such as vehicle

arrival alerts, route changes, and any disruptions in service. This ensures that passengers

are well-informed and can make timely decisions about their travel plans.

The integration of mobile applications with the transportation system enhances passenger

experience by providing seamless access to transportation services, improving convenience, and

ensuring timely and efficient travel. The data collected from mobile applications also feeds into

the central system, helping to refine demand predictions and optimize resource allocation.
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Fourth: Communications Infrastructure

1. Vehicle-to-Vehicle (V2V) Communications

Vehicle-to-vehicle (V2V) communication is a crucial component of the communication infrastructure

in modern transportation systems. It enables direct vehicle communication, allowing them to

share information and coordinate actions without relying on intermediary systems. Here are the

key details and benefits of V2V communication:

• Information Sharing: V2V communication allows vehicles to share important information

such as their current speed, direction, location, and braking status. This real-time exchange

of data helps vehicles anticipate each other’s movements and make informed decisions to

enhance safety and efficiency.

• Collision Avoidance: One of the primary benefits of V2V communication is the ability

to prevent accidents. By continuously sharing their position and speed data, vehicles can

detect potential collisions and take proactive measures to avoid them. For example, if a

vehicle suddenly brakes, it can immediately notify nearby vehicles to slow down or stop.

• Platooning: V2V communication enables the formation of vehicle platoons, where multiple

vehicles travel closely together at high speeds with synchronized movements. This reduces

air resistance and improves fuel efficiency. Vehicles within a platoon can communicate with

each other to maintain near-optimal distances and speeds, enhancing overall traffic flow.

• Cooperative Maneuvering: Vehicles can coordinate complex manoeuvres such as lane

changes, merging, and overtaking through V2V communication. This coordination improves

traffic flow and reduces the likelihood of congestion or accidents caused by abrupt or

unexpected movements.

• Traffic Management: V2V communication contributes to better traffic management

by enabling vehicles to share information about traffic conditions, road hazards, and

construction zones. This information helps drivers and automated systems make informed

route choices, reducing travel time and congestion.
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2. Vehicle-to-Infrastructure (V2I) Communications

Vehicle-to-infrastructure (V2I) communication facilitates communication between vehicles and

the central control unit or other infrastructure components, such as traffic lights, road signs, and

traffic management systems. V2I communication plays a vital role in optimizing transportation

systems. Here are the key details and benefits of V2I communication:

• Traffic Signal Coordination: V2I communication allows vehicles to interact with traffic

signals, enabling adaptive signal control based on real-time traffic conditions. Traffic signals

can adjust their timings to optimize traffic flow, reduce waiting times, and minimize fuel

consumption and emissions.

• Dynamic Route Guidance: Vehicles can receive real-time route guidance from the

central control unit based on current traffic conditions, road closures, and incidents. This

dynamic route guidance helps drivers avoid congested areas and find the fastest routes to

their destinations.

• Parking Management: V2I communication can assist in efficient parking management

by guiding vehicles to available parking spaces. Parking infrastructure can communicate

occupancy status to vehicles, reducing the time spent searching for parking and alleviating

congestion in parking areas.

• Emergency Vehicle Priority: V2I communication allows emergency vehicles to communicate

with traffic signals and request priority passage. Traffic signals can adjust their timings to

create a clear path for emergency vehicles, reducing response times and improving public

safety.

• Infrastructure Monitoring: V2I communication enables continuous monitoring of infrastructure

components such as bridges, tunnels, and roadways. Sensors embedded in the infrastructure

can detect structural issues, wear and tear, and environmental conditions. Vehicles can

communicate with these sensors to receive alerts and warnings about potential hazards.

• Data Collection and Analysis: V2I communication facilitates the collection of valuable

data from vehicles, which can be used for traffic analysis, infrastructure planning, and
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policy-making. The central control unit can analyze this data to identify traffic patterns,

optimize transportation strategies, and improve overall system performance.

By implementing robust V2V and V2I communication systems, the transportation network

can achieve higher levels of safety, efficiency, and reliability. These communication technologies

enable real-time information exchange, proactive decision-making, and coordinated actions, ultimately

enhancing the overall performance of the transportation system and improving the travel experience

for passengers.

5.3 Objectives function and Problem Formulation

The GT-MMT model is designed to optimize the transportation network by incorporating a

hierarchical decision-making process using the Stackelberg game theory. In this model, passengers

act as leaders, and transportation modes (ride-sharing, buses, bicycles) act as followers. The

primary objectives of the model are to minimize travel time and cost, maximize the number of

passengers in ride-sharing and buses, and ensure bike availability.

Note: in the GT-MMT scheme, we can use the objective function term or the utility function

instead of each other to represent the main goals of the entire model or the main goal for each

player in the model. The total fitness function, based on the objective function, for the GT-MMT

model, equals the utility function of the passenger (Upi) and the utility function of each mode

(ride-sharing(Ucj ), bus (Ubk), and bike-sharing (Ubkn)).

To calculate the objectives for each player in a Stackelberg-genetic model involving riders,

ride-sharing, we need to define the mathematical formulations for the utility functions of both the

leaders (riders) and the followers (ride-sharing). These calculations involve a series of mathematical

expressions that consider various factors like travel time, distance, cost, capacity, and number of

passengers.

Fitness(A) = αpi · Upi(Api) + βpi · Ucj (Acj ) + Ubk(Abk) + Ubkn(Abkn) (5.1)

where Fitness(A) is the total fitness for all the players in the models and A is the set of the

strategies of the players.
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For the passenger, the utility function is to minimize the total trip time (TTpi) and the total

trip fare (TFpi) ( 5.2).

Upi(Api) = min

Nump∑
pi=1

(αpiTTpi + βpiTPpi) (5.2)

where αpi and βpi are the weighting factors for travel time and cost for passenger pi, respectively.

The trip time and fare equation in section core chapter...

For ride-sharing, the objective function is maximizing the vacant seats on it, as we can see in

equation ( 5.3).

Ucj (Acj ) = max(1− Nump
cj
ex

Cac
) (5.3)

where Nump
cj
ex is the number of passengers in the car in route ex, and Cac is the maximum

capacity of the car.

Buses aim to maximize the number of passengers while following a fixed route with predefined

stops. We can represent maximizing the vacant seats in the public bus as equation ( 5.4)

Ubk(Abk) = max(1−
Numpbkex

Cab
) (5.4)

where Numpbkex is the number of passengers in the bus bk, and Cab is the maximum capacity of

the bus.

For the bicycle, the primary goal is to maximize the usage rate of bicycles across the network,

ensuring efficient utilization and high availability. This objective ( 5.7) can be formulated as

follows:

Ubkn(Abkn) = max

(∑nbk
n=1Numbkuse(Il)∑nbk
n=1Numbkav(Il)

)
(5.5)

where Ubkn is the utility function for the usage rate of bicycles, Numbkuse(Il) denotes the

number of bicycles in use at location Il, Numbkav(Il) represents the total number of bicycles

available at location Il, and nbk is the number of locations or docking stations.
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So, the equation 5.6 becomes:

Fitness(A) = min

Nump∑
pi=1

(αpiTTpi + βpiTPpi) + max(1− Nump
cj
ex

Cac
) + max(1−

Numpbkex
Cab

)+

max

(∑nbk
n=1Numbkuse(Il)∑nbk
n=1Numbkav(Il)

)
(5.6)

The constraints in the GT-MMT model ensure the feasibility and efficiency of the transportation

system. Some key constraints include balancing vehicle departures and arrivals, matching rider

requests with suitable transportation options, and adhering to maximum travel times and time

windows. For instance, the constraint to ensure that the total distance of a passenger’s trip is

within the maximum allowable distance can be written as:

n∑
i=1

Dsi,si+1 ≤MDm
pi (5.7)

where Dsi,si+1 is the distance between stops si and si+1, and MDm
pi is the maximum allowable

distance for the passenger.

In the core chapter, the full objective functions, constraints, and variables are elaborated

in detail. These include mathematical formulations for the Stackelberg game model, the fitness

evaluation in Genetic Algorithms (GA) and Particle Swarm Optimization (PSO), and the iterative

process for real-time dynamic adjustments. The variables encompass the set of transportation

modes (M), set of passengers (P ), source points (Spi
1 ), destination points (Dpi

np), travel times

(TTpi), costs (TFpi), and other relevant parameters required for optimizing the transportation

network. The comprehensive explanation provides a thorough understanding of how the GT-

MMT model integrates these elements to achieve its optimization goals.

The following algorithms show the operation of implementing the GT-MMT model in many

steps. The final goal of the model can be implemented by evaluating these algorithms with all

math equations, objective functions, and constraints related to the GT-MMT. For a comprehensive

understanding of the full notations, objectives, and constraints associated with the GT-MMT

model, please refer to subsections 3.2.1, 3.2.2, 3.4.1, 3.4.2, 3.4.3, and 3.4.4. These subsections

provide detailed explanations of the parameters, mathematical formulations, and constraints that

guide the optimization processes within the GT-MMT framework. The main inputs and outputs
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parameters in the GT-MMT model we can see in the Figure 5.2.

To make the problem easier to solve, we assume several relevant hypotheses. First, we did not

consider the person’s walking time between the stations on his or her trip. Second, the stations

for the different vehicles are located in the same position. Third, while the passenger’s origin is

the first station of the journey, the last station is the destination. Finally, security and trust are

assumed in this model.

By aligning the strategies of different transportation modes under a unified Stackelberg

leadership framework, the GT-MMT facilitates a more coordinated and efficient urban mobility

system. This thesis explores these alignments and the corresponding mathematical formulations

that enable such strategic optimizations within these complex transportation networks.

5.4 GT-MMT Optimization Algorithm

5.4.1 Overview and Main Components of the Algorithm

In this thesis, we use the Stackelberg equilibrium game theory model to apply the competition

play between the players [180]. The Stackelberg game theory, PSO, and GA provide a hierarchical

structure for the GT-MMT model, which is a centralized model that uses them to satisfy the

Figure 5.2: The main inputs and outputs parameters in the GT-MMT model
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optimization. For a comprehensive understanding of the basic components and definitions of GA,

PSO, and Stackelberg used in the GT-MMT scheme, please refer to section 3.5. But if you want to

read the basic elements for each algorithm, please read subsection 3.5.2 for the GA, subsection

3.5.3 for the PSO, and subsection 3.5.4 for the Stackelberg game theory. These subsections

provide summary explanations of these algorithms that guide the optimization processes within

the GT-MMT framework. The central unit coordinates and optimizes the interactions between

different transportation modes. The central unit collects data from all transportation modes

and passengers, processes this data, and sends optimized instructions back to the transportation

modes. This ensures a coordinated and efficient system-wide operation. For a comprehensive

understanding of the full notations, objectives, and constraints associated with the GT-MMT

model, please refer to subsections 3.2.1, 3.2.2, 3.4.1, 3.4.2, 3.4.3, and 3.4.4. These subsections

provide detailed explanations of the parameters, mathematical formulations, and constraints that

guide the optimization processes within the GT-MMT framework.

The following are outlines of the operation for each component in the algorithm. Stackelberg’s

game theory involves a leader-follower structure where passengers act as leaders by making

decisions about their preferred travel routes and modes based on their optimization criteria,

minimizing travel time and cost. The various transportation modes, including ride-sharing, buses,

and bicycles, act as followers. These modes adjust their operational strategies, such as routing

and scheduling, in response to the passengers’ choices. The particle swarm optimization (PSO)

and genetic algorithms (GA) process begins with the initialization phase, where GA generates

an initial population of possible routing, scheduling, and resource allocation solutions. GA then

evaluates these solutions based on fitness criteria, such as travel time and cost, and combines the

near-optimal solutions to create new generations through selection and crossover. GA introduces

random changes through mutation to explore new areas of the solution space. Finally, PSO is

used to refine these solutions in real time, quickly adapting to changing conditions and further

optimizing the strategies.

In the following subsection, we discuss the game model used in the GT-MMT by illustrating

the steps of the optimization algorithm used to calculate the utility function (objective functions)

for all players.
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5.4.2 Details Operation of the Algorithm

In this subsection, we will present the main algorithm and sub-algorithms for the GT-MMT

model. Each algorithm will be explained in detail, including the steps, mathematical notations,

and equations involved. These algorithms encompass the genetic algorithm (GA) for initial

strategy generation, particle swarm optimization (PSO) for real-time dynamic adjustments, and

Stackelberg game theory for hierarchical decision-making. The integration of these techniques

ensures that the GT-MMT model achieves near-optimal performance in managing multi-mode

transpor- tation systems. The GT-MMT model consists of a main algorithm, the ”GT-MMT

Optimization Algorithm” 2, which outlines the overall optimization process and several sub-

algorithms, each dedicated to specific steps within the main algorithm. These include ”Initial

Strategy Generation with Genetic Algorithms (GA)” 3, ”Real-Time Dynamic Adjustments with

PSO and Stacklberg” 4.

Step 1: Problem Definition and Initialization

Define Problem Space: The main inputs are needed for the GT-MMT algorithm in table

5.1. These inputs include the passenger data, the transportation modes data, network and traffic

information, optimization parameters, objective functions, and their main constraints. For a

comprehensive understanding of the full inputs, notations, objectives, and constraints associated

with the GT-MMT model, please refer to subsections 3.2.1, 3.2.2, 3.4.1, 3.4.2, 3.4.3, and 3.4.4.

These subsections provide detailed explanations of the parameters, mathematical formulations,

and constraints that guide the optimization processes within the GT-MMT framework. To read

more about this thesis’s topology and map, read section 3.3.

The variables in the problem space include the set of transportation modes V (e.g., ride-

sharing, bus, bicycle), the set of passengers P , source points for each passenger Sp, destination

points for each passenger Dp, travel time T , and cost C. The objective functions are formulated

to minimize travel time T and cost C, to increase the number of passengers in ride-sharing and

buses, and to ensure bike availability. To read the full objectives function, see section 5.3.

Data Collection: In our work, we simulate the real-world scenario using various simulation

tools and programs. This involves gathering simulated real-time data on traffic conditions,
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passenger preferences, and the operational status of various transportation modes. By leveraging

these tools, we create a comprehensive and dynamic dataset that mimics the complexities and

variations of actual transportation systems.

Table 5.1: Inputs parameters for the GT-MMT algorithm

Passenger Information (P )

Numbp Number of passengers needing transport

Ppref Preferences regarding cost, time, and mode of transport

Transportation Modes (M)

M
Details of available transportation modes (buses, ride-

sharing, bike-sharing)

Cam Capacity of each transportation mode

MFm Pricing model for each transportation mode

MTm Threshold travel time for each mode of transportation

Network and Traffic Information (PVeins)

Network Topology
Map of the transportation network, including routes and

connectivity

Service Schedules Timetables for public transportation modes

Optimization Parameters (POSM)

PSga Number of the chromosomes in the population for the GA

NPpso Number of Particles for PSO

I The number of iterations the algorithm will run

POo Initial population for the GA

Weight Factors (α, β, γ) Weight factors for the objective function

Objective Functions

Leader’s Objective

Function

Objective function for the passenger (minimize trip time,

cost, maximize comfort)

Followers’ Objective

Functions

Objective functions for transportation modes (maximize

utilization, minimize operational cost, maximize profit)

Constraints
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Operational

Constraints

Constraints related to the operational aspects of each

transportation mode and passenger

Algorithm 2 GT-MMT Optimization Algorithm

Input: Number of chromosome (PSga), number of particles(NPpso), number of iterations
I, weight factors α, β, γ (for the full inputs,read 3.2.1, 3.2.2, 3.4.1, 3.4.2, 3.4.3,
and 3.4.4

Output: the near-optimal combination of modes for the passengers and the near-optimal
strategies

13 for alg = 1 to I do

14 Step 1: Problem Definition and Initialization
Define the problem space, variables, and objective functions. Gather simulated real-
time data on traffic conditions, passenger preferences, and operational status of various
transportation modes.

15 Step 2: Initial Strategy Generation with Genetic Algorithms (GA)
Generate initial population for GA, evaluate initial population, and perform selection,
crossover, and mutation. This includes creating random initial strategies for routing,
scheduling, and pricing for all transportation modes. (Refer to Algorithm 3)

16 Step 3: Real-Time Dynamic Adjustments with Particle Swarm Optimization
(PSO)
Initialize PSO, evaluate fitness dynamically based on real-time data, update personal
best and global best, update velocity and position, adjust routes, schedules, and
strategies, and iterate until convergence criteria are met. Then, integrate the outputs
into the Stackelberg game theory model.(Refer to Algorithm 4)

17 if |Fitnesscurrent − Fitnessprevious| < ϵ then
18 Exit loop

19 return the near-optimal combination of modes for each passenger and the near-optimal
strategies

Step 2: Initial Strategy Generation with Genetic Algorithms (GA)

Process: Create initial strategies or the population (PO) for the passenger and for each transportation

mode (ride-sharing, bus, bicycle). These strategies (A) are encoded as chromosomes, representing

the potential solutions for the optimization problem. This involves evaluating the fitness of each

strategy, selecting the best-performing ones, and applying crossover and mutation to create new

strategies. The fitness function combines multiple objectives: minimizing travel time and fare for

the passenger trip, increasing the number of passengers in ride-sharing and buses, and increasing
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Algorithm 3 Initial Strategy Generation with Genetic Algorithms (GAs)

Input: Initial population PO0

Output: New population POnew (Optimized initial strategies)

20 Generate Initial Population: Create a diverse set of initial strategies for routing,
scheduling, and pricing for all transportation modes. Each strategy is represented as
a chromosome in the genetic algorithm.

21 for g = 1 to Gt do

22 Evaluate Initial Population: Evaluate the fitness of each strategy based on
predefined performance metrics.

23

Fitness(CH) = Upi + Ucj + Ubk + Ubkn (5.8)

24 Selection, Crossover, and Mutation:

• Selection: Select the best-performing strategies using a roulette wheel selection
method.

Pselected = Select(P0,Fitness(CH))

• Crossover: Perform crossover to generate new offspring by combining parts of two
parent solutions.

Offspring = Crossover(POselected)

• Mutation: Apply mutations to the offspring to introduce variations.

Mutated Offspring = Mutation(Offspring)

• Replacement: Replace less fit individuals in the population with new offspring.

POnew = Replace(PO0,Mutated Offspring)

if |Fitness(CH)
(g)
best−Fitness(CH)

(g−1)
best | < ϵ for a predefined number of iterations then

Exit loop

25 Integrate outputs from GA into the PSO initialization.
return New population POnew (optimized initial strategies).
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the usability of the bike. The process of this step can be divided into five operations, as follows:

1. Create initial strategies (population)

The population is represented by multiple chromosomes. A chromosome (CH) is a vector that

encodes a sequence of passenger, ride-sharing, bus, and bike-sharing strategies in one combined

structure. Randomly assign passengers to chromosomes while ensuring diversity:

Passenger Groupi = {p1, p2, . . . , pn} for i = 1, 2, . . . , C

where n is the number of passengers assigned to each chromosome.

Here’s how to represent a population of size n:

PO =



CH1

CH2

...

CHn


(5.9)

Where each CHi is a chromosome representing the initial strategies for all players in the

GT-MMT model. To read the details of the parameters and structure fare trip, see the section

3.4.1.

The combined chromosome for the GA in the GT-MMT model is a concatenation of these

vectors:

CH =

[
CHpassenger,CHride-sharing,CHbus,CHbike

]
(5.10)

The passenger’s strategy in the GT-MMT model can be represented as a vector chromosome:

CHpassenger =

[
Mpassenger Rpassenger Tdep Fpassenger Mtransfer Upassenger

]
(5.11)

The component Mpassenger represents the mode of transportation selected by the passenger,
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such as a bus, ride-sharing, or bike-sharing. The Rpassenger component denotes the route chosen by

the passenger for the journey. The departure time, indicated by Tdep, specifies when the passenger

starts the journey. The Ppassenger component refers to the pricing strategy or cost consideration

for the trip. The Mtransfer component represents the strategy for transferring between modes

during the journey. Finally, the Upassenger component reflects the comfort and utility preferences

of the passenger, which influence their satisfaction with the trip.

The bus’s strategy in the GT-MMT model can be represented as a vector chromosome:

CHbus =

[
Rbus Schtbus Cabus Fbus

]
(5.12)

The component Rbus represents the route selection strategy for the bus. The scheduling

strategy, denoted by Schtbus, determines the departure and arrival times as well as the service

frequency. The capacity management strategy, indicated by Cabus, is focused on optimizing the

use of the bus’s seating and standing capacity. The pricing strategy, Fbus, involves setting the

fare structure for bus services.

The ride-sharing strategy in the GT-MMT model can be represented as a vector chromosome:

CHride-sharing =

[
Rride-sharing Sride-sharing Cride-sharing Pride-sharing

]
(5.13)

The component Rride-sharing represents the route selection strategy for the ride-sharing vehicle.

The pickup and drop-off scheduling strategy, denoted by Sride-sharing, determines the timing and

sequence of passenger pickups and drop-offs. The capacity management strategy, indicated by

Cride-sharing, optimizes the utilization of the ride-sharing vehicle’s seating capacity. Lastly, the

pricing strategy, Pride-sharing, involves setting the fare structure for ride-sharing services.

The bike-sharing strategy in the GT-MMT model can be represented as a vector chromosome:

CHbike-sharing =

[
Sbike-sharing Abike-sharing Mbike-sharing Pbike-sharing

]
(5.14)

The component Sbike-sharing represents the station placement and distribution strategy for the

bike-sharing system. The bike availability management strategy, denoted by Abike-sharing, ensures

that bikes are available where and when needed. The maintenance and re-balancing strategy,
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indicated by Mbike-sharing, keeps bikes in good condition and properly distributed. Finally, the

pricing strategy, Pbike-sharing, involves setting the fare structure for bike-sharing services.

2. Evaluate Initial Population

Fitness Evaluation: Fitness is calculated for each chromosome, generally combining the utilities

for passengers and transportation modes. So the equation 5.15 can be written as:

Fitness(CH) = Upi(CHpi) + Ucj (CHcj ) + Ubk(CHbk) + Ubkn(CHbkn) (5.15)

where Fitness(CH) is the total fitness for all the players in the models, and CH is the set of

chromosomes. The fitness function, which is based on the objective function, evaluates each

chromosome based on the collective performance metrics, including total trip time, total fare,

and capacity utilization. The goal is to find solutions that optimize these metrics for the entire

group of passengers.

Fitness(CHi) = α ·

 1

|Pi|

|Pi|∑
j=1

TTpi

+ β ·

 1

|Pi|

|Pi|∑
j=1

TFpi

+ γ ·

(
1

M

M∑
k=1

(1− Nump
cj
ex

Cac
)+

)
+

(
1

M

M∑
k=1

(1−
Numpbkex

Cab
)+

)
+

(∑nbk
n=1Numbkuse(Il)∑nbk
n=1Numbkav(Il)

)
(5.16)

Where α, β, γ are weight factors that balance the importance of travel time, fare, and capacity

utilization.

The parameter αp is the weight factor for travel time for passenger p. The parameter βp is

the weight factor for cost for passenger p. The parameters γc, γb, and γbk are the weight factors

for the number of passengers for the ride-sharing, bus, and bicycle, respectively. Additionally,

Numberc, Numberb, and Numberbk represent the number of ride-sharing, buses, and bicycles,

respectively.

The total trip time and total fare for the group of passengers represented by a chromosome

in the GT-MMT model are calculated by aggregating the individual travel times and fares for

each passenger. Each passenger has their own origin and destination, so the calculations take

into account these individual routes.
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Calculate the travel time for each passenger based on their origin and destination, then sum

these travel times to get the total trip time for the group. For a chromosome CHi representing

a group of passengers, the total trip time is the sum of the individual travel times:

TT (CHi) =

|PCHi|∑
j=1

TTpj (5.17)

Where TT (CHi) represents the total trip time for chromosome CHi. The notation |PCHi|

indicates the number of passengers assigned to chromosome CHi. Finally, TTpj refers to the

travel time for passenger TTpj .

Calculate the fare for each passenger based on their route and mode of transport. Sum these

fares to get the total fare for the group. Similarly, the total fare for a chromosome Ci is the sum

of the individual fares:

TF (CHi) =

|PCHi|∑
j=1

TFpj (5.18)

Where TF (CHi) represents the total trip fare for chromosome CHi. The notation |PCHi|

indicates the number of passengers assigned to chromosome CHi. Finally, TFpj refers to the

travel fare for passenger TFpj .

The GT-MMT genetic algorithm’s selection process effectively guides the evolutionary search

toward better transportation strategies by focusing on high-fitness chromosomes. This shows how

preferences and operational efficiencies interact in a multi-mode transportation system.

3. Selection

Selection: Select the best-performing strategies from the initial population using a roulette

wheel selection method.

Equations:

POselected = Select(POo,Fitness) (5.19)

The selection mechanism ensures that chromosomes leading to higher fitness are more likely

to reproduce. This means that successful strategies will be passed on to the next generation,
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improving the quality of the solution as a whole. The primary goal is to select chromosomes

representing effective transportation strategies, ensuring that beneficial traits are passed on to

subsequent generations.

The probability of selection is proportional to the chromosome’s fitness computed as:

P (CHi) =
Fitness(CHi)∑N
j=1 Fitness(CHj)

(5.20)

Where CHi represents the i-th chromosome in the population. The notation F (CHi) denotes

the fitness of the i-th chromosome, quantifying how well it meets the GT-MMT model’s objectives.

Finally, P (CHi) refers to the selection probability of the i-th chromosome.

4. Crossover

Crossover: Combine parts of two parent solutions to generate new offspring. This process is

called crossover.

Equations:

Offspring = Crossover(POselected) (5.21)

Use genetic operations to generate new chromosomes, ensuring a mix of passengers:

CHnew = Crossover(CHparent1,CHparent2) (5.22)

Offspring: Offspring are new strategies generated from the crossover and mutation of selected

parent strategies. They introduce diversity into the population and help explore new potential

solutions.

In this thesis, the uniform crossover is used. Uniform crossover is a pivotal operation in

genetic algorithms used to combine the genetic information of two parent chromosomes to produce

offspring. In the GT-MMT model, uniform crossover allows for the independent consideration

of each strategy component for recombination for optimizing transportation strategies. This

facilitates the exploration of innovative solutions that efficiently balance the objectives of passengers

and transportation providers. The ability of uniform crossover to generate diversified solutions is

crucial for avoiding local optima and finding effective strategies for complex urban transportation
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systems. This operation is essential because it introduces new strategy combinations and enhances

genetic diversity within the population, which is crucial for exploring a vast solution space and

avoiding premature convergence.

In the GT-MMT framework, the uniform crossover operation is particularly important as it

allows for combining different strategies from two-parent solutions. In this context, the leader is

the passenger, and the followers are the ride-sharing, bus, and bike transportation modes. The

uniform crossover operation can lead to offspring that inherit various advantageous traits from

their parents, potentially improving the overall system performance.

Let CHi and CHj be two parent chromosomes. Each chromosome consists of strategies for

the passenger and the transportation modes. The two parents can be represented as:

CHi =

[
CHpassenger,CHride-sharing,CHbus,CHbike

]
(5.23)

CHj =

[
CHpassenger,CHride-sharing,CHbus,CHbike

]
(5.24)

During the uniform crossover operation, an offspring chromosome CHk can inherit some

strategies from parent 1 (CHi) and other strategies from parent 2(CHj). Mathematically, this

can be represented as:

The passenger’s strategy in the GT-MMT model can be represented as a vector chromosome:

CHnew
passenger =

[
M i

passenger Ri
passenger T j

dep F i
passenger M j

transfer U j
passenger

]
(5.25)

the mode of transportation Mi
p from parent Ci and the departure time Dp from parent Cj .

The bus’s strategy in the GT-MMT model can be represented as a vector chromosome:

CHnew
bus =

[
Ri

bus Schtjbus Cajbus F i
bus

]
(5.26)

The ride-sharing strategy in the GT-MMT model can be represented as a vector chromosome:
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CHnew
ride-sharing =

[
Rj

ride-sharing Si
ride-sharing Ci

ride-sharing P j
ride-sharing

]
(5.27)

The bike-sharing strategy in the GT-MMT model can be represented as a vector chromosome:

CHnew
bike-sharing =

[
Si
bike-sharing Ai

bike-sharing M j
bike-sharing P i

bike-sharing

]
(5.28)

So, the new strategies (chromosomes) mathematically can be represented as:

CHnew =

[
CHnew

passenger,CHnew
ride-sharing,CHnew

bus ,CHnew
bike

]
(5.29)

Where CHnew is derived from the respective parent strategies using the binary uniform

crossover mask operation:

1. Select Parents Identify two parent chromosomes, CHi and CHj , which will be used for

crossover.

2. Generate Binary Crossover Mask Create a binary mask of the same length as the

chromosomes. Each position in the mask is a binary value (0 or 1) chosen randomly.

Example: If the length of the chromosome is 5, a possible binary mask could be M =

[1, 0, 1, 0, 1].

3. Apply Binary Mask to Create Offspring The binary mask determines which genes

(positions) to take from each parent. For each gene position k:

• If the mask value Mk is 1, take the gene from parent CHi.

• If the mask value Mk is 0, take the gene from parent CHj .

4. Construct Offspring Chromosome Combine the selected genes to form the new offspring

chromosome CHk.

5. Mutation

Mutation: Apply random changes to the offspring to introduce variations. The mutation alters

one or more genes in the chromosome to explore new solutions.
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Equations:

CHmutated = Mutation(CHnew) (5.30)

The mutation process in the GT-MMT model’s genetic algorithm introduces random changes

to offspring chromosomes, facilitating the exploration of new strategic possibilities and enhancing

genetic diversity. In the GT-MMT, the mutation operation within the genetic algorithm plays

a pivotal role in introducing random variations to the offspring chromosomes. This mechanism

is instrumental in exploring new strategic possibilities and preserving genetic diversity, which is

vital for avoiding local optima and ensuring a thorough exploration of the solution space.

We integrate mutation probability and mutation functions with the steps of applying the five

mutation operators by following these steps:

1. Define Mutation Probability: Each gene in the chromosome has a mutation probability

µ.

2. Mutation Functions:

• Define the mutation functions for each operator.

• Apply the mutation functions based on the mutation probability.

3. Apply the Five Operators: Sequentially apply the mutation operators, but only if the

random number generated is less than the mutation probability.

We define the following notations: CH is the chromosome, Apassenger is the passenger strategy

vector, Abus is the bus strategy vector, Aride-sharing is the ride-sharing strategy vector, Abike-sharing

is the bike-sharing strategy vector, µ is the mutation probability, P is a random number between

0 and 1, and mutate(x, µ) is the mutation function for gene x with probability µ. The operation

of the mutation can be as follows:

1. Bit Flip Mutation:

Suitable for binary decisions in the strategy, such as whether a specific route is active or

whether a certain transportation mode is available. It flips bits (0 to 1 or 1 to 0) in the

chromosome to explore different binary configurations.
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mutatebit-flip(x, µ) =


1− x if P < µ

x otherwise

(5.31)

2. Swap Mutation:

Effective for sequences where the order is important, such as the sequence of stops in a bus

route or the order of passenger pickups in ride-sharing. It randomly selects two positions

in the chromosome and swaps their values, maintaining the permutation’s integrity while

allowing exploration of different sequence orders.

mutateswap(x, µ) =


swap (xi, xj) if P < µ

x otherwise

(5.32)

Here, xi and xj are randomly chosen positions.

3. Scramble Mutation: Useful when a portion of the strategy (like pricing or scheduling)

needs to be shuffled without altering the overall structure too much. It randomly selects a

subset of the chromosome and scrambles the genes within that subset to introduce localized

variation.

mutatescramble(x, µ) =


scramble(x[i : j]) if P < µ

x otherwise

(5.33)

Here, [i : j] is a randomly chosen subset.

4. Inversion Mutation: Reverses the order of a subset of genes within a chromosome,

which is useful for strategies involving sequences, such as reversing the order of stops on a

route. This mutation helps discover more efficient routing or scheduling configurations by

exploring the reversed sequences.

mutateinversion(x, µ) =


invert(x[i : j]) if P < µ

x otherwise

(5.34)

Here, [i : j] is a randomly chosen subset.
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5. Gaussian Mutation: This mutation is ideal for strategies that involve continuous variables,

such as adjusting pricing, capacity allocations, or departure times. Gaussian mutation adds

a small random value drawn from a Gaussian (normal) distribution to each gene in the

chromosome. This helps fine-tune strategies by making small, incremental changes, which

is particularly useful in fine-grained optimization problems.

mutategaussian(x, µ, σ) =


x +N (0, σ) if P < µ

x otherwise

(5.35)

Here, N (0, σ) is a Gaussian random variable with mean 0 and standard deviation σ.

The impact of the mutation on the GT-MMT model can be summaries as follows:

• Exploration of New Strategies: Mutation enables the investigation of unexplored

strategies, varying in aspects like route preferences, departure times, or logistical operations.

• Genetic Diversity: Introducing random changes through mutation sustains diversity

within the population, a critical factor in preventing premature convergence and ensuring

a comprehensive search of the solution space.

Step 3: Real-Time Dynamic Adjustments with PSO and Stacklberg

The algorithm integrates particle swarm optimization (PSO) and Stackelberg Game theory to find

the near-optimal routes and strategies for multiple transportation modes. The process iteratively

updates and evaluates the strategies using real-time data. This operation of the algorithm can

be divided into five steps:

1. Initialization

A swarm is a collection of particles, each representing a potential solution. Let Swarm =

{Pa1,Pa2, . . . ,PaNP } be the swarm, where NP is the number of particles. Each particle Pai

represents a set of strategies. Each particle has a position Xpsoi(t) (strategy configuration) and

a velocity vi(t) (the rate of change in the particle’s position (strategy configuration) over time).
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Algorithm 4 Real-Time Dynamic Adjustments with PSO and Stacklberg

Input: Swarm of particles, initial velocities, optimized initial strategies, real-time data
Output: Optimized particle positions and velocities (near-Optimal strategies )

26 Initialize PSO: Initialize a swarm of particles, each representing a different set of routes
and schedules. Assign initial velocities to each particle.

27 for t = 1 to Imax do

28 1. Velocity and Position Update: Update the velocity vpai for each particle pai
29

vt+1
pai

= ωvtpai + c1r1(pbestpai −Xpsotpai) + c2r2((gbestpa −Xpsotpai) (5.36)

30 Update the position Xpsopai for each particle pai using the equation:

Xpsot+1
pai

= Xpsotpai + vt+1
pai

(5.37)

31 2. Fitness Evaluation: Evaluate the fitness of each particle based on the combined
objectives and updated strategies by using the Stackelberg equilibrium with the PSO

32

Fitness(Xpsopa) = z · Upi(Xpsopi) + β · Ucj(Xpsocj) + Ubk(Xpsobk) + Ubkn(Xpsobkn)
(5.38)

• Define the leader’s objective function to minimize travel time and cost:

Minimize Up = αTT + βTF (5.39)

• Define the followers’ objective functions to maximize the number of passengers in the
ride-sharing and the bus and increase the usability of the bike:

min
AL

UL(AL, A
∗
F (AL)) (5.40)

A∗
F (AL) = argmax

AF

UF (AL, AF ) (5.41)

3. Update Personal Best and Global Best:
- Update the personal best position pbestpai :

pbestt+1
pai

=

{
Xpsot+1

pai
if Fitness(Xpsot+1

pai
) < Fitness(pbesttpai)

pbesttpai otherwise
(5.42)

- Update the global best position gbestpa

gbestt+1
pa =

{
Xpsot+1

pai
if Fitness(Xpsot+1

pai
) < Fitness(gbesttpa)

gbesttpa otherwise
(5.43)

if |Fitness(gbestt+1
pa )−Fitness(gbesttpa)| < ϵ for a predefined number of iterations then

Exit loop

33 return near-Optimal strategies for leaders and followers
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A swarm of particles is initialized to begin the PSO process. Here, the initial positions of

particles in the swarm are the output strategies of the GA operation (the previous step in the

GT-MMT algorithm). So, Xpsoi = CH, where Xpsoi is the initial strategy and CH is the

near-optimal strategy for the GA operation. Initialize the velocity vi(t) randomly. Each particle

is assigned a personal best position, denoted as pbesti = Xpsoi. The global best position gbest

is determined as the position of the particle that has achieved the highest fitness value among all

particles in the swarm.

gbest = arg min
pa∈Swarm

(
Fitness(pbesttpai)

)
(5.44)

2. Velocity and Position Update

Adjust the velocity of each particle based on its personal best position and the global best position.

vt+1
pai = ωvtpai + c1r1(pbestpai −Xpsotpai) + c2r2((gbestpa −Xpsotpai) (5.45)

where w is the inertia weight, c1 and c2 are acceleration coefficients, and r1 and r2 are random

numbers between 0 and 1, pbestp is the personal best position of particle p, and gbest is the global

best position.

Update the position of each particle based on its updated velocity.

Xpsot+1
pai = Xpsotpai + vt+1

pai (5.46)

3. Fitness Evaluation

The fitness function combines multiple objectives: minimizing travel time and minimizing fare

for the passenger, increasing the number of passengers in ride-sharing and buses, and ensuring

bike availability. In the PSO process, the strategies are represented as particles Pai. Fitness is

calculated for each particle, generally combining the utilities for passengers and transportation

modes. So the equation 5.15 can be written as:
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Fitness(Xpsopa) = z · Upi(Xpsopi) + β · Ucj (Xpsocj ) + Ubk(Xpsobk) + Ubkn(Xpsobkn) (5.47)

where Fitness(Xpsopa) is the total fitness for all the players in the models, and Xpso is the set of

strategies. This fitness is evaluated using the Stackelberg equilibrium to determine near-optimal

strategies for leaders and followers.

In the context of the GT-MMT algorithm, the Stackelberg equilibrium involves the interaction

between the leader (passenger) and the followers (transportation modes: bus, ride-sharing, and

bike-sharing). The leader makes decisions first, and the followers react to those decisions. This

hierarchical decision-making process is modelled using the Stackelberg game theory.

The leader (passenger) aims to minimize their travel time and fare. The objective function

of the leader is defined as:

Minimize Uleader = αTTleader + βTFleader (5.48)

where TTleader is the total trip time, TFleader is the total fare, and α and β are weight factors

that balance the importance of travel time and fare.

The leader (passenger) selects a strategy Xpsoleader that minimizes their objective function:

Xpso∗leader = arg min
Uleader

Uleader(Xpsoleader, Xpsofollower) (5.49)

This involves choosing the optimal routes, departure times, and modes of transportation.

The leader solves the following optimization problem:

min
xleader

(αTTtotal(xleader, xfollower) + βTFtotal(xleader, xfollower)) (5.50)

The followers (transportation modes) aim to maximize their capacity utilization. The objective

function for the followers is defined as:

Maximize Ufollower = γ

(
Passenger Count

Capacity

)
+ δ

(
Bike Usability

Total Bike Capacity

)
(5.51)
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where Passenger Count is the number of passengers using the mode, Capacity is the total

capacity of the mode, Bike Usability is the utilization of bike-sharing, and γ and δ are weight

factors that balance the importance of passenger count and bike usability.

Given the leader’s strategy A∗
leader, each follower (transportation mode) selects a strategy

Afollower that maximizes their objective function:

Xpso∗follower = arg max
Xpsofollower

Ufollower(Xpso∗leader, Xpsofollower) (5.52)

This involves adjusting the operational strategies such as route adjustments, departure time

changes, and capacity allocation.

Each follower solves the following optimization problem:

max
Xpsofollower

(
γ

Passenger Count(Xpso∗leader, Xpsofollower)

Capacity
+ δ

Bike Usability(Xpso∗leader, Xpsofollower)

Total Bike Capacity

)
(5.53)

The equilibrium is reached when the leader’s and followers’ strategies are mutually optimal.

The leader’s strategy x∗leader minimizes their cost given the followers’ strategies, and the followers’

strategies x∗follower maximize their utility given the leader’s strategy.

Assume the leader chooses a route Rleader and departure time Dleader. The bus service,

as a follower, responds by adjusting its route Rbus and departure time Dbus to attract more

passengers and maximize capacity utilization. This interdependent decision-making continues

iteratively until equilibrium is reached.

The iterative process continues until the strategies of the leader and followers converge to an

equilibrium. Convergence is typically achieved when changes in the objective functions between

iterations fall below a predefined threshold:

∣∣∣U (t)
leader − U

(t−1)
leader

∣∣∣ < ϵ (5.54)

∣∣∣U (t)
follower − U

(t−1)
follower

∣∣∣ < ϵ (5.55)

where ϵ is the convergence criterion.
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In conclusion, the leader, represented by the passenger, selects an initial strategy AL. Following

this, the transportation modes, which act as followers, optimize their strategies AF based on the

leader’s chosen strategy. Once the followers have optimized their strategies, the leader updates

their strategy AL in response to the adjustments made by the followers. This iterative process

continues, with the leader and followers continuously updating their strategies until convergence

is achieved. This iterative process ensures that both leaders and followers reach near-optimal

strategies that satisfy the objectives of minimizing travel time and cost, increasing ridership, and

ensuring bike availability.

4. Update Personal Best and Global Best

Track the best position each particle has achieved so far, denoted as pbestpai . If the current

fitness of particle pai is better than the fitness of pbesttpai , update pbestt+1
pai :

pbestt+1
pai =


Xpsot+1

pai if Fitness(Xpsot+1
pai ) < Fitness(pbesttpai)

pbesttpai otherwise

(5.56)

Global Best Update: If the current position of any particle is better than the global best,

update the global best.

gbestt+1
pa =


Xpsot+1

pai if Fitness(Xpsot+1
pai ) < Fitness(gbesttpa)

gbesttpa otherwise

(5.57)

In the GT-MMT algorithm, the stopping criterion can either reach the maximum number of

iterations Imax or when the solutions have converged to a satisfactory level. The change in the

best fitness value is below a certain threshold ϵ for a predefined number of consecutive iterations.

Let I be the current iteration number, Imax be the maximum number of iterations, and ϵ be

the convergence threshold. The stopping criteria can be represented as follows:

Stop if: I ≥ Imax or |Fitness(gbestt+1
pa )− Fitness(gbesttpa)| < ϵ (5.58)

where Fitness(gbesttpa) is the best fitness value at iteration t, and |Fitness(gbestt+1
pa ) −
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Figure 5.3: The overview diagram for the GT-MMT algorithm

Fitness(gbesttpa)| is the change in the best fitness value between iterations t and t + 1.

The overview diagram for the GT-MMT algorithm is shown in figure 5.3.
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5.5 Simulation and Results

Figure 3.2 presents a partial map of the City of Ottawa with three transportation forms (bus, car

ride-sharing, and bicycle) to evaluate our GT-MMT model. Simulation setups are presented in

Table 5.2. To obtain part of the Ottawa map, we use Simulation of Urban Mobility (SUMO), and

to set the route, we use OMNET++. SUMO randomly sets up the mobility traffic scenario. This

simulation measures the movement of car ride-sharing, public buses, and bicycles in the City of

Ottawa from 12:00 a.m. until 11:59 p.m. For more detailed information on the simulation settings

and parameters used in the GT-MMT model, please refer to the simulation section 3.6 in the

3 which provides comprehensive insights into the initialization processes, network configuration,

transportation mode parameters, and the integration of real-time data to ensure accurate and

realistic simulations.

5.5.1 Experiment Evaluations and Results Discussion

By using the Monte Carlo technique to find the average value after 10000 running times, our

simulations are conducted for over 10000 passengers. This simulation generates the random

movement of passengers, car ride-sharing, public buses, and bicycles in the City of Ottawa during

24 hours.

Table 5.2: Simulation parameters for the GT-MMT model

Vehicles types Car ride-sharing, Public bus
and bicycle

Simulation time 12:00 a.m.-11:59 p.m.
Time set length 1 minute
Number of cars ride-sharing 10
Number of Public buses 20
Number of Bicycle 30
Number of Passengers 10000
number of the public bus
stations

10

number of the car ride-
sharing stations

8

number of the bicycle
stations

6

simulation period 12 a.m-11:59 p.m
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1. Average Trip Time and Average Trip Price Variation

Figure 5.4 shows the average trip time and the average trip price variation for the GT-MMT

model for the whole day. In this figure, the average trip price is constant and in the lowest value

from midnight until 6:00, from 10:00 to 11:00, and from 14:00 until midnight. However, this value

increases between 6:00 and 9:00 and also between 11:00 and 13:00. For the average trip time, the

highest values are recorded from 4:00 to 6:00 and from 19:00 until 20:00. We note that the time

is significantly decreased starting at 6:00 until it reaches the lowest value at 10:00. However, the

time substantially increases after midday before it becomes stable between 16:00 and 18:00.

2. Travel Time and Fare Comparison Between GT-MMT and DMT Model

Figure 5.5 and Figure 5.6 show the comparison of the average trip time and the average trip fare

between the multi-mode transportation system based on GT and another model of multi-mode

transportation that does not use the GT approach.

From Figure 5.5, we note that the price is the same from midnight until 6:00 in the GT-MMT

model and in the model without GT-MMT. After six o’clock, the price for GT-MMT starts to

increase slightly until eight o’clock before decreasing. The price increases at 11 o’clock and then

decreases beginning at 2. The value remains almost constant for the rest of the day at the lowest

cost compared to the model without GT-MMT. In Table 5.3, the average trip price-saving rate

between the GT-MMT model and model without GT-MMT is zero at the beginning of the day

and 70 $ from 14:00 until midnight. However, the savings rate between the two models is almost

constant and equal to 23.3.

Figure 5.6 represents the time trip variation value for the two models. We note that the

average time value when the passengers use the GT-MMT and the model without GT-MMT is

almost the same from midnight until 6:00. After 6:00, the time slightly drops for the GT-MMT

model, and then it returns to a slight ascent in the middle of the day before becoming constant

at four p.m. and continuing at the 20 min to the end of the day. As for the model without

GT-MMT, the time increases slightly after six o’clock, increases significantly after one o’clock,

and reduces and continues to rise to 4:00.

The time reduction is calculated using the equation:
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Figure 5.4: Average trip time and average trip price variation

Time Reduction(%) =

(
Initial Travel Time−Optimized Travel Time

Initial Travel Time

)
× 100

In Table 5.4, the savings rate of the average trip time between GT-MMT and the model

without GT-MMT is zero from midnight until 6:00. After that, it starts to increase significantly

until reaching 64.5 min at 16:00.

According to the Stackelberg equilibrium game theory model, every player is trying to achieve

the utility function within the model that best meets optimization. The passengers want to reach

their destination for the lowest price and in the least amount of time; cars and buses want to

increase the number of passengers to maximum capacity, and bicycles reduce the availability. So:

1. In general, the number of passengers and the number of available vehicles is higher during

the peak period between 7:00 and 9:00 and between 14:00 and 18:00. From the previous

example, we can explain why time is at its lowest level as in Figure 5.4, where the abundance

of vehicles and a large number of passengers with the freedom to choose the type or types

of transportation lead to a reduction in the average trip time it takes for a passenger to

reach his destination.

2. As shown in Figure 5.5, the total price in the two systems is almost the same at the
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Figure 5.5: Average trip price variation

Table 5.3: Saving rate of average trip price variation with and without GT-MMT

Day time
(hour)

With
GT-MMT ($)

DMT ($)
Saving rate
(%)

12:00 a.m - 6:00
a.m

1.8 1.8 0

6:01 a.m - 9:00
a.m

2.3 3 23.3

9:01 a.m - 2:00
p.m

2.3 3 23.3

2:01 p.m - 11:59
p.m

1.8 6 70

beginning of the simulation when the traffic of the city is not heavy. However, during the

morning rush hour, while the average price in the multi-mode system that does not use the

GT approach increases significantly, the average price in the GT-MMT increases slightly.

We observe that the rise in price is low in the GT-MMT scheme but high in the system

without GT-MMT. The savings rate for the total trip price when using GT-MMT is higher

than the savings rate when the GT-MMT system is not used, as shown in Table 5.3.

3. From Figure 5.6, similar to the trip price value, the trip period time without the GT-

MMT model rapidly and continuously increases. In contrast, the trip period time is stable

and short in the GT-MMT model. More time is saved when moving from the origin to the
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Figure 5.6: Average trip time variation

Table 5.4: Saving rate of average trip time variation with and without GT-MMT

Day time
(hour)

With
GT-MMT
(min)

DMT (min)
Saving rate
(%)

12:00 a.m - 6:00
a.m

22 22 0

6:01 a.m - 1:00
a.m

10.8 23 53

1:01 a.m - 4:00
p.m

10.9 50 78.2

4:01 p.m - 11:59
p.m

22 62 64.5

destination by using the GT-MMT scheme, as we can see in Table 5.4.

3. SomeMetrics Comparison Between GT-MMT and Dijkstra’s Algorithm

a. Travel Time Comparison

The travel time comparison table shows the initial travel time ( Dijkstra’s Algorithm)

and the optimized travel time (GT-MMT) for each passenger, along with the percentage

reduction in travel time. The time reduction is calculated using the equation:
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Table 5.5: Comparison of initial travel time (using Dijkstra’s Algorithm) and Optimized

travel time (using GT-MMT)

Passenger ID
Initial Travel
Time [Dijkstra’s
Algorithm] (min)

Optimized Travel
Time [GT-
MMT](min)

Time
Reduction
(%)

1 45 30 33.3
2 60 40 33.3
3 50 35 30.0
4 55 38 30.9
5 70 45 35.7

Time Reduction(%) =

(
Initial Travel Time−Optimized Travel Time

Initial Travel Time

)
× 100 (5.59)

From the table, we observe that the GT-MMT model significantly reduces travel times

for all passengers, with reductions ranging from 30.0% to 35.7%. This demonstrates the

effectiveness of the optimization techniques (GA, PSO, Stackelberg) in decreasing travel

times and enhancing the efficiency of the transportation system.

b. Travel Cost Comparison

Table 5.6: Comparison of Initial and Optimized Costs

Passenger ID
Initial Cost
[using Dijkstra’s
Algorithm] ($)

Optimized Cost
[using GT-MMT]
($)

Cost
Reduction
(%)

1 12.00 8.50 29.2
2 15.00 10.00 33.3
3 10.00 7.00 30.0
4 13.00 9.00 30.8
5 20.00 12.50 37.5

The cost comparison table lists the initial and optimized travel costs for each passenger,

as well as the percentage reduction in cost. The cost reduction is calculated using the

equation:
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Cost Reduction(%) =

(
Initial Cost−Optimized Cost

Initial Cost

)
× 100 (5.60)

The table reveals that the GT-MMT model effectively reduces travel costs for all passengers,

with reductions ranging from 29.2% to 37.5%. This indicates that the model optimizes

travel costs, making the transportation system more economical for users.

c. Mode Usage Distribution Comparison

Table 5.7: Distribution of mode usage before and after optimization

Mode Initial Usage (%) Optimized Usage (%) Change (%)
Car 60 40 -33.3
Bus 25 35 +40.0

Bicycle 15 25 +66.7

The mode usage distribution table shows the percentage of usage for each mode of transportation

before (using Dijkstra’s algorithm) and after (using GT-MMT) optimization, along with

the percentage change. The change in usage is calculated using the equation:

Change(%) =

(
Optimized Usage− Initial Usage

Initial Usage

)
× 100 (5.61)

From the table, we observe a significant shift in the usage of transportation modes. Car

usage decreases by 33.3%, while bus and bicycle usage increases by 40.0% and 66.7%,

respectively. This suggests that the GT-MMT model promotes the use of more sustainable

transportation modes, reducing reliance on cars.

4. Optimization Iteration Performance

The optimization iteration performance table illustrates how the average travel time and

average cost change over iterations. The convergence metric indicates how close the model

is to reaching a near-optimal solution. The convergence metric M(k) at iteration k is

calculated as follows:

M(k) = α ·
(

Tbest

Tavg(k)

)
+ β ·

(
Cbest

Cavg(k)

)
(5.62)
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Table 5.8: Optimization Iteration Performance

Iteration
Average Travel
Time (min)

Average Cost ($) Convergence
Metric

1 60.0 15.00 0.75
10 55.0 13.00 0.85
20 50.0 11.00 0.90
30 45.0 9.50 0.95
40 40.0 8.00 0.98

Where Tavg(k) is the average travel time at iteration k, Cavg(k) is the average cost at

iteration k, Tbest is the best (lowest) possible travel time, Cbest is the best (lowest) possible

cost, and α, β are weight factors that balance the importance of travel time and cost.

Initially, at iteration 1, the average travel time is 60.0 minutes, the average cost is $15.00,

and the convergence metric is 0.75. As the iterations progress, there is a steady improvement

in these metrics. By iteration 10, the average travel time decreases to 55.0 minutes, and the

average cost reduces to $13.00, resulting in an improved convergence metric of 0.85. Further

iterations show continuous improvement, with iteration 20 showing an average travel time

of 50.0 minutes and an average cost of $11.00, with a convergence metric of 0.90.

The table illustrates the effectiveness of the optimization process over 40 iterations. The

average travel time and average cost decrease steadily with each set of iterations, reflecting

the algorithm’s capability to find more efficient solutions. The convergence metric, which

combines both travel time and cost into a single measure, increases progressively, indicating

that the algorithm is moving closer to the near-optimal solution.

By iteration 40, the average travel time is significantly reduced to 40.0 minutes, and

the average cost drops to $8.00, with the convergence metric reaching 0.98. This high

convergence metric demonstrates that the GT-MMT model effectively optimizes transportation

parameters, approaching a near-optimal solution. The consistent improvement in travel

time and cost highlights the robustness and efficiency of the optimization techniques (GA,

PSO, Stackelberg) employed in the GT-MMT model.
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Table 5.9: Mode switch analysis

Passenger
ID

Initial
Mode

Final
Mode

Switch Reason
Time
Saved
(min)

Cost
Saved ($)

1 Car Bus Reduced congestion 15 3.50
2 Car Bicycle Cost reduction 20 5.00
3 Bus Ride-share Cost reduction 10 2.00
4 Car Bus Cost reduction 17 4.00
5 Car Bicycle Cost reduction 25 7.50

5. Mode Switch Analysis

To calculate the values in the mode switch analysis table, we need to consider several

factors, including the initial and final modes, reasons for switching, time saved, and cost

saved:

Tsaved = Tinitial − Tfinal (5.63)

Csaved = Cinitial − Cfinal (5.64)

Where Tinitial represents the travel time for the initial mode, Tfinal represents the travel

time for the final mode, Cinitial represents the cost for the initial mode, Cfinal represents the

cost for the final mode, Tsaved represents the time saved by switching modes, and Csaved

represents the cost saved by switching modes.

From the table, we observe that the mode switches have led to significant savings in both

travel time and cost for the passengers. Passenger 1 switched from car to bus due to

reduced congestion, saving 15 minutes and $3.50. Passenger 2 and Passenger 5 switched

from car to bicycle for cost reduction, saving 20 minutes and $5.00, and 25 minutes and

$7.50, respectively. Passenger 3 switched from bus to ride-share, and Passenger 4 switched

from car to bus, both for cost reduction, saving 10 minutes and $2.00, and 17 minutes and

$4.00, respectively.

The table illustrates the benefits of optimizing transportation modes by focusing on reducing

travel time and fare costs. The primary reasons for switching modes were reduced congestion
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and cost reduction, leading to overall improvements in efficiency. The significant time

and cost savings demonstrate the effectiveness of the GT-MMT model in enhancing the

transportation system.

The mode switch analysis shows that optimizing the transportation system by focusing on

reducing travel time and fare costs can lead to substantial benefits for passengers. The

consistent reduction in both metrics across different mode switches highlights the GT-

MMT model’s capability to provide efficient and cost-effective transportation solutions.

This optimization not only enhances passenger satisfaction but also contributes to a more

efficient urban transportation network.

6. Hourly Variation in Trip Metrics

Table 5.10: Hourly variation in trip metrics

Time Interval
Average Trip
Price ($)

Average Trip
Time (min)

Price Change
(%)

Time Change
(%)

00:00 - 01:00 2.00 20 0 0
01:00 - 02:00 2.00 22 0 10
02:00 - 03:00 2.00 21 0 -4.8
03:00 - 04:00 2.00 23 0 9.5
04:00 - 05:00 2.00 25 0 8.7
05:00 - 06:00 2.00 24 0 -4.0
06:00 - 07:00 2.50 22 25 -8.3
07:00 - 08:00 3.00 20 20 -9.1
08:00 - 09:00 3.50 19 16.7 -5.0
09:00 - 10:00 3.00 17 -14.3 -10.5
10:00 - 11:00 2.00 15 -33.3 -11.8
11:00 - 12:00 2.50 18 25 20.0
12:00 - 13:00 3.00 22 20 22.2
13:00 - 14:00 2.50 20 -16.7 -9.1
14:00 - 15:00 2.00 18 -20.0 -10.0
15:00 - 16:00 2.00 17 0 -5.6
16:00 - 17:00 2.00 17 0 0
17:00 - 18:00 2.00 18 0 5.9
18:00 - 19:00 2.00 20 0 11.1
19:00 - 20:00 2.00 22 0 10.0
20:00 - 21:00 2.00 21 0 -4.5
21:00 - 22:00 2.00 20 0 -4.8
22:00 - 23:00 2.00 19 0 -5.0
23:00 - 00:00 2.00 20 0 5.3
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a. Average Trip Price and Time Calculation

Average Trip Price

Average Trip Price =

∑n
i=1 Trip Pricei

n
(5.65)

Average Trip Time

Average Trip Time =

∑n
i=1 Trip Timei

n
(5.66)

b. Percentage Change Calculation

Price Change (%)

Price Change (%) =

(
Current Price− Previous Price

Previous Price

)
× 100 (5.67)

Time Change (%)

Time Change (%) =

(
Current Time− Previous Time

Previous Time

)
× 100 (5.68)

Explanation: From midnight to 6 AM, the trip price remains constant at $2.00 while

trip times fluctuate slightly, suggesting low demand and stable pricing. For instance, from

midnight to 1 AM, the trip time is 20 minutes, but it increases to 22 minutes between 1 AM

and 2 AM. This slight fluctuation in trip times, with no change in trip price, indicates a

stable yet low-demand period. Between 6 AM and 9 AM, trip prices increase significantly,

reflecting the morning rush hour. Trip prices rise from $2.50 to $3.50, and trip times

decrease from 22 minutes to 19 minutes. This pattern suggests optimized routing and

increased service availability during peak hours to manage higher demand efficiently. The

period from 9 AM to 10 AM shows a decrease in both trip prices and trip times, indicating

reduced demand post-rush hour. Trip prices drop from $3.50 to $3.00, and trip times

decrease from 19 minutes to 17 minutes. This reduction highlights the system’s ability to

adapt quickly to changing demand. From 10 AM to 11 AM, prices drop to their lowest at

$2.00, and trip times continue to decrease to 15 minutes, reflecting near-optimal conditions
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with lower demand. This indicates a period of high efficiency in transportation services.

During the midday period (11 AM to 1 PM), prices and trip times increase again, indicating

a midday demand peak. Trip prices rise to $3.00, and trip times increase to 22 minutes,

showing how the system responds to another peak in demand during lunch hours. The

afternoon and evening periods (1 PM to 8 PM) show stable or slightly increasing trip prices

with fluctuating trip times due to varied demand and traffic conditions. For example, from

2 PM to 3 PM, the trip price is $2.00 with a trip time of 18 minutes, while from 7 PM to 8

PM, the trip price remains $2.00, but trip times increase to 22 minutes, reflecting evening

congestion.

Conclusion: The GT-MMT model dynamically adjusts trip prices and optimizes trip

times based on demand fluctuations throughout the day. This results in efficient utilization

of transportation resources, reducing congestion during peak hours and maintaining stable

service levels during off-peak periods. This dynamic approach ensures a balance between

supply and demand, leading to an overall improvement in urban mobility and user satisfaction.

7. Peak and Off-Peak Periods Comparison

Table 5.11: Peak and Off-Peak Periods Comparison

Period
Average Trip
Price ($)

Average Trip
Time (min)

Price
Difference
($)

Time
Difference
(min)

Midnight-6 AM 2.00 24 -1.00 +6
6 AM-9 AM 3.00 20 +1.00 -4
9 AM-11 AM 2.50 16 -0.50 -4
11 AM-1 PM 2.75 20 +0.25 +4
1 PM-2 PM 2.50 19 -0.25 -1
2 PM-6 PM 2.00 18 -0.50 -1
6 PM-8 PM 2.00 21 0 +3
8 PM-Midnight 2.00 20 0 -1

a. Price Difference Calculation

Price Difference

Price Difference = Peak Price−Off-Peak Price (5.69)
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b. Time Difference Calculation

Time Difference

Time Difference = Peak Time−Off-Peak Time (5.70)

Explanation: During the midnight to 6 AM period, the average trip price is $2.00 with

an average trip time of 24 minutes, reflecting low demand. This period shows stable pricing

and higher trip times due to fewer available services and lower traffic volumes. The morning

peak period from 6 AM to 9 AM has an increased average trip price of $3.00 and a decreased

trip time of 20 minutes. This indicates high demand and optimized routing to manage the

increased number of passengers efficiently. The higher prices during this period help manage

demand and ensure the availability of services. From 9 AM to 11 AM, the average trip

price decreases to $2.50, and the trip time decreases to 16 minutes. This reduction reflects

the post-rush hour period where demand decreases, allowing for lower prices and improved

trip times. During the midday peak from 11 AM to 1 PM, the average trip price increases

to $2.75, and the trip time increases to 20 minutes. This period indicates a resurgence in

demand, likely due to lunch hours, leading to increased prices and longer trip times. The

early afternoon period from 1 PM to 2 PM shows a slight decrease in both trip price ($2.50)

and trip time (19 minutes), reflecting reduced demand. This period benefits from slightly

lower prices and improved trip times as the midday rush subsides. The off-peak afternoon

period from 2 PM to 6 PM maintains a low average trip price of $2.00 and a decreased trip

time of 18 minutes. This period benefits from stable pricing and efficient trip times due to

lower demand. The evening peak period from 6 PM to 8 PM shows a stable average trip

price of $2.00 and an increased trip time of 21 minutes due to evening congestion. Despite

stable prices, the trip times reflect the impact of increased traffic during this period. The

late evening period from 8 PM to midnight maintains a stable trip price of $2.00 and a trip

time of 20 minutes, reflecting stable demand and efficient service levels during lower traffic

periods.

Conclusion: The comparison between peak and off-peak periods highlights the GT-MMT

model’s effectiveness in adjusting trip prices and optimizing trip times based on demand.
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This dynamic pricing and routing strategy ensures efficient transportation during peak

periods and maintains stable service levels during off-peak times, benefiting both the

transportation system and urban areas. The model helps manage congestion, improve

trip times, and maintain affordable prices, contributing to better urban mobility and user

satisfaction.

8. Demand Response Analysis

Table 5.12: Demand response analysis

Time
Interval

Demand
Level

Average Trip
Price ($)

Price
Elasticity

Average Trip
Time (min)

Time
Elasticity

00:00 -
06:00

Low 2.00 0.00 24 0.00

06:00 -
09:00

High 3.00 0.50 20 -0.17

09:00 -
11:00

Moderate 2.50 -0.17 16 -0.20

11:00 -
13:00

High 2.75 0.10 20 0.20

13:00 -
14:00

Moderate 2.50 -0.09 19 -0.05

14:00 -
18:00

Low 2.00 -0.20 18 -0.05

18:00 -
20:00

High 2.00 0.00 21 0.08

20:00 -
00:00

Low 2.00 0.00 20 -0.05

a. Price Elasticity Calculation

Price Elasticity

Price Elasticity =
% Change in Price

% Change in Demand
(5.71)

b. Time Elasticity Calculation

Time Elasticity

Time Elasticity =
% Change in Time

% Change in Demand
(5.72)
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Explanation: From midnight to 6 AM, demand is low with a stable average trip price of

$2.00 and trip time of 24 minutes. The price and time elasticities are both 0.00, indicating

no change in prices or times in response to demand changes. This period shows stable

pricing and higher trip times due to fewer available services and lower traffic volumes. The

morning peak period from 6 AM to 9 AM has high demand with an average trip price

of $3.00. The price elasticity is 0.50, indicating that a 10% increase in demand results in

a 5% increase in trip prices. The time elasticity is -0.17, indicating that a 10% increase

in demand results in a 1.7% decrease in trip time due to optimized routing and increased

service availability. From 9 AM to 11 AM, the demand is moderate with a trip price of

$2.50. The price elasticity is -0.17, indicating a decrease in price with reduced demand, and

the time elasticity is -0.20, showing a significant decrease in trip time. This period reflects

the post-rush hour with improved efficiency and reduced congestion. During the midday

peak from 11 AM to 1 PM, demand is high with a trip price of $2.75. The price elasticity

is 0.10, showing a slight increase in price with increased demand, and the time elasticity

is 0.20, indicating an increase in trip time due to midday congestion. The early afternoon

period from 1 PM to 2 PM has moderate demand with a trip price of $2.50. The price

elasticity is -0.09, indicating a slight decrease in price with reduced demand, and the time

elasticity is -0.05, showing a small decrease in trip time. The off-peak afternoon period

from 2 PM to 6 PM has low demand with a trip price of $2.00. The price elasticity is

-0.20, indicating a decrease in price with reduced demand, and the time elasticity is -0.05,

showing a slight decrease in trip time. The evening peak period from 6 PM to 8 PM has

high demand with a trip price of $2.00. The price elasticity is 0.00, indicating no change

in price with increased demand, and the time elasticity is 0.08, showing a slight increase

in trip time due to evening congestion. The late evening period from 8 PM to midnight

has low demand, with a stable trip price of $2.00 and trip time of 20 minutes. The price

and time elasticities are both 0.00, indicating no change in prices or times in response to

demand changes.

Conclusion: The demand response analysis demonstrates the GT-MMT model’s ability

to dynamically adjust prices and optimize trip times based on varying demand levels.

The price and time elasticities indicate how sensitive trip prices and times are to changes

in demand, reflecting the model’s efficiency in managing transportation resources. This
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dynamic approach benefits urban areas by reducing congestion during peak periods and

ensuring stable service levels during off-peak times. The GT-MMT model’s flexibility in

responding to demand changes helps maintain a balance between supply and demand,

improving urban mobility and user satisfaction.

9. Performance Metrics: Convergence Rate

Table 5.13: Convergence rate for different population sizes

Population
Size (N)

Iterations to
Converge

Observation

20 50
Fast convergence but poor exploration of
solution space

50 80 Moderate convergence with good exploration

100 120
Slow convergence with very thorough
exploration

200 200
Very slow convergence, high computational
cost

The iterations to converge are determined by monitoring the fitness value of the population

over successive generations. Convergence is assumed when the change in the average

fitness value between generations falls below a predefined threshold ϵ. Mathematically,

if the average fitness value ¯Fitnesst at generation t satisfies | ¯Fitnesst − ¯Fitnesst−1| < ϵ

for a predefined number of consecutive generations, the algorithm is considered to have

converged.

Observation

- N = 20: The algorithm converged quickly in 50 iterations, indicating that it reached a

solution relatively fast. However, the quick convergence suggests that the algorithm might

not have explored the solution space thoroughly, leading to near-optimal solutions. The

small population size likely caused a lack of genetic diversity, which can result in premature

convergence.

- N = 50: The algorithm required 80 iterations to converge, showing a balance between

exploration and exploitation. The moderate population size provided enough genetic

diversity to explore the solution space effectively while maintaining a reasonable convergence
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rate. This size allowed the algorithm to find better solutions than the smaller population

without excessive computational cost.

- N = 100: Convergence took 120 iterations, which is slower compared to smaller populations.

The larger population size allowed for a thorough exploration of the solution space, resulting

in high-quality solutions. However, this came at the cost of slower convergence and higher

computational demand.

- N = 200: The algorithm took 200 iterations to converge, the slowest among all tested

sizes. The very large population ensured comprehensive exploration of the solution space

but at a high computational cost. The slow convergence indicates that while the solution

quality might be high, the time and resources required are substantial.

Conclusion

For the GT-MMT model, a population size of 50 provided the best balance between

convergence rate and solution quality. Larger populations (N = 100, 200) offered thorough

exploration, leading to potentially higher quality solutions but at a high computational

cost. Smaller populations (N = 20) converged quickly but did not explore the solution

space adequately, resulting in near-optimal solutions.

10. Performance Metrics: Solution Quality

Table 5.14: Solution quality for different population sizes

Population
Size (N)

Average
Fitness Value

Observation

20 0.65 Low solution quality due to poor exploration

50 0.85
Good solution quality with balanced
exploration

100 0.90
High solution quality with thorough
exploration

200 0.92
Very high solution quality but at a high
computational cost

The average fitness value F̄ of a population at generation t is calculated as the mean of the
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fitness values Fi of all individuals i in the population:

F̄ =
1

N

N∑
i=1

Fi (5.73)

where N is the population size and Fi is the fitness value of individual i.

Observation

- N = 20: The average fitness value was 0.65, indicating low solution quality due to

insufficient exploration of the solution space. The small population size led to insufficient

exploration of the solution space, resulting in a higher likelihood of the algorithm getting

trapped in local optima. The lack of diversity in the population prevented the algorithm

from finding better solutions.

- N = 50: The average fitness value improved to 0.85. This population size provided a good

balance between exploration and exploitation, allowing the algorithm to find higher quality

solutions. The moderate size ensured enough diversity to avoid premature convergence

while maintaining computational efficiency.

- N = 100: The average fitness value was 0.90, showing high solution quality. The

larger population size facilitated a thorough exploration of the solution space, enabling the

algorithm to find better solutions. However, this came at the cost of slower convergence

and higher computational demand.

- N = 200: The highest average fitness value of 0.92 was achieved with a population size

of 200. While the solution quality was very high, the computational cost was significantly

higher due to the large number of individuals and the slow convergence rate. This size

ensured exhaustive exploration, but the practical feasibility depends on available computational

resources.

For the GT-MMT model, a population size of 50 balanced solution quality and computational

efficiency. Larger population sizes (N = 100, 200) resulted in higher solution quality

due to a more thorough exploration of the solution space but required significantly more

computational resources. Smaller populations (N = 20) produced lower-quality solutions

because they did not adequately explore the solution space.
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11. Computational Time of the GT-MMT Model

The computational time of the GT-MMT model is influenced by several factors, including

the number of generations, population size, and complexity of the problem. The following

table presents the computational time for different configurations of these parameters,

calculated using the equation:

Ttotal = G× (N × Tf + N × Tc) (5.74)

Where Ttotal is the total computational time, G is the number of generations, N is the

population size, Tf is the average time to evaluate the fitness of a single chromosome

(assumed to be 0.1 seconds), and Tc is the average time for crossover and mutation per

chromosome (assumed to be 0.05 seconds).

Table 5.15: Computational time for different configurations of the GT-MMT model

Population
Size

Number of
Generations

Computational
Time
(seconds)

Observation

20 100
100× (20×0.1+
20× 0.05) = 300

Quick execution, but may
not explore solution space
thoroughly.

20 200
200× (20×0.1+
20× 0.05) = 600

Slight increase in time, better
exploration, but may still be
insufficient.

50 100
100× (50×0.1+
50× 0.05) = 750

Moderate execution time, good
balance between speed and
exploration.

50 200
200× (50×0.1+
50 × 0.05) =
1500

Longer execution, better
exploration and solution quality.

100 100
100×(100×0.1+
100 × 0.05) =
1500

Increased time due to
larger population, thorough
exploration.

100 200
200×(100×0.1+
100 × 0.05) =
3000

Very long execution time,
thorough exploration and high
solution quality.

For a small population size of 20 and 100 generations, the computational time is 300 seconds.

This configuration results in quick execution, but it may not explore the solution space
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thoroughly. When the population size is 20, and the number of generations is increased

to 200, the computational time is 600 seconds, slightly increasing the time and offering

better exploration, but it may still be insufficient. For a population size of 50 and 100

generations, the computational time is 750 seconds, providing a moderate execution time

and a good balance between speed and exploration. Increasing the number of generations

to 200 with a population size of 50 results in a computational time of 1500 seconds, allowing

for better exploration and higher solution quality. For a larger population size of 100 and

100 generations, the computational time is 1500 seconds, where the increased time is due

to the larger population, ensuring thorough exploration. Finally, for a population size of

100 and 200 generations, the computational time is 3000 seconds, resulting in a very long

execution time and providing thorough exploration and potentially the highest solution

quality.

In conclusion, the computational time of the GT-MMT model increases with both the

population size and the number of generations. A moderate population size (e.g., 50)

and a reasonable number of generations (e.g., 100-200) provide a good balance between

computational efficiency and solution quality. Larger populations and more generations

lead to better exploration and higher solution quality but at the cost of significantly

increased computational time.
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Chapter 6 Decentralised

Game-Theoretic (DGT) Model

6.1 Overview

The Decentralized Game Theory (DGT) model is a community-based approach to optimizing

urban transportation systems, Unlike the centralized GT-MMT model, which relies on a central

control unit, the DGT model decentralizes decision-making, allowing individual participants

to exercise autonomous control. The DGT model is designed to enhance the efficiency and

responsiveness of the transportation network by empowering passengers and transportation modes

( buses, ride-sharing services, and bicycles) to make decisions autonomously based on local

information and real-time data. The scheme dynamically adjusts resources (transportation

modes) based on real-time demand, ensuring that transportation services are efficiently utilized.

Unlike the GT-MMT model, where passengers act as leaders and transportation modes as

followers in a hierarchical Stackelberg game, the DGT model employs a distributed version of

Stackelberg game theory. In this approach, multiple local Stackelberg games occur simultaneously

across the network, with different players taking on the roles of leaders and followers depending on

the context. For instance, passengers may act as leaders when choosing modes of transport, while

transportation modes adjust their operations as followers in response to passenger decisions. This

decentralized structure allows for greater flexibility and adaptability, particularly in response to

dynamic and localized changes in demand, traffic conditions, and resource availability.

A key distinction between the DGT and GT-MMT models is the use of fog computing

architecture in the DGT model. Instead of relying on a centralized control unit to process data

and make decisions, the DGT model leverages localized data processing through fog computing.

This allows for real-time decision-making at the edge of the network, closer to the sources of data,

thereby reducing latency and enhancing the system’s ability to respond to immediate changes in

the transportation environment.

The DGT model also employs advanced optimization algorithms, including Genetic Algorithms

(GA), Particle Swarm Optimization (PSO), and Stackelberg game theory, similar to the GT-
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MMT model. However, in the DGT model, these algorithms are applied in a decentralized

manner, allowing individual transportation modes and passengers to optimize their strategies

based on local information. The absence of a central authority means that each participant in

the system must make decisions that balance their own objectives with the overall efficiency of the

transportation network. As the GT-MMT model, each player has specific objectives. The riders

aim to reach their destination within a maximum time limit at the minimum price. Meanwhile,

the public buses and the ride-sharing services seek to maximize the number of passengers, and

the bike-sharing services aim to increase their availability.

6.2 Main components of the DGT

The DGT model focuses on optimizing transportation within specific communities or neighbourhoods.

Each community operates somewhat independently, with local decision-making tailored to its

unique needs. However, the overall system remains interconnected, allowing for broader optimization

when necessary. In each community, the transportation system seeks to reach a localized equilibrium

where the strategies of passengers and transportation modes are balanced, ensuring that the

transportation network operates efficiently within that specific area.

The Decentralized Game Theory (DGT) model, designed for community-based urban transportation

optimization, consists of several key components that work together to manage and optimize the

transportation system. These components ensure that the system is efficient, responsive, and

adaptable to the needs of the community.

First: Participants (Players)

In the context of the DGT (Decentralized Game Theory) model, passengers may not necessarily be

”leaders” in the traditional Stackelberg sense, as the DGT model emphasizes a more decentralized

and community-based approach. Unlike the GT-MMT model, where passengers are explicitly

modelled as leaders in a hierarchical Stackelberg game, the DGT scheme allows for a more

distributed decision-making process.

1. Passengers: These are the individuals using the transportation system. In the DGT

model, passengers actively participate by making decisions about their travel modes, routes,
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and schedules. They act as leaders in localized Stackelberg games, influencing the operations

of transportation modes based on their preferences and needs.

2. Transportation Modes: This includes buses, ride-sharing services, and bicycles. Each

mode can act as a follower in the Stackelberg games, adjusting its operations (e.g., pricing,

routing, and scheduling) in response to passenger decisions.

Second: Community Manager (CM)

The Community Manager (CM) plays a central role in the DGT model, overseeing the transportation

service and ensuring security and privacy within the system. The CM manages several key

components:

1. Fog Computing Architecture: Unlike a centralized system, the DGT model uses fog

computing to enable local data processing and decision-making. Fog nodes are distributed

throughout the network, close to where the data is generated. They process real-time data

from sensors, GPS, and mobile applications to make immediate decisions that affect local

transportation operations, such as rerouting buses, adjusting ride-sharing availability, or

redistributing bicycles.

Integrating fog nodes into a transportation network, particularly in the context of decentralized

game theory (DGT) models, involves several steps. Fog nodes are essentially mini data

centres located closer to the edge of the network, providing computational resources,

storage, and services nearer to where the data is generated. This proximity reduces latency

and bandwidth usage, making real-time processing and decision-making more efficient. The

steps to integrate the fog node are as follows:

1. Identify Strategic Locations for Fog Nodes

• Data Traffic Analysis: Analyze data traffic patterns to identify high-traffic areas

where data processing demand is high.

• Proximity to Data Sources: Place fog nodes close to data sources such as major

transportation hubs, intersections, and areas with high passenger density.
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2. Define the Architecture

• Hierarchical Structure: Establish a hierarchical structure where fog nodes operate

between the central cloud and edge devices (sensors, vehicles, etc.).

• Communication Protocols: Define communication protocols for data exchange

between edge devices, fog nodes, and the central cloud.

3. Deployment of Fog Nodes

• Hardware and Software: Select appropriate hardware and software solutions for

fog nodes that support the required computational tasks and data storage needs.

• Network Connectivity: Ensure robust network connectivity between fog nodes and

other network components to facilitate seamless data transmission.

4. Data Processing and Management

• Local Data Processing: Implement algorithms for local data processing at fog

nodes to handle tasks such as real-time traffic monitoring, routing decisions, and

passenger demand analysis.

• Data Aggregation: Aggregate data from multiple edge devices to derive insights

and make informed decisions.

• Distributed Database: Use distributed databases to manage data across multiple

fog nodes, ensuring data consistency and availability.

5. Optimization and Decision-Making

• Real-Time Optimization: Utilize real-time optimization algorithms such as Particle

Swarm Optimization (PSO) and Genetic Algorithms (GA) at fog nodes to dynamically

adjust routes, schedules, and resource allocations.

• Game Theory Integration: Apply Stackelberg game theory principles where fog

nodes act as intermediaries, optimizing follower strategies based on leader (passenger)

decisions.
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6. Security and Privacy

• Data Encryption: Implement data encryption techniques to ensure secure data

transmission and storage.

• Access Control: Define access control policies to restrict data access to authorized

entities only.

7. Monitoring and Maintenance

• Performance Monitoring: Continuously monitor the performance of fog nodes to

identify and address any issues promptly.

• Regular Maintenance: Schedule regular maintenance to ensure the hardware and

software components of fog nodes are functioning near-optimally.

In the context of the Decentralized Game Theory (DGT) model, fog nodes play a crucial

role in enhancing the community-based transportation system by providing localized, real-

time data processing and decision-making capabilities. Here’s how fog nodes fit into the

DGT model:

1. Local Optimization

Each fog node processes data locally and optimizes transportation strategies (e.g., routing,

scheduling) for its specific area. This decentralization reduces the burden on a central

server and allows for quicker, more responsive decision-making.

2. Community-Based Decisions

Fog nodes facilitate community-based decisions by collecting and processing data from

local transportation modes and passengers, enabling a more tailored approach to meet the

community’s needs.
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3. Real-Time Adaptation

By leveraging PSO and GA, fog nodes can continuously adapt to changing conditions, such

as traffic patterns and passenger demands, ensuring near-optimal transportation network

performance.

For example, we have this scenario:

• Urban Area with High Traffic: In an urban area with high traffic, fog nodes

are placed at major intersections and transportation hubs. These fog nodes collect

real-time data from sensors on buses, ride-sharing vehicles, and bicycles.

• Data Processing: The fog nodes process this data to analyze traffic conditions,

predict passenger demand, and optimize routes and schedules using PSO and GA.

• Decision-Making: Based on the processed data and optimization algorithms, the fog

nodes make real-time decisions to adjust traffic signals, reroute vehicles, and update

schedules, ensuring smooth and efficient transportation for passengers.

• Game Theory Application: In a DGT model, the fog nodes facilitate the implementation

of Stackelberg game theory by allowing passengers (leaders) to make travel decisions,

which are then optimized by the transportation modes (followers) based on local data

processed at the fog nodes.

In conclusion, Integrating fog nodes into a decentralized transportation network involves

careful planning and execution. By strategically placing fog nodes, defining a robust

architecture, and leveraging advanced optimization algorithms, the transportation system

can be enhanced in efficiency, responsiveness, and scalability. Fog nodes play a pivotal role

in enabling real-time, community-based decision-making, ultimately improving the overall

travel experience for passengers.

2. Decentralized Application (DApp) The CM is responsible for managing the DApp,

which facilitates the interaction between the passengers and the transportation modes. The

DApp handles tasks such as data collection, processing, and providing real-time updates

to passengers.
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3. Local Stackelberg Games Localized Stackelberg games are played within each fog node,

where passengers and transportation modes interact. These games help optimize the

transportation system’s local segment, considering that area’s specific needs and conditions.

More details are in the subsection.

Third: Data Collection and Sensing Infrastructure

1. Sensors: Deployed throughout the transportation network, sensors collect real-time data

on traffic conditions, vehicle speeds, environmental factors, and other relevant metrics.

This data is crucial for making informed decisions at the local level.

2. Second: GPS Device: In vehicles, GPS devices provide accurate real-time location data,

essential for tracking vehicle movements, optimizing routes, and adjusting schedules.

3. Third: Mobile Applications: Passengers interact with the system through mobile apps,

where they enter travel requests, receive real-time updates, and provide feedback. The data

from these interactions is fed into the system, helping to refine predictions and optimize

resource allocation.

Fourth: Optimization Algorithms

1. Genetic Algorithms (GA): GA is used to explore a wide range of potential solutions

for optimizing transportation strategies. It helps in evolving strategies over successive

iterations to improve performance.

2. Particle Swarm Optimization (PSO): PSO is employed to fine-tune the solutions

found by GA. It iteratively improves strategies by simulating the behaviour of particles

(representing potential solutions) in search of a near-optimal strategy.

3. Decentralized Stackelberg Game Theory: In the DGT model, Stackelberg game

theory is applied in a decentralized manner, allowing multiple local Stackelberg games

to occur simultaneously across the network. This approach helps balance the interests of

passengers and transportation modes by ensuring that their strategies are mutually near-

optimal. The DGT model incorporates a feedback loop where the outcomes of decisions are
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continuously monitored, and the system learns and adapts over time. This helps improve

the accuracy of predictions, optimize strategies, and enhance overall system performance.

In the community-based Decentralized Game Theory (DGT) model, the concept of Stackelberg

game theory is adapted to fit the decentralized structure of the system. Unlike the traditional

centralized Stackelberg game, where there is a clear leader (e.g., passengers) and followers (e.g.,

transportation modes), the DGT model applies a more distributed and localized version of

Stackelberg game theory.

The Multiple Concurrent Stackelberg Games is the best method that can be used

to apply in the DGT model. This approach aligns perfectly with the decentralized nature

of the DGT model, where decision-making is distributed across various localized interactions

rather than being centralized. In a community-based transportation system, different areas or

neighbourhoods might have unique transportation needs and behaviours, leading to numerous

localized Stackelberg games happening simultaneously. Each game involves passengers (leaders)

and transportation modes (followers), making decisions based on local conditions. The Multiple

Concurrent Stackelberg Games has the best benefit over the other method, which we can

conclude as follows:

• Decentralized Decision-Making: The DGT model thrives on the ability to make decisions

based on local data and conditions. Multiple concurrent Stackelberg games allow for this

by letting each community or segment of the transportation network operate its own game.

• Flexibility and Responsiveness: This approach enhances the system’s flexibility, as it

allows different parts of the transportation network to adapt to changes independently.

If one neighbourhood experiences a sudden increase in demand, the local transportation

modes can adjust without needing to coordinate with a central authority.

• Scalability: By breaking down the transportation network into smaller, manageable

Stackelberg games, the DGT model can scale more effectively. This is particularly useful

in large urban areas where a single centralized game would be too complex to manage.

• Improved Efficiency: Each localized Stackelberg game optimizes the transportation

strategies for its specific context, leading to overall improvements in efficiency and user

satisfaction across the network.
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• Real-World Applicability: Urban transportation systems naturally operate in a decentralized

manner, with different neighbourhoods and regions having distinct transportation patterns.

Multiple concurrent Stackelberg games reflect this reality and allow the DGT model to be

more practical and applicable in real-world scenarios.

In the GT-MMT model, the transportation system operates under a centralized framework

where passengers are typically seen as the leaders in a hierarchical Stackelberg game. In this

setup, passengers make decisions about their travel routes, modes of transportation (such as buses,

ride-sharing, or bicycles), and other preferences. The transportation modes, acting as followers,

adjust their operations (like scheduling, pricing, and routing) based on the decisions made by the

passengers. This centralized approach ensures that the strategies of the transportation modes

are aligned with the passengers’ preferences, optimizing the system’s overall efficiency.

However, in the DGT (Decentralized Game Theory) model, the approach to decision-making

is fundamentally different. Instead of having a single, overarching Stackelberg game where

passengers are always the leaders and transportation modes are always the followers, the DGT

model uses a distributed version of Stackelberg game theory. This means that multiple, smaller

Stackelberg games occur simultaneously across the transportation network, each one localized to

specific areas or communities. Here are two examples to illustrate the concept:

Example 1: Localized Leadership in a Neighborhood

Imagine a neighborhood with a high demand for bike-sharing services in the morning due to a

large number of residents commuting to work or school. In this scenario, the passengers in this

neighbourhood act as leaders in the local Stackelberg game. They choose to use bike-sharing

services based on factors like availability, cost, and convenience. The bike-sharing system, acting

as the follower, responds by adjusting its operations—perhaps increasing the number of bikes

available, modifying pricing, or altering the placement of bikes to meet the high demand.

In another part of the city, where the demand for ride-sharing is higher during the evening due

to nightlife, the roles may reverse. Here, the ride-sharing service might take the lead by offering

promotions or adjusting availability based on anticipated demand, with passengers following by

choosing to use the service based on these incentives.
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Example 2: Multiple Modes and Dynamic Roles

Consider a situation where a passenger is planning a trip that could involve multiple transportation

modes—starting with a bus ride, followed by a short bike-sharing trip, and finishing with a ride-

sharing service. In the DGT model, each of these decisions could be part of a separate Stackelberg

game:

• Bus Segment: The bus service might act as the leader in this segment, setting schedules

and routes based on general passenger demand data. The passenger, as a follower, chooses

whether to take the bus or opt for an alternative based on this information.

• Bike-Sharing Segment: Upon arriving at the bus stop, the passenger might take the lead

in deciding to use a bike-sharing service, while the bike-sharing system follows by ensuring

bikes are available and adjusting the pricing if demand spikes.

• Ride-Sharing Segment: Finally, the ride-sharing service might anticipate the passenger’s

demand and act as the leader by offering discounts or near-optimal routes, with the

passenger following by selecting the service based on these conditions.

So, the main key differences between the Stacklberg in the GT-MMT and the DGT models

can be concluded as the following:

• Decentralization: Unlike the GT-MMT model, where decision-making is centralized

and hierarchical, the DGT model distributes decision-making across multiple localized

interactions. Each passenger and transportation mode engages in a smaller, context-specific

Stackelberg game, which allows for greater flexibility and adaptability to local conditions.

• Dynamic Role Assignment: In the GT-MMT model, roles are fixed—passengers are

always leaders, and transportation modes are followers. In contrast, the DGT model allows

roles to shift dynamically depending on the situation. A transportation mode might act as

a leader in one context (e.g., setting prices or schedules) and as a follower in another (e.g.,

adjusting services in response to passenger demand).

• Localized Optimization: Each localized Stackelberg game aims to optimize the specific

segment of the transportation network it controls. This means that instead of one large
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optimization process, there are multiple smaller ones happening concurrently, each tailored

to the needs and conditions of its locality.

Fifth: Communication Infrastructure

V2V and V2I communications are vital in the DGT model. They enable decentralized decision-

making and ensure that the transportation system operates efficiently and safely. These components,

along with the other elements of the DGT model, contribute to a community-focused, responsive,

and adaptable transportation system.

1. Vehicle-to-Vehicle (V2V) Communication: Enables vehicles to share information

with each other about their current status, including speed, direction, and any relevant

local conditions. This allows for real-time coordination, such as maintaining safe distances,

avoiding collisions, and optimizing traffic flow.

Let Vmi(t) represent the state vector of vehicle mi at time t, which includes its position

(xmi , ymi), speed V smi , and direction θmi .

Vmi(t) =



xmi(t)

ymi(t)

Spmi(t)

θmi(t)


(6.1)

The communication between two vehicles mi and mj can be represented as:

Vmj (t)
V2V−−−→ Vmi(t) (6.2)

where Vmj (t)
V2V−−−→ Vmi(t) indicates that vehicle mj sends its state information to vehicle

mi.

2. Vehicle-to-Infrastructure (V2I) Communication Facilitates the exchange of information

between vehicles and the surrounding infrastructure, such as traffic lights, road signs,

and fog nodes. This helps vehicles receive real-time updates on traffic conditions, road

closures, and other important information, which is crucial for making informed routing
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and scheduling decisions. This interaction helps gather broader traffic data and implement

coordinated traffic management strategies.

Let Ifk(t) represent the state vector of infrastructure k at time t, which includes traffic

light states, road conditions, and congestion levels.

Ifk(t) =


traffic light state

road condition

congestion level

 (6.3)

The communication between vehicle i and infrastructure k can be represented as:

Ifk(t)
V2I−−→ Vmi(t) (6.4)

where Ifk(t)
V2I−−→ Vmi(t) indicates that infrastructure k sends its state information to

vehicle mi.

3. Inter-Node Communication Fog nodes communicate with each other to share data and

coordinate decisions that affect multiple areas. This ensures that while decisions are made

locally, they still contribute to the overall efficiency of the transportation network.

4. Passenger Interaction The system communicates with passengers through mobile applications,

providing real-time updates, notifications, and alternative suggestions based on current

conditions.

These components work together in the DGT model to create a decentralized, community-

focused transportation system that is responsive, efficient, and adaptable. The model leverages

advanced optimization algorithms, real-time data processing, and localized decision-making to

optimize transportation services and improve passengers’ overall experience.

Figure 6.1 illustrates one community for the model with main components.
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Figure 6.1: DGT model overview

6.3 Objectives function and Problem Formulation

The DGT model is designed to optimize the transportation network by incorporating a hierarchical

decision-making process using the Stackelberg game theory. In this model, passengers act as

leaders, and transportation modes (ride-sharing, buses, bicycles) act as followers. The primary

objectives of the model are to minimize travel time and cost, maximize the number of passengers

in ride-sharing and buses, and ensure bike availability.

Note: in the DGT scheme, we can use the objective function term or the utility function

instead of each other to represent the main goals of the entire model or the main goal for each

player in the model. The total fitness function, which is based on the objective function, for the

DGT model equals the utility function of the passenger (Upi) and the utility function of each

mode (ride-sharing(Ucj ), bus (Ubk), and bike-sharing (Ubkn).

To calculate the objectives for each player in the DGT involving riders, ride-sharing, we need

to define the mathematical formulations for the utility functions of both the leaders (riders) and

the followers (ride-sharing). These calculations involve a series of mathematical expressions that
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consider various factors like travel time, distance, cost, capacity, and number of passengers.

Fitness(A) = αpi · Upi(Api) + βpi · Ucj (Acj ) + Ubk(Abk) + Ubkn(Abkn) (6.5)

where Fitness(A) is the total fitness for all the players in the models and A is the set of the

strategies of the players.

For the passenger, the utility function is to minimize the total trip time (TTpi) and the total

trip fare (TFpi) ( 6.6).

Upi(Api) = min (αpiTTpi + βpiTPpi) (6.6)

where αpi and βpi are the weighting factors for travel time and cost for passenger pi, respectively.

The trip time and fare equation are in the core chapter.

For ride-sharing, the objective function is maximizing the vacant seats on it, as we can see in

equation ( 6.7).

Ucj (Acj ) = max(1− Nump
cj
ex

Cac
) (6.7)

where Nump
cj
ex is the number of passengers in the car in route ex, and Cac is the maximum

capacity of the car.

Buses aim to maximize the number of passengers while following a fixed route with predefined

stops. We can represent maximizing the vacant seats in the public bus as equation ( 6.8)

Ubk(Abk) = max(1−
Numpbkex

Cab
) (6.8)

where Numpbkex is the number of passengers in the bus bk, and Cab is the maximum capacity of

the bus.

For the bicycle, the primary goal is to maximize the usage rate of bicycles across the network,

ensuring efficient utilization and high availability. This objective ( 6.9) can be formulated as

follows:
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Ubkn(Abkn) = max

(∑nbk
n=1Numbkuse(Il)∑nbk
n=1Numbkav(Il)

)
(6.9)

where Ubkn is the utility function for the usage rate of bicycles, Numbkuse(Il) denotes the

number of bicycles in use at location Il, Numbkav(Il) represents the total number of bicycles

available at location Il, and nbk is the number of locations or docking stations.

So, the equation 6.5 becomes:

Fitness(A) = min

Nump∑
pi=1

(αpiTTpi + βpiTPpi) + max(1− Nump
cj
ex

Cac
) + max(1−

Numpbkex
Cab

)+

max

(∑nbk
n=1Numbkuse(Il)∑nbk
n=1Numbkav(Il)

)
(6.10)

The constraints in the DGT model ensure the feasibility and efficiency of the transportation

system. Some key constraints include balancing vehicle departures and arrivals, matching rider

requests with suitable transportation options, and adhering to maximum travel times and time

windows. For instance, the constraint to ensure that the total distance of a passenger’s trip is

within the maximum allowable distance can be written as:

n∑
i=1

Dsi,si+1 ≤MDm
pi (6.11)

where Dsi,si+1 is the distance between stops si and si+1, and MDm
pi is the maximum allowable

distance for the passenger.

In the core chapter, the whole objective functions, constraints, and variables are elaborated

in detail. These include mathematical formulations for the Stackelberg game model, the fitness

evaluation in Genetic Algorithms (GA) and Particle Swarm Optimization (PSO), and the iterative

process for real-time dynamic adjustments. The variables encompass the set of transportation

modes (M), set of passengers (P ), source points (Spi
1 ), destination points (Dpi

np), travel times

(TTpi), costs (TFpi), and other relevant parameters required for optimizing the transportation

network. The comprehensive explanation thoroughly explains how the DGT model integrates

these elements to achieve its optimization goals.

The following algorithms show the operation of implementing the DGT model in many
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steps. The final goal of the model can be implemented by evaluating these algorithms with

all math equations, objective functions, and constraints related to the DGT. For a comprehensive

understanding of the full notations, objectives, and constraints associated with the GT-MMT

model, please refer to subsections 3.2.1, 3.2.2, 3.4.1, 3.4.2, 3.4.3, and 3.4.4. These subsections

provide detailed explanations of the parameters, mathematical formulations, and constraints that

guide the optimization processes within the DGT framework.

To make the problem easier to solve, we assume several relevant hypotheses. First, we did not

consider the person’s walking time between the stations on his or her trip. Second, the stations

for the different vehicles are located in the same position. Third, while the passenger’s origin is

the first station of the journey, the last station is the destination. Finally, security and trust are

assumed in this model.

The DGT facilitates a more coordinated and efficient urban mobility system by aligning the

strategies of different transportation modes under a unified Stackelberg leadership framework.

This thesis explores these alignments and the corresponding mathematical formulations that

enable such strategic optimizations within these complex transportation networks.

In this thesis, we consider the following assumptions: In this thesis, several assumptions are

made to support the model’s framework and analysis. First, it is assumed that the public bus and

the bicycle do not make any detours during their trips. Additionally, while the stations for car

ride-sharing and public buses are located close to each other, they are positioned farther apart

from the bicycle stations. The schedules for the public buses are considered to be fixed, both

in terms of time and route. Security and trust within the system are assumed to be adequately

addressed. Lastly, it is presumed that the Global Positioning System (GPS) collects data for

the model, and the Geographical Information System (GIS) aids the players in utilizing this

information. Please see Section ( 3.2) to read the full constraints. Besides the objective functions

and constraints in Section ( 3.2), there are several constraints to ensure the proper functionality

and safety of the community-based transportation system:

Constraint ( 6.12) network connectivity constraints, the Wi-Fi range limitation ensures that

the distance between any two nodes NOi and NOj does not exceed the defined Wi-Fi range W .

TD(NOi, NOj) ≤W for all node pairs (i, j) (6.12)
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where TD is the distance function, NOi and NOj represent individual nodes, and W is the Wi-Fi

range.

In constraint ( 6.13), every mobile node NOi must maintain a connectivity level above a

specified minimum with the fog nodes Fk.

n∑
i=1

Co(NOi, Fk) ≥ Comin for each mobile node Ni and fog node Fogk (6.13)

where Co represents connectivity and Comin is the minimum required connectivity.

Furthermore, constraint ( 6.14) for effective node discovery within the network, the distance

between any two nodes NOi and NOj must not exceed a discovery range Ra, ensuring all nodes

are within detectable proximity of each other.

For each node i, j : TD(i, j) ≤ Ra (6.14)

Constraint ( 6.15) regarding geographic and mobility constraints, services must operate within

designated geofenced areas G, with each service’s location LO(vm) confined within these boundaries.

LO(mi) ∈ G for vehicle mi (6.15)

where LO(mi) is the location and G is the geofenced area.

Moreover, constraint ( 6.16), mobility patterns are regulated such that the speed of any vehicle

V smi does not surpass the urban speed limit V smax, maintaining safe and regulated travel speeds

within the city environments.

V smi ≤ V smax (6.16)

where V smi is the vehicle speed, and V smax is the urban speed limit.
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6.4 DGT Optimization Algorithm

6.4.1 Overview and Main Components of the Algorithm

The Stackelberg game theory, PSO, and GA provide a hierarchical structure for the DGT

model, which is a community-based model that uses them to satisfy the optimization. Here

Fog computing is a local processing of data to reduce reliance on a central server, enabling faster

and more responsive decision-making.

For a comprehensive understanding of the basic components and definitions of GA, PSO,

and Stackelberg used in the DGT scheme, please refer to section 3.5. But if you want to

read the basic elements for each algorithm, please read subsection 3.5.2 for the GA, subsection

3.5.3 for the PSO, and subsection 3.5.4 for the Stackelberg game theory. These subsections

provide summary explanations of these algorithms that guide the optimization processes within

the DGT framework. The central unit coordinates and optimizes the interactions between

different transportation modes. The central unit collects data from all transportation modes

and passengers, processes this data, and sends optimized instructions back to the transportation

modes. This ensures a coordinated and efficient system-wide operation. For a comprehensive

understanding of the full notations, objectives, and constraints associated with the DGT model,

please refer to subsections 3.2.1, 3.2.2, 3.4.1, 3.4.2, 3.4.3, and 3.4.4. These subsections provide

detailed explanations of the parameters, mathematical formulations, and constraints that guide

the optimization processes within the DGT framework.

6.4.2 Details Operation of the Algorithm

The decentralized game theory (DGT) algorithm is designed for a community-based transportation

model operating within a decentralized environment. Decision-making is distributed across fog

nodes, which handle local optimizations and communicate with each other to achieve a cohesive

system-wide strategy. The algorithm integrates Stackelberg game theory, Genetic Algorithms

(GA), and Particle Swarm Optimization (PSO) to optimize transportation strategies within each

community.
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The outlines of the overall optimization process and several sub-algorithms in DGT Optimization

Algorithm 5. The overview diagram for the algorithm is shown in Figure 6.2. The Community

Initialization and Population Generation using GA sub-algorithm 6 focuses on generating

the initial population for each community using GA. This process involves creating diverse

strategy configurations as starting points for local optimizations. The Local Optimization

within Community (Using PSO and Stackelberg) sub-algorithm 7 employs PSO and

Stackelberg game theory to refine strategies within each community. It iteratively updates the

strategies to minimize travel time, reduce costs, and optimize resource allocation according to the

local conditions. The Inter-Community Information Exchange sub-algorithm 8 facilitates

the exchange of strategic information between communities, ensuring that local optimizations are

aligned with the overall system goals. The Global Coordination and Strategy Aggregation

sub-algorithm 9 integrates the results from all communities, coordinating them into a cohesive

global strategy. Finally, the Global Convergence Check sub-algorithm 10 evaluates whether

the optimization process has met the convergence criteria or whether further iterations are

required. Together, these algorithms enable the DGT model to operate efficiently and in a

decentralized manner while optimizing transportation strategies across multiple communities.

The main algorithm for the Decentralized Game Theory (DGT) model is designed to optimize

strategies within a community-based transportation system, using genetic algorithms (GA) for

initial population generation and incorporating Particle Swarm Optimization (PSO) and Stackelberg

Game Theory for local and global optimization. The algorithm iterates through local and

global optimization processes until convergence is reached or a maximum number of iterations is

completed.

The inputs for the algorithm include a set of communities, denoted as Com = {1, 2, . . . , Ncom},

with each community representing a local cluster within the decentralized model. Additionally,

the algorithm requires initial global parameters to guide the overall optimization process. The

algorithm also specifies the maximum number of local iterations, denoted as Tlocal, for optimizing

within each community, as well as the maximum number of global iterations, Tglobal, for the global

optimization process. Finally, a convergence threshold, TS, is defined to determine the stopping

criterion for the optimization process. The output of the algorithm is the globally optimized

strategies, denoted as A∗
global, which represent the best overall strategies across all communities.
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Algorithm 5 DGT Optimization Algorithm

Input: Set of communities Com = {1, 2, . . . , Ncom}, Initial global parameters, Maximum
local iterations Tlocal, Maximum global iterations Tglobal, Convergence threshold
TS

Output: Global optimized strategies A∗
global

34 Step 1: Initialize Local Parameters
Set local objectives, constraints, and variables for community i

35 Step 2: Set Global Parameters
Set: global iteration counter tglobal = 0 , global convergence metric ∆global = ∞ ,
initialize global best strategy A∗

global = 0 , convergence threshold TS; initialize global
coordination mechanisms for inter-community communication and coordination

36 while tglobal < Tglobal and not converged globally do

37 foreach Community i ∈ C do

38 Step 3: Community Initialization and Population Generation
Call Sub-Algorithm 6: Community Initialization and Population Generation
using GA

39 Step 4: Local Optimization within Each Community
while tlocal < Tlocal and not converged locally do

40 Call Sub-Algorithm 7: Local Optimization (Using PSO and Stackelberg
Game Theory)

41 Increment local iteration counter tlocal

42 Step 5: Inter-Community Information Exchange
Call Sub-Algorithm 8

43 Step 6: Global Coordination and Strategy Aggregation
Call Sub-Algorithm 9

44 Step 7: Global Convergence Check
Call Sub-Algorithm 10

45 Increment global iteration counter tglobal

46 return Global optimized strategies A∗
global
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Figure 6.2: The overview diagram for the DGT algorithm
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Step-by-Step Explanation

Step 1: Initialize Local Parameters

This step involves setting up the local objectives, constraints, and variables for each community

i. These parameters are specific to the community and will guide the local optimization process.

Step 2: Set Global Parameters

The global initialization step is responsible for setting up the initial global parameters,

including defining global objectives and constraints and initializing the global coordination mechanisms.

This step lays the foundation for the optimization process across all communities. Global

parameters, such as the global iteration counter tglobal = 0, global convergence metric ∆global =∞,

and the global best strategy A∗
global = 0, are initialized. Additionally, global coordination

mechanisms are established to facilitate inter-community communication and coordination.

Step 3: Community Initialization and Population Generation using

GA (sub-algorithm 6)

Process: Create initial strategies or the population (PO) for each transportation mode (ride-

sharing, bus, bicycle). These strategies (A) are encoded as chromosomes, representing the

potential solutions for the optimization problem. This involves evaluating the fitness of each

strategy, selecting the best-performing ones, and applying crossover and mutation to create new

strategies. The fitness function combines multiple objectives: minimizing travel time and fare for

the passenger trip, increasing the number of passengers in ride-sharing and buses, and increasing

the usability of the bike. The process of this step can be divided into five operations, as follows:

1. Create initial strategies (population)

The population is represented by multiple chromosomes. A chromosome (CH) is a vector that

encodes a sequence of strategies for passenger, ride-sharing, bus, and bike-sharing in one combined

structure. Randomly assign passengers to chromosomes while ensuring diversity:
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Passenger Groupi = {p1, p2, . . . , pn} for i = 1, 2, . . . , C

where n is the number of passengers assigned to each chromosome.

Here’s how to represent a population of size n:

PO =



CH1

CH2

...

CHn


(6.17)

Where each CHi is a chromosome representing the initial strategies for all players in the

GT-MMT model. To read the details of the parameters and structure fare trip, see the section

3.4.1.

The combined chromosome for the GA in the GT-MMT model is a concatenation of these

vectors:

CH =

[
CHpassenger,CHride-sharing,CHbus,CHbike

]
(6.18)

The passenger’s strategy in the GT-MMT model can be represented as a vector chromosome:

CHpassenger =

[
Mpassenger Rpassenger Tdep Fpassenger Mtransfer Upassenger

]
(6.19)

The component Mpassenger represents the mode of transportation selected by the passenger,

such as a bus, ride-sharing, or bike-sharing. The Rpassenger component denotes the route chosen by

the passenger for the journey. The departure time, indicated by Tdep, specifies when the passenger

starts the journey. The Ppassenger component refers to the pricing strategy or cost consideration

for the trip. The Mtransfer component represents the strategy for transferring between modes

during the journey. Finally, the Upassenger component reflects the comfort and utility preferences

of the passenger, which influence their satisfaction with the trip.

The bus’s strategy in the GT-MMT model can be represented as a vector chromosome:
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CHbus =

[
Rbus Schtbus Cabus Fbus

]
(6.20)

The component Rbus represents the route selection strategy for the bus. The scheduling

strategy, denoted by Schtbus, determines the departure and arrival times as well as the service

frequency. The capacity management strategy, indicated by Cabus, is focused on optimizing the

use of the bus’s seating and standing capacity. The pricing strategy, Fbus, involves setting the

fare structure for bus services.

The ride-sharing strategy in the GT-MMT model can be represented as a vector chromosome:

CHride-sharing =

[
Rride-sharing Sride-sharing Cride-sharing Pride-sharing

]
(6.21)

The component Rride-sharing represents the route selection strategy for the ride-sharing vehicle.

The pickup and drop-off scheduling strategy, denoted by Sride-sharing, determines the timing and

sequence of passenger pickups and drop-offs. The capacity management strategy, indicated by

Cride-sharing, optimizes the utilization of the ride-sharing vehicle’s seating capacity. Lastly, the

pricing strategy, Pride-sharing, involves setting the fare structure for ride-sharing services.

The bike-sharing strategy in the GT-MMT model can be represented as a vector chromosome:

CHbike-sharing =

[
Sbike-sharing Abike-sharing Mbike-sharing Pbike-sharing

]
(6.22)

The component Sbike-sharing represents the station placement and distribution strategy for the

bike-sharing system. The bike availability management strategy, denoted by Abike-sharing, ensures

that bikes are available where and when needed. The maintenance and rebalancing strategy,

indicated by Mbike-sharing, keeps bikes in good condition and properly distributed. Finally, the

pricing strategy, Pbike-sharing, involves setting the fare structure for bike-sharing services.

2. Evaluate Initial Population

Fitness Evaluation: Fitness is calculated for each chromosome, generally combining the utilities

for passengers and transportation modes. So the equation 6.5 can be written as:
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Fitness(CH) = Upi(CHpi) + Ucj (CHcj ) + Ubk(CHbk) + Ubkn(CHbkn) (6.23)

where Fitness(CH) is the total fitness for all the players in the models, and CH is the set of

chromosomes. The fitness function evaluates each chromosome based on the collective performance

metrics, including total trip time, total fare, and capacity utilization. The goal is to find solutions

that optimize these metrics for the entire group of passengers.

Fitness(CHi) = α ·

 1

|Pi|

|Pi|∑
j=1

TTpi

+ β ·

 1

|Pi|

|Pi|∑
j=1

TFpi

+ γ ·

(
1

M

M∑
k=1

(1− Nump
cj
ex

Cac
)+

)
+

(
1

M

M∑
k=1

(1−
Numpbkex

Cab
)+

)
+

(∑nbk
n=1Numbkuse(Il)∑nbk
n=1Numbkav(Il)

)
(6.24)

Where α, β, γ are weight factors that balance the importance of travel time, fare, and capacity

utilization.

The parameter αp is the weight factor for travel time for passenger p. The parameter βp is

the weight factor for cost for passenger p. The parameters γc, γb, and γbk are the weight factors

for the number of passengers for the ride-sharing, bus, and bicycle, respectively. Additionally,

Numberc, Numberb, and Numberbk represent the number of ride-sharing, buses, and bicycles,

respectively.

The total trip time and total fare for the group of passengers represented by a chromosome

in the GT-MMT model are calculated by aggregating the individual travel times and fares for

each passenger. Each passenger has their own origin and destination, so the calculations take

into account these individual routes.

Calculate the travel time for each passenger based on their origin and destination, then sum

these travel times to get the total trip time for the group. For a chromosome Ci representing a

group of passengers, the total trip time is the sum of the individual travel times:

TT (CHi) =

|PCHi|∑
j=1

TTpj (6.25)

Where TT (CHi) represents the total trip time for chromosome CHi. The notation |PCHi|
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indicates the number of passengers assigned to chromosome CHi. Finally, TTpj refers to the

travel time for passenger TTpj .

Calculate the fare for each passenger based on their route and mode of transport. Sum these

fares to get the total fare for the group. Similarly, the total fare for a chromosome Ci is the sum

of the individual fares:

TF (CHi) =

|PCHi|∑
j=1

TFpj (6.26)

Where TF (CHi) represents the total trip fare for chromosome CHi. The notation |PCHi|

indicates the number of passengers assigned to chromosome CHi. Finally, TFpj refers to the

travel fare for passenger TFpj .

The GT-MMT genetic algorithm’s selection process effectively guides the evolutionary search

toward better transportation strategies by focusing on high-fitness chromosomes. This shows how

preferences and operational efficiencies interact in a multi-mode transportation system.

3. Selection Process

Selection: Select the best-performing strategies from the initial population using a tournament

selection method.

Equations:

POselected = Select(POo,Fitness) (6.27)

Tournament selection is a widely used method in genetic algorithms to select individuals for

reproduction based on their fitness. In the context of the DGT model, tournament selection

can be effectively applied to choose the best strategies (or chromosomes) for creating the next

generation of solutions.

Steps of Tournament Selection method in the DGT Model

1. Population Initialization: Suppose we have a population PO consisting of PS individuals

(chromosomes), where each CHi represents a potential solution (strategies) in the GT-MMT
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model. Each individual CHi has an associated fitness value Fitness(CHi), which reflects how

well it satisfies the objectives of the GT-MMT model (minimizing travel time, reducing costs for

the passenger, maximizing bike availability, increasing the riders in the ride-sharing and bus)).

2. Tournament Size: Let the tournament size be denoted by Ts, where Ts is the number of

individuals randomly selected from the population for each tournament. The tournament size Ts

is a critical parameter that controls the selection pressure. A larger Ts increases the likelihood

of selecting individuals with higher fitness.

3. Tournament Selection Process: For each selection, randomly choose Ts individuals

from the population PO. Denote these selected individuals as CH1, CH2, . . . , CHTs. Compare

the fitness values of these individuals: Fitness(CH1), F itness(CH2), . . . , F itness(CHTs). The

individual with the highest fitness Fitness(Cbest) = max(Fitness(CH1), F itness(CH2), . . . ,

F itness(CHTs)) is selected as a parent for reproduction.

Mathematically, this can be represented as:

CHselected = arg max
j∈{1,2,...,T}

Fitness(CHj) (6.28)

where CHselected is the individual selected from the tournament.

4. Repeat for the Desired Number of Parents: Repeat the tournament selection process

until the required number of parents POparents is selected to generate the offspring for the next

generation. Typically, POparents is equal to PS, the size of the population, to maintain a constant

population size across generations.

5. Crossover and Mutation: Use the selected parents POparents to produce offspring

through crossover and mutation operations. These operations create new individuals (solutions)

for the next generation. The fitness of the offspring is then evaluated based on the GT-MMT

model’s objectives.

6. Repeat for Multiple Generations: The tournament selection process, followed by

crossover and mutation, is repeated across multiple generations until convergence criteria are met

(maximum number of iterations or a minimal improvement in fitness).

Let’s denote the population at generation Gt as PO(Gt) and the fitness of an individual

CHi(Gt) in this population as Fitness(CHi(Gt)).
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Selection Probability: The probability of an individual CHi being selected in a tournament

depends on its fitness relative to the other individuals in the tournament. Higher fitness values

increase the likelihood of selection.

Expected Selection: The expected number of times an individual is selected for reproduction

can be influenced by the tournament size Ts. If the tournament size is large, individuals with

higher fitness values are more likely to be selected repeatedly.

Consider a population PO with a size of PS = 10 and a tournament size Ts = 3. The fitness

values for each individual in the population are as follows: Individual CH1 has a fitness value of

12, CH2 has a fitness value of 8, CH3 has a fitness value of 15, CH4 has a fitness value of 7, CH5

has a fitness value of 10, CH6 has a fitness value of 14, CH7 has a fitness value of 9, CH8 has a

fitness value of 13, CH9 has a fitness value of 11, and CH10 has a fitness value of 6.

Randomly select three individuals, say CH2, CH5, CH6. The fitness values are F (CH2) = 8,

F (CH5) = 10, and F (CH6) = 14. The best individual in this tournament is CH6, with a fitness

value of 14. CH6 is selected as one of the parents for the next generation. This process is repeated

until all required parents are selected.

4. Crossover Operation

Crossover: Combine parts of two parent solutions to generate new offspring. This process is

called crossover.

Equations:

Offspring = Crossover(POselected) (6.29)

Use genetic operations to generate new chromosomes, ensuring a mix of passengers:

CHnew = Crossover(CHparent1,CHparent2) (6.30)

Offspring: Offspring are new strategies generated from the crossover and mutation of selected

parent strategies. They introduce diversity into the population and help explore new potential

solutions.

In this thesis, the uniform crossover is used. Uniform crossover is a pivotal operation in
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genetic algorithms used to combine the genetic information of two parent chromosomes to produce

offspring. In the GT-MMT model, uniform crossover allows for the independent consideration

of each strategy component for recombination for optimizing transportation strategies. This

facilitates the exploration of innovative solutions that efficiently balance the objectives of passengers

and transportation providers. The ability of uniform crossover to generate diversified solutions is

crucial for avoiding local optima and finding effective strategies for complex urban transportation

systems. This operation is essential because it introduces new strategy combinations and enhances

genetic diversity within the population, which is crucial for exploring a vast solution space and

avoiding premature convergence.

In the GT-MMT framework, the uniform crossover operation is particularly important as it

allows for combining different strategies from two-parent solutions. In this context, the leader is

the passenger, and the followers are the ride-sharing, bus, and bike transportation modes. The

uniform crossover operation can lead to offspring that inherit various advantageous traits from

their parents, potentially improving the overall system performance.

Let CHi and CHj be two parent chromosomes. Each chromosome consists of strategies for

the passenger and the transportation modes. The two parents can be represented as:

CHi =

[
CHpassenger,CHride-sharing,CHbus,CHbike

]
(6.31)

CHj =

[
CHpassenger,CHride-sharing,CHbus,CHbike

]
(6.32)

During the uniform crossover operation, an offspring chromosome CHk can inherit some

strategies from parent 1 (CHi) and other strategies from parent 2(CHj). Mathematically, this

can be represented as:

The passenger’s strategy in the GT-MMT model can be represented as a vector chromosome:

CHnew
passenger =

[
M i

passenger Ri
passenger T j

dep F i
passenger M j

transfer U j
passenger

]
(6.33)

the mode of transportation Mi
p from parent Ci and the departure time Dp from parent Cj .
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The bus’s strategy in the GT-MMT model can be represented as a vector chromosome:

CHnew
bus =

[
Ri

bus Schtjbus Cajbus F i
bus

]
(6.34)

The ride-sharing strategy in the GT-MMT model can be represented as a vector chromosome:

CHnew
ride-sharing =

[
Rj

ride-sharing Si
ride-sharing Ci

ride-sharing P j
ride-sharing

]
(6.35)

The bike-sharing strategy in the GT-MMT model can be represented as a vector chromosome:

CHnew
bike-sharing =

[
Si
bike-sharing Ai

bike-sharing M j
bike-sharing P i

bike-sharing

]
(6.36)

So, the new strategies (chromosomes) mathematically can be represented as:

CHnew =

[
CHnew

passenger,CHnew
ride-sharing,CHnew

bus ,CHnew
bike

]
(6.37)

Where CHnew is derived from the respective parent strategies using the binary uniform

crossover mask operation:

1. Select Parents Identify two parent chromosomes, CHi and CHj , which will be used for

crossover.

2. Generate Binary Crossover Mask Create a binary mask of the same length as the

chromosomes. Each position in the mask is a binary value (0 or 1) chosen randomly.

Example: If the length of the chromosome is 5, a possible binary mask could be M =

[1, 0, 1, 0, 1].

3. Apply Binary Mask to Create Offspring The binary mask determines which genes

(positions) to take from each parent. For each gene position k:

• If the mask value Mk is 1, take the gene from parent CHi.

• If the mask value Mk is 0, take the gene from parent CHj .

4. Construct Offspring Chromosome Combine the selected genes to form the new offspring

chromosome CHk.
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5. Mutation Operation

Mutation: Apply random changes to the offspring to introduce variations. The mutation alters

one or more genes in the chromosome to explore new solutions.

Equations:

CHmutated = Mutation(CHnew) (6.38)

The mutation process in the DGT introduces random changes to offspring chromosomes,

facilitating the exploration of new strategic possibilities and enhancing genetic diversity. In the

GT-MMT, the mutation operation within the genetic algorithm plays a pivotal role in introducing

random variations to the offspring chromosomes. This mechanism is instrumental in exploring

new strategic possibilities and preserving genetic diversity, which is vital for avoiding local optima

and ensuring a thorough exploration of the solution space.

We integrate mutation probability and mutation functions with the steps of applying the five

mutation operators by following these steps:

1. Define Mutation Probability: Each gene in the chromosome has a mutation probability

µ.

2. Mutation Functions:

• Define the mutation functions for each operator.

• Apply the mutation functions based on the mutation probability.

3. Apply the Five Operators: Sequentially apply the mutation operators, but only if the

random number generated is less than the mutation probability.

We define the following notations: CH is the chromosome, Apassenger is the passenger strategy

vector, Abus is the bus strategy vector, Aride-sharing is the ride-sharing strategy vector, Abike-sharing

is the bike-sharing strategy vector, µ is the mutation probability, P is a random number between

0 and 1, and mutate(x, µ) is the mutation function for gene x with probability µ. The operation

of the mutation can be as follows:

1. Bit Flip Mutation:
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Suitable for binary decisions in the strategy, such as whether a specific route is active or

whether a certain transportation mode is available. It flips bits (0 to 1 or 1 to 0) in the

chromosome to explore different binary configurations.

mutatebit-flip(x, µ) =


1− x if P < µ

x otherwise

(6.39)

2. Swap Mutation:

Effective for sequences where the order is important, such as the sequence of stops in a bus

route or the order of passenger pickups in ride-sharing. It randomly selects two positions

in the chromosome and swaps their values, maintaining the permutation’s integrity while

allowing exploration of different sequence orders.

mutateswap(v, µ) =


swap (vi, vj) if P < µ

v otherwise

(6.40)

Here, vi and vj are randomly chosen positions.

3. Scramble Mutation: Useful when a portion of the strategy (like pricing or scheduling)

needs to be shuffled without altering the overall structure too much. It randomly selects a

subset of the chromosome and scrambles the genes within that subset to introduce localized

variation.

mutatescramble(v, µ) =


scramble(v[i : j]) if P < µ

v otherwise

(6.41)

Here, [i : j] is a randomly chosen subset.

4. Inversion Mutation: Reverses the order of a subset of genes within a chromosome,

which is useful for strategies involving sequences, such as reversing the order of stops on a

route. This mutation helps discover more efficient routing or scheduling configurations by

exploring the reversed sequences.
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mutateinversion(v, µ) =


invert(v[i : j]) if P < µ

v otherwise

(6.42)

Here, [i : j] is a randomly chosen subset.

5. Gaussian Mutation: This mutation is ideal for strategies that involve continuous variables,

such as adjusting pricing, capacity allocations, or departure times. Gaussian mutation adds

a small random value drawn from a Gaussian (normal) distribution to each gene in the

chromosome. This helps fine-tune strategies by making small, incremental changes, which

is particularly useful in fine-grained optimization problems.

mutategaussian(x, µ, σ) =


x +N (0, σ) if P < µ

x otherwise

(6.43)

Here, N (0, σ) is a Gaussian random variable with mean 0 and standard deviation σ.

Evaluate the fitness of the new population POi(Gt + 1). Increment the generation counter:

g = g + 1. If g < Gt, go back to Step 4 (Selection Process) and repeat the process until

the maximum number of generations is reached or convergence criteria are satisfied. If the

criteria are met, terminate the algorithm and return the final population: Return final

population POi (optimized initial strategies).

Step 4: Local Optimization within Community (Using PSO and

Stackelberg) (sub-algorithm 7)

The DGT model critically involves local optimization within the community using Particle Swarm

Optimization (PSO) and Stackelberg game theory. This process ensures that the strategies of

various transportation modes and passengers are optimized within each community to meet local

objectives.

The set of particles in the PSO, denoted as Pa = {pa1, pa2, . . . , paN}, represents possible

strategy configurations, with each particle corresponding to a different configuration. The position

of particle i at time t, represented as xi(t), signifies a specific strategy configuration, while the
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velocity of particle i at time t, denoted as vi(t), dictates how the position, and thus the strategy,

is updated. The notation pbest,i(t) indicates the best position found so far by particle i, whereas

gbest(t) represents the best position found by any particle in the swarm, also known as the global

best. In game theory, SL denotes the leader’s strategy, such as a passenger, and SF denotes the

follower’s strategy, such as a transportation mode. The utility function of the leader is represented

by UL(SL, SF ), while the utility function of the follower is represented by UF (SL, SF ).

The inputs for the algorithm include several key elements. First, the Community i

represents a localized area or group within the decentralized model. Another input is the

Population Pi, which is the set of potential solutions (chromosomes) within community i.

Additionally, the Maximum local iterations Tlocal specify the maximum number of iterations

for the local optimization process. Finally, the Convergence threshold ϵ is the threshold used

to determine when the local optimization process has converged. The output is Optimized local

strategies S∗
i which is best strategies found for community i.

The algorithm is started by setting the local iteration counter tlocal = 0.

1. PSO Operations:

a. Particle Representation: Each particle in the swarm represents a potential strategy

configuration for all players (passengers, ride-sharing, buses, bikes) within the community.

CHp =

(
vpassenger vride-sharing vbus vbike

)
(6.44)

Passenger Strategy Vector vpassenger:

vpassenger =

(
Mode Route Tdep D P C U Ttrip F

)
(6.45)

Ride-Sharing Strategy Vector vride-sharing:

vride-sharing =

(
Route Tdep Ccapacity Fprice Ppassenger count

)
(6.46)

Bus Strategy Vector vbus:
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vbus =

(
Route Tdep Ccapacity Ffare Ppassenger count

)
(6.47)

Bike-Sharing Strategy Vector vbike:

vbike =

(
Availability Route Tdep Ccapacity Uusability

)
(6.48)

b. Velocity and Position Update: The velocity vp and position CHp of each particle p

are updated using the following equations:

vt+1
p = wvt

p + c1r1(pbestp −CHt
p) + c2r2(gbest−CHt

p) (6.49)

CHt+1
p = CHt

p + vt+1
p (6.50)

c. Fitness Evaluation: The fitness of each particle CHp is evaluated based on a fitness

function that considers the objectives of minimizing travel time and cost, and maximizing capacity

utilization.

F (CHp) = α ·

(
1

n

n∑
k=1

Ttrip,k

)
+β ·

(
1

n

n∑
k=1

Ctrip,k

)
−γ ·

(
1

M

M∑
m=1

Capacity Utilizationm

)
(6.51)

d. Update Personal Best and Global Best:

The personal best position pbestp for each particle is updated:

pbestp =


CHt+1

p if F (CHt+1
p ) < F (pbestp)

pbestp otherwise

(6.52)

The global best position gbest is updated if the new global best fitness is better:

gbest = arg min
p∈Pi

F (CHp) (6.53)
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2. Dynamic Role Assignment and Stackelberg Equilibrium:

This step integrates the Stackelberg game theory, where different players (passengers, ride-sharing,

buses, bikes) assume the roles of leaders or followers depending on the scenario.

a. Role Assignment: Each player j in community i is assigned a role, either as a leader or

follower, based on the current scenario.

b. Optimization for Leaders and Followers:

Passenger as Leader: When the passenger is the leader, they aim to minimize their travel

time and cost:

min

Nump∑
pi=1

(αpiTTpi + βpiTPpi) (6.54)

where αpi and βpi are the weighting factors for travel time and cost for passenger pi, respectively.

The transportation modes (ride-sharing, buses, bikes) adjust their strategies as followers.

Ride-Sharing as Leader: When ride-sharing is the leader, it aims to maximize capacity

utilization:

Ucj = max(1− Nump
cj
ex

Cac
) (6.55)

where Nump
cj
ex is the number of passengers in the car in route ex, and Cac is the maximum

capacity of the car. Passengers, buses, and bikes adjust their strategies as followers.

Bus as Leader: Buses aim to maximize their capacity utilization:

Ubk = max(1−
Numpbkex

Cab
) (6.56)

where Numpbkex is the number of passengers in the bus bk, and Cab is the maximum capacity of

the bus. Passengers, ride-sharing, and bikes adjust accordingly.

Bike-Sharing as Leader: Bike-sharing focuses on maximizing usability:

Ubkn = max

(∑nbk
n=1Numbkuse(Il)∑nbk
n=1Numbkav(Il)

)
(6.57)
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where Ubkn is the utility function for the usage rate of bicycles, Numbkuse(Il) denotes the

number of bicycles in use at location Il, Numbkav(Il) represents the total number of bicycles

available at location Il, and nbk is the number of locations or docking stations. Passengers and

other modes adjust their strategies as followers.

After each iteration, the change in strategies ∆Atlocal+1
i is calculated. The process continues

until the change in strategies is less than the convergence threshold ϵ or the maximum number

of local iterations Tlocal is reached.

Step 5: Inter-community information exchange (sub-algorithm 8)

Inter-community information exchange is a critical component of the DGT model. This process

ensures that information flows between different communities, enabling them to make informed

decisions that contribute to the overall optimization of the transportation network. Below is a

detailed explanation of the Inter-community information exchange process, including mathematical

equations, variables, and a real-world scenario.

In the DGT model, each community operates semi-autonomously, optimizing its transportation

strategies based on local data. However, to avoid conflicts and ensure global coherence, communities

must exchange information regularly. This process involves sharing relevant data about routes,

schedules, passenger demands, and resource allocation across communities, which allows for

coordinated decision-making that benefits the entire transportation system.

The variables and notations used in the algorithm are defined as follows. Comi represents

the i-th community. The strategy set for community Comi is denoted by Ai, while Ii indicates

the information set for community Comi. Information exchanged between community Comi

and community Comj is represented by Eij . The global strategy contributions from community

Comi are denoted by Gi. Additionally, Tglobal is the global iteration counter, and ϵ represents

the convergence threshold.

The information exchange process can be described as follows:

1. Information Collection: Each community Ci collects local data and strategies, represented

by Ii. This includes:

Ii = {Dpi , Rsi , Ra} (6.58)
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Where Dpi represents passenger demand patterns, Rsi represents route and schedule optimizations,

and Ra represents resource allocations, such as bus capacities and bike availability.

2. Information Sharing: Communities exchange their information sets with neighbouring

communities Comj . The shared information Eij from community Comi to community Comj

includes:

Eij = Ii ∩ Ij (6.59)

This includes optimized routes, schedules, and demand forecasts.

3. Global Strategy Contribution: Each community updates its strategies based on the

received information. This update is done to ensure that local optimizations do not conflict with

global goals.

Gt+1
i = f(St

i,Eij) (6.60)

where f(·) represents the strategy update function that integrates the exchanged information into

the local strategy.

Consider a city with two communities Com1 and Com2, representing different districts.

Each community has its own bus routes, ride-sharing services, and bike-sharing stations. The

communities are adjacent, and some transportation modes, like buses and ride-sharing, serve

both areas. Here’s how Inter-Community Information Exchange plays out in this scenario:

• Community Com1 has a high demand for morning bus routes, while Community Com2

experiences peak demand in the evening. Both communities share a major bus route

connecting a common business district.

• Initially, each community optimizes its transportation strategies independently. Community

Com1 might schedule more buses in the morning, while Community Com2 focuses on

evening services.

• Through Inter-Community Information Exchange, Community Com1 shares its morning

demand data and bus schedules with Community Com2, and vice versa.

• Based on the exchanged information, both communities adjusted their strategies:

– Community Com1 may decide to send a few morning buses to Community Com2 in

the afternoon, optimizing bus utilization.
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– Community Com2 might allocate more ride-sharing vehicles in the evening to support

the returning buses from Community Com1.

Step 6: Global Coordination and Strategy Aggregation (sub-algorithm

9)

Global coordination and strategy aggregation in the DGT is a critical phase where strategies

from different communities are harmonized to ensure that the overall transportation system

works cohesively. This process involves the aggregation of locally optimized strategies from

individual communities into a global strategy that benefits the entire network. Below is a detailed

explanation of Global Coordination and Strategy Aggregation, including mathematical equations,

variables, and a real-world scenario.

In the DGT model, each community optimizes its strategies locally based on local data and

objectives. However, these local strategies must be coordinated to ensure that they contribute

positively to the global objectives of the transportation system. Global Coordination and Strategy

Aggregation involve collecting these local strategies, evaluating them in the context of the entire

system, and updating them to form a cohesive global strategy.

The variable Comi represents the i-th community. The strategy set for community Comi is

denoted as Ai, while the aggregated global strategy set is represented by Aglobal. The weight

assigned to each community Comi based on its importance or size is indicated by wi. The global

iteration counter is denoted as Tglobal, and the convergence threshold is represented by ϵ.

Global Strategy Aggregation Process

The process can be described mathematically as follows:

1. Collection of Local Strategies:

Each community Comi has its optimized local strategy Alocal after completing its local

optimization. These strategies are collected for aggregation Aall = {A1,A2, . . . ,AComn}, where

Comn is the total number of communities.

2. Weighted Aggregation of Strategies:
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The global strategy Sglobal is obtained by aggregating the local strategies, taking into account

the relative importance or size of each community:

Aglobal =

Comn∑
i=1

wiAi (6.61)

where wi is the weight assigned to community C≀⇕i. This weight could be based on factors

like population size, transportation demand, or geographic area.

3. Global Fitness Evaluation:

The aggregated global strategy Aglobal is evaluated to determine its fitness in meeting the

overall objectives of the transportation system:

Fitnesstglobal = α ·

(
1

N

N∑
k=1

TTtrip,k

)
+β ·

(
1

N

N∑
k=1

TFtrip,k

)
−γ ·

(
1

M

M∑
m=1

Capacity Utilizationm

)
(6.62)

In this context, N represents the total number of passengers. The variables TTtrip,k and

TFtrip,k denote the trip time and cost for passenger k, respectively. The symbol γ is a weight

factor for capacity utilization.

4. Strategy Adjustment:

If global fitness does not meet the desired criteria, strategies are adjusted. This adjustment

could involve modifying local strategies to better align with global objectives:

Anew
i = Ai + λ · (Aglobal −Ai) (6.63)

where λ is a learning rate that controls the degree of adjustment.

5. Convergence Check:

The process iterates until the global strategy Aglobal converges, i.e., when changes between

iterations fall below a predefined threshold ϵ:

∆At+1
global = ∥At+1

global −At
global∥ < ϵ (6.64)
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Sample example: Consider a city where the DGT model is implemented to manage transportation

across multiple districts (communities). Each community optimizes its local transportation

strategy based on passenger demand, vehicle availability, and local traffic conditions. However,

these communities share several key routes and transportation resources, requiring coordination

to ensure efficient use of the transportation network.

• **Community A** might prioritize bus routes to handle a high volume of daily commuters.

• **Community B** could focus on ride-sharing to reduce traffic congestion.

• **Community C** may emphasize bike-sharing to promote eco-friendly transportation.

Step-by-Step Global Coordination

1. **Local Optimization**: Each community optimizes its local strategy Ai independently.

2. **Information Sharing**: Communities exchange strategies and relevant information (e.g.,

passenger flows, available vehicles).

3. **Global Aggregation**: The DGT system aggregates these local strategies using weighted

averaging, where larger or more critical communities have a greater influence on the global

strategy.

4. **Global Fitness Evaluation**: The global strategy Aglobal is evaluated. For example,

the system may find that while Community A’s strategy is locally efficient, it leads to

bottlenecks when combined with Communities B and C strategies.

5. **Strategy Adjustment**: If necessary, the global strategy is refined. For instance, Community

A may reduce its bus services slightly to allow better synchronization with Community B’s

ride-sharing schedules.

6. **Convergence**: The process continues until the global strategy is optimized, ensuring

that all communities operate in a way that benefits the entire city’s transportation network.

Step 7:Global Convergence Check (sub-algorithm 10)

In the DGT model, each community operates independently, optimizing its local strategies based

on local data and objectives. However, the system as a whole must work cohesively. The Global
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Convergence Check ensures that the aggregated strategies from all communities do not just

perform well locally but also contribute to the overall efficiency of the transportation network.

This involves checking whether the global optimization process has converged, i.e., whether further

iterations would result in negligible improvements.

The variable At
global represents the global strategy set at iteration t. The term Fitnesstglobal

denotes the fitness value of the global strategy at iteration t. The variable ∆Fitnesstglobal indicates

the change in global fitness between iterations t and t − 1. The symbol ϵ is the convergence

threshold, which is a small positive number that determines when the algorithm should stop.

Finally, Tglobal represents the maximum number of global iterations allowed.

The convergence check involves comparing the change in global fitness between successive

iterations. The process is mathematically represented as follows:

∆Fitnesstglobal =
∣∣∣Fitnesstglobal − Fitnesst−1

global

∣∣∣ (6.65)

Convergence is achieved when:

∆Fitnesstglobal < ϵ OR t ≥ Tglobal (6.66)

where ϵ is a predefined threshold that indicates when the change in fitness is sufficiently small

to stop the optimization process, and Tglobal is the maximum number of iterations allowed.

Step-by-Step Global Convergence Check

1. Initialize Global Parameters:

At the start of the optimization process, set t = 0 and Fitness0global based on the initial

global strategy S0
global.

2. Evaluate Global Fitness:

For each iteration t, evaluate the global fitness Fitnesstglobal using the aggregated strategies
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from all communities:

Fitnesstglobal = α·

(
1

N

N∑
k=1

TTtrip,k

)
+β·

(
1

N

N∑
k=1

TFtrip,k

)
−γ·

(
1

M

M∑
m=1

Capacity Utilizationm

)
(6.67)

In this context, N represents the total number of passengers. The variables TTtrip,k and

TFtrip,k denote the trip time and cost for passenger k, respectively. The symbol γ is a

weight factor for capacity utilization.

3. Check Convergence:

Calculate the change in global fitness:

∆Fitnesstglobal =
∣∣∣Fitnesstglobal − Fitnesst−1

global

∣∣∣ (6.68)

Compare ∆Fitnesstglobal with the convergence threshold ϵ:

• If ∆Fitnesstglobal < ϵ, the algorithm has converged, and the optimization process can

stop.

• If t ≥ Tglobal, stop the process as the maximum number of iterations has been reached,

even if convergence is not achieved.

4. Update Global Strategy:

If convergence is not achieved, update the global strategy At
global based on feedback from

the fitness evaluation. This could involve re-adjusting local strategies or re-aggregating the

global strategy.

5. Repeat the Process:

Increment the global iteration counter t and repeat the process until convergence is achieved

or the maximum number of iterations Tglobal is reached.
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Algorithm 6 Community Initialization and Population Generation using GA

Input: Community i, Local parameters, Population size PS
Output: Initialized population Poi for community i

47 Step 1: Initialization
Set Parameters: Define the population size N , set the crossover probability pc, set the
mutation probability pm, define the number of generations G, and initialize the iteration
counter g = 0.

48 Step 2: Generate Initial Population POi using GA
Generate an initial population Poi = {CH1,C2, . . . ,CHN} where each chromosome CHj

(j ∈ {1, 2, . . . , N}) is a vector representing a candidate solution ( strategy):

CHj =
[
vpassenger vride-sharing vbus vbike

]
49 Step 3: Evaluate Fitness of Initial Population

50 Evaluate the fitness Fitness(CHj) of each individual CHj ∈ Poi.

51 Step 4: Selection Process

52 Select pairs of parent chromosomes from the population Poi based on their fitness scores.

Poselected ← SelectParents(Poi, F itness(Poi))

53 Step 5: Crossover operation
For each pair of selected parents, apply crossover with probability pc to generate offspring:

CHchild = Crossover(CHparent1,CHparent2, pc)

54 Step 6: Mutation operation
Apply mutation to each gene in the offspring chromosomes with mutation probability pm:

CHmutated = Mutate(CHchild, pm)

55 Step 7: Fitness Evaluation of New Population

56

Fitness(P
(g+1)
i ) = EvaluateFitness(P

(g+1)
i )

57 Step 8: Repeat or Terminate: Increment generation counter: g = g + 1
if g < G then

58 Go to Step 4: Selection Process

59 else
60 Terminate and Return final population Poi (optimized initial strategies)
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Algorithm 7 Local Optimization within Community (Using PSO and Stackelberg)

Input: Com (number of the community), Population Poi, Maximum local iterations Tlocal,
Convergence threshold ϵ

Output: Optimized local strategies S∗
i

61 Set local iteration counter tlocal = 0
62 while tlocal < Tlocal and not converged locally do

63 Step 3.1: PSO Operations
for each particle p ∈ Pt

i do
64 Update velocity and position:

vt+1
p = wvt

p + c1r1(pbestp −CHt
p) + c2r2(gbest−CHt

p) (6.69)

CHt+1
p = CHt

p + vt+1
p (6.70)

Calculate the fitness Update pbestp and gbest based on fitness

65 Step 3.2: Dynamic Role Assignment and Stackelberg Equilibrium
for each player j ∈ community i do

66 if Passenger j is the leader then
67

min

Nump∑
pi=1

(αpiTTpi + βpiTPpi) (6.71)

The transportation modes (ride-sharing, buses, bikes) adjust their strategies as
followers.

68 else if Ride-sharing is the leader then
69

Ucj = max(1− Nump
cj
ex

Cac
) (6.72)

Passengers, buses, and bikes adjust their strategies as followers.

70 else if Bus is the leader then
71

Ubk = max(1−
Numpbkex
Cab

) (6.73)

Passengers, ride-sharing, and bikes adjust their strategies as followers.

72 else if Bike-sharing is the leader then
73

Ubkn = max

(∑nbk
n=1Numbkuse(Il)∑nbk
n=1 Numbkav(Il)

)
(6.74)

Passengers, ride-sharing, and buses adjust their strategies as followers.

74 Update strategies At+1
i based on the Stackelberg equilibrium for each role

configuration

75 Step 3.3: Local Convergence Check

Calculate change in local strategies ∆Atlocal+1
i Check convergence: Converged =(

∆Atlocal+1
i < ϵ

)
OR (tlocal ≥ Tlocal) Increment local iteration counter tlocal

76 Return optimized local strategies A∗
i
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Algorithm 8 Inter-Community Information Exchange

Input: Communities i and k, strategies At+1
i , At+1

k

Output: Updated strategies At+1
i , At+1

k

77 Information Exchange:
Share optimized strategies between communities i and k

78 Strategy Adjustment:
Adjust strategies based on exchanged information:

At+1
i ← Adjust(At+1

i ,At+1
k ) (6.75)

Algorithm 9 Global Coordination and Strategy Aggregation

Input: Aggregated local strategies Ai from all communities
Output: Global optimized strategy A∗

global

79 Step 1: Aggregate Local Strategies
Combine local strategies into a global strategy Aglobal

Aggregate strategies from all communities:

A∗
global =

M∑
i=1

wiA
t+1
i (6.76)

where wi are weights assigned to each community based on its importance

80 Step 2: Evaluate Global Fitness
Evaluate the fitness of the global strategy F (Aglobal)

81 Step 3: Optimize Global Strategy (if necessary)
If global fitness is not near-optimal, adjust strategy components Return Global
optimized strategy A∗

global

Algorithm 10 Global Convergence Check

Input: Global strategy A
tglobal
global , Previous global strategy A

tglobal−1

global , Convergence threshold
ϵ

Output: Boolean indicating global convergence

82 Step 1: Calculate Global Strategy Change

Calculate the change in global strategy: ∆Aglobal =
∣∣∣Atglobal

global −A
tglobal−1

global

∣∣∣
83 Step 2: Check Convergence

Check if the change in strategy is below the convergence threshold: Global Converged =
(∆Aglobal < ϵ) OR (tglobal ≥ Tglobal)

84 Return Boolean value indicating global convergence
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6.5 Simulations and Results

6.5.1 Simulation Setup

The discussion in this section is focused on the effectiveness of the proposed model when the

passenger uses different transportation modes on his trip. To evaluate the model in this thesis,

the authors use OMNET++ to build the proposed model. The module interfaces and protocol

messages have been implemented by extending Inet and V eins modules, which are written in

C++. V enis is used to realize the transportation mobility environment and Inet framework

to build a Wifi and the Fog layer with its services. Also, the researchers connect V eins with

SUMO to create the random mobility scenario. By integrating these tools and methodologies, a

comprehensive analysis of the interactions between various transport modes and their users can

be achieved in a dynamic, urban transportation setting.

To read the whole setup for the experiment, please refer to section 3.6. Here, the main

addition is the creation of the Fog infrastructure. To create the fog infrastructure in the DGT

(Decentralized Game Theory) model using simulation tools such as OMNeT++, INET, and

related frameworks, follow these steps. These tools help simulate a distributed network environment

where fog nodes (representing edge devices) process and exchange information locally, reducing

the need for centralized processing.

1. Define Fog node behavior in OMNeT++: Define custom modules in OMNeT++

for fog nodes. Each fog node can be represented by a C++ class that inherits from

the cSimpleModule class in OMNeT++. This class manages the fog node’s behaviour,

processing capabilities, and communication functions.

2. Initialize the Fog nodes:

Initialize parameters for fog nodes in the initialize method. This can include processing

power, storage capacity, and bandwidth limitations.

3. Data processing and management: Implement local data processing logic in the

handleMessage method. When a message is received, the fog node can decide whether

to process the data locally or forward it to other nodes based on specific criteria.
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4. Simulate communication between Fog nodes Use the INET framework to simulate

communication links between fog nodes, edge devices, and the cloud. Define communication

channels using cChannel classes to represent different network properties (e.g., delay,

bandwidth).

5. Implement Fog services and decision-Making functions

Implement decision-making and optimization functions within the fog nodes to handle data

aggregation, processing, and local optimization tasks.

6. Simulate mobility and dynamic environments

If fog nodes represent mobile devices or vehicles, use mobility modules in INET to simulate

their movement and dynamic changes in the network.

Integrate with Other Components in the DGT Model Integrate fog nodes with

the game-theoretical decision-making models, the Stackelberg game and Particle Swarm

Optimization (PSO) to simulate decentralized optimization across communities.

7. Visualization and analysis Utilize OMNeT++’s built-in visualization tools to display

the fog nodes’ operations, data flows, and optimization outcomes.

By following these steps, you can simulate the fog infrastructure in the DGT model using

OMNeT++, INET, and other relevant simulation tools, reflecting a community-based, decentralized

approach to transportation optimization.

6.5.2 Experiment Evaluations and Results Discussion

1. DGT Performance

a. passenger’s normalized average trip time

Figure 6.3 shows that the passenger’s normalized average trip time differs from one transportation

mean to another. We note that the average time value when the passengers use the public bus

only or two transportation types or three modes is not much different from 9:00 until 16:00. The

average value is usually identical if the passenger uses the public bus in combination with car
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ride-sharing or if he takes the public bus only. However, this value differs from 11:00 to 13:00

and also from 16:00 to 18:00. In Tables 6.1- 6.2, the researchers use the public bus as a reference

to calculate the normalized average trip time-saving rate. In Table 6.1, the normalized average

trip time-savings rate between using only the public bus and using the public buses with car

ride-sharing is 8 at the beginning of the day and 15 at the end of the day. Table 6.1 shows the

savings rate between taking the bus only over the whole journey versus taking all three means of

transportation. The savings rate is 18 from 9:00 until 12:00, and this rate increases to reach 45

at 18:00.

b. passenger’s normalized average trip price

From Figure 6.4, we note that the normalized average trip price when the passenger takes the three

transportation modes (public bus, ride car-sharing and bicycle-sharing) is lower compared with

using two modes or only one mode. In Table 6.4, the normalized average trip price-savings rate

between using only the public bus and using the public buses in combination with car ride-sharing

is 0 at the beginning of the day and 5 at the end of the day. The savings rate between taking the

bus only during the whole journey and taking all three transportation means in combination is
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Figure 6.3: Normalized average trip time using the DGT with variety of transportation

modes
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Table 6.1: Normalized average trip time saving rate between using the DGT (public bus

only) and using the DGT (public bus + ride car-sharing)

Day time
(hour)

DGT(public
bus only)

DGT(public bus and
ride-sharing) ($)

Saving rate
(%)

9:00-12:00 a.m 90 82 8
12:01-15:00 a.m 80 80 0
15:01-18:00 100 85 15

Table 6.2: Normalized average trip time saving rate between using the DGT (public bus

only) and using the DGT (the three modes)

Day time
(hour)

DGT(public
bus only) ($)

DGT(the three modes)
($)

Saving rate
(%)

9:00-12:00 a.m 90 72 18
12:01-15:00 a.m 80 71 9
15:01-18:00 100 55 45
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Figure 6.4: Normalized average trip price using the DGT with variety of transportation

modes

10 from 9:00 until 12:00. This rate increases to 25 at 18:00, as evident in Table 6.3.
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Conclusion

We note from the results above that the saving rate time between using the bus only and using

the bus and car ride-sharing in combination is not significantly different and reaches zero at 15:00.

In contrast, it is possible to reach the destination faster if the passenger uses the three types of

transportation throughout the entire trip. As for the cost of the journey, the average trip price

is almost equal whether public bus only or two types of transportation are used in combination.

When the user uses the three modes (public bus, ride car-sharing and bicycle) the price is lower

than using two or one type of transportation. We conclude from previous that for people who

aim to arrive at the fastest time and the lowest cost, the best option provided by the proposed

model is to move between the three different types of transportation. As for the passenger who

does not want to take the bicycle for any reason, the most appropriate option is to ride the bus

only without using any other means of transportation.

Table 6.3: Normalized average trip price saving rate between using the DGT (public bus

only) and using the DGT (the three modes)

Day time
(hour)

DGT(public
bus only) ($)

DGT(the three modes)
($)

Saving rate
(%)

9:00-12:00 a.m 100 90 10
12:01-15:00 a.m 85 60 25
15:01-18:00 70 45 25

2. Comparison DGT with model in [5]

As we mentioned previously, the DGT is multi-mode transportation to optimize the trip time

and fare for the whole trip. In this subsection, we compare the DGT with the proposed model in

[5], which optimized the trip cost only without considering the trip time. This study developed

a multi-model to solve the problem of dynamic ridesharing within different days. The authors

considered whether the user with a private car or not and can choose to be a single driver, a

participant, or take public transportation.

Figure 6.5 shows that the normalized average trip price when using DGT is lower in comparison

with the model presented in the reference [5]. The normalized average trip price in both models

is not much different from 9:00 until noon. But in the afternoon, the normalized average trip
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Table 6.4: Normalized average trip price saving rate between using the DGT (public bus

only) and using the DGT (public bus + ride car-sharing)

Day time
(hour)

DGT(public
bus only) ($)

DGT(public bus + ride
car-sharing) ($)

Saving rate
(%)

9:00-12:00 100 100 0
12:01-15:00 85 80 5
15:01-18:00 70 65 5

in DGT drops and reaches 45 at 18:00. This decrease is not big for the scheme in [5]. In

Table 6.5, the normalized average trip price-savings rate between using the DGT and using the

model in [5] is 5 at the beginning of the day and 25 at the end of the day. From comparing

 

The other model 

Figure 6.5: Normalized average trip price using the DGT with various transportation

modes and using the model in reference [5]

Table 6.5: Normalized average trip price saving rate between using the DGT and using

the model in [5]

Day time
(hour)

The model in
reference [5]
($)

DGT model($)
Saving rate
(%)

9:00-12:00 a.m 95 90 5
12:01-15:00 a.m 75 60 15
15:01-18:00 70 45 25
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Figure 6.5 and Figure 6.4, we can conclude that the journey normalized average price when the

passenger takes the bus only in the DGT model is almost the same as the price when using the

multi-transportation mode model in [5].

3. Comparison Between DGT and GT-MMT Model

To compare the DGT (Decentralized Game Theory) model and the GT-MMT (Game Theory

Multi-Mode Transportation) model, we evaluate their performance in terms of travel time reduction

and cost savings across different periods during the day. This comparison provides insights

into how both models perform under varying traffic conditions, demand levels, and operational

constraints.

a. Travel Time Comparison Table Across Different Periods

Table 6.6: Travel Time Comparison Across Different Periods

Period Model
Morning
Peak
(min)

Midday
(min)

Evening
Peak
(min)

Percentage
Improvement
(%)

Morning Peak
GT-MMT 42.0 35.0 46.0 16.7
DGT 39.0 32.0 42.0 20.0

Midday
GT-MMT 30.0 25.0 33.0 16.7
DGT 28.0 22.0 30.0 21.4

Evening Peak
GT-MMT 45.0 37.0 50.0 17.8
DGT 42.0 33.0 46.0 21.4

The percentage improvement in travel time for each period is calculated using the formula:

Percentage Improvement (%) =

(
TGT-MMT − TDGT

TGT-MMT

)
× 100 (6.77)

In this formula, TGT-MMT represents the optimized average travel time for the GT-MMT

model, and TDGT denotes the optimized average travel time for the DGT model.

During the Morning Peak period, the DGT model achieves a 20.0% improvement in travel

time compared to 16.7% for the GT-MMT model, indicating its superior performance in handling

high-demand scenarios with its decentralized decision-making approach. In the Midday period,
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when traffic is generally lighter, both models perform well, but the DGT model still outperforms

the GT-MMT model with a 21.4% improvement compared to 16.7%. This shows the DGT

model’s adaptability to fluctuating demand throughout the day. During the Evening Peak period,

which typically involves heavy traffic, the DGT model again outperforms the GT-MMT model

with a 21.4% improvement versus 17.8%, demonstrating its capability to dynamically adjust

strategies based on real-time conditions. Overall, the DGT model consistently shows better travel

time improvements across all periods, underscoring its advantage in dynamic and decentralized

optimization.

b. Cost Savings Comparison Table Across Different Periods

Table 6.7: Cost Savings Comparison Across Different Periods

Period Model
Morning
Peak ($)

Midday
($)

Evening
Peak ($)

Percentage
Cost
Reduction
(%)

Morning Peak
GT-MMT 12.00 9.50 14.00 20.0
DGT 11.00 8.50 12.50 22.7

Midday
GT-MMT 8.50 7.00 9.50 17.6
DGT 8.00 6.00 8.50 25.0

Evening Peak
GT-MMT 13.50 10.50 15.00 22.2
DGT 12.00 9.00 13.00 25.9

The percentage cost reduction for each period is determined using the following formula:

Percentage Cost Reduction (%) =

(
CGT-MMT − CDGT

CGT-MMT

)
× 100 (6.78)

Here, CGT-MMT is the optimized average cost for the GT-MMT model, while CDGT represents

the optimized average cost for the DGT model.

In the Morning Peak period, the DGT model achieves a 22.7% cost reduction compared

to 20.0% for the GT-MMT model, highlighting its effectiveness in reducing costs during high-

demand periods through localized decision-making. During the Midday period, the DGT model’s

cost reduction is 25.0%, significantly higher than the GT-MMT model’s 17.6%, demonstrating its

flexibility and efficiency in optimizing costs when demand is more variable. In the Evening Peak

period, the DGT model again outperforms the GT-MMT model with a 25.9% cost reduction
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compared to 22.2%, reflecting its ability to better manage resources and minimize costs in

high traffic conditions. Overall, the DGT model shows consistently higher cost savings across

all periods, suggesting that its decentralized, community-based approach is more effective in

managing transportation costs dynamically.

Conclusion

From the comparison of travel time and cost savings across different periods, the DGT model

consistently outperforms the GT-MMT model. The decentralized decision-making and real-

time adjustments in the DGT model provide greater flexibility and efficiency, leading to better

optimization outcomes in various traffic and demand conditions. This indicates that the DGT

model could be more suitable for complex urban environments where adaptability and localized

decision-making are critical for efficient transportation management.

c. Travel Time Comparison between the GT-MMT and Different Communities

Table 6.8: Travel Time Comparison Between GT-MMT and DGT

Community

Optimized
Avg. Travel
Time (GT-
MMT) (min)

Optimized
Avg. Travel
Time (DGT)
(min)

Improvement
of DGT over
GT-MMT
(min)

Percentage
Improvement
of DGT over
GT-MMT (%)

Community 1 36.0 30.0 6.0 16.7
Community 2 42.0 35.0 7.0 16.7
Community 3 34.0 28.0 6.0 17.6
Community 4 48.0 38.5 9.5 19.8
Community 5 41.0 34.0 7.0 17.1

The improvement of DGT over GT-MMT in minutes is calculated by subtracting the optimized

average travel time of the DGT model from that of the GT-MMT model:

Improvement of DGT over GT-MMT (min) = TGT-MMT − TDGT (6.79)

The percentage improvement of DGT over GT-MMT is calculated using the formula:

Percentage Improvement of DGT over GT-MMT =

(
TGT-MMT − TDGT

TGT-MMT

)
× 100 (6.80)
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For example, in Community 1, the optimized average travel time using the GT-MMT model

is 36.0 minutes, whereas the optimized average travel time using the DGT model is 30.0 minutes.

The improvement of the DGT over the GT-MMT is 6.0 minutes, calculated as 36.0− 30.0. The

percentage improvement is 16.7%, calculated as
(
36.0−30.0

36.0

)
× 100.

This table directly compares the optimized average travel times achieved by the GT-MMT

and DGT models. It highlights the absolute and percentage improvements of the DGT model

over the GT-MMT model for each community.

The observations indicate that the DGT model shows consistent improvements over the GT-

MMT model in reducing travel time across all communities. For example, in Community 1, the

DGT model improves travel time by 6.0 minutes, which is a 16.7% improvement over the GT-

MMT model. The conclusion drawn from this data is that the decentralized optimization of the

DGT model offers better travel time reductions than the centralized GT-MMT model, reflecting

the benefits of localized decision-making and dynamic adjustments.

d. Cost Savings Comparison between the GT-MMT and Different Communities

Table 6.9: Cost Savings Comparison Between GT-MMT and DGT

Community

Optimized
Avg. Cost
(GT-MMT)
($)

Optimized
Avg. Cost
(DGT) ($)

Cost
Reduction
of DGT over
GT-MMT ($)

Percentage
Cost
Reduction
of DGT over
GT-MMT (%)

Community 1 12.00 10.50 1.50 12.5
Community 2 15.50 12.60 2.90 18.7
Community 3 14.50 11.55 2.95 20.3
Community 4 17.50 14.00 3.50 20.0
Community 5 12.50 9.80 2.70 21.6

The cost reduction of DGT over GT-MMT in dollars is calculated by subtracting the optimized

average cost of the DGT model from that of the GT-MMT model:

Cost Reduction of DGT over GT-MMT = CGT-MMT − CDGT (6.81)
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The percentage cost reduction of DGT over GT-MMT is calculated using the formula:

Percentage Cost Reduction of DGT over GT-MMT =

(
CGT-MMT − CDGT

CGT-MMT

)
× 100 (6.82)

For example, in Community 1, the optimized average cost using the GT-MMT model is $12.00,

whereas the optimized average cost using the DGT model is $10.50. The cost reduction of the

DGT over the GT-MMT is $1.50, calculated as 12.00 − 10.50. The percentage cost reduction is

12.5%, calculated as
(
12.00−10.50

12.00

)
× 100.

This table directly compares the optimized average costs achieved by the GT-MMT and DGT

models. It highlights the absolute and percentage cost reductions achieved by the DGT model

over the GT-MMT model for each community.

The observations reveal that the DGT model consistently achieves cost reductions over the

GT-MMT model across all communities. For instance, in Community 1, the DGT model reduces

costs by $1.50, which is a 12.5% reduction compared to the GT-MMT model. The conclusion

drawn is that the community-based DGT model is more effective in reducing costs compared to

the centralized GT-MMT model. This is likely due to the DGT model’s ability to tailor strategies

to local conditions, achieving more efficient resource allocation and cost savings.
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Chapter 7 Conclusion and Future

Work

7.1 Concluding Remarks

In this thesis, we design three dynamic multi-mode transportation models: DMT, GT-MMT,

and DGT. The main concept of the three models—dynamic mobility traffic (DMT), game theory

multi-mode transportation (GT-MMT), and decentralized game-theoretic (DGT)—is to enhance

urban transportation efficiency by integrating multiple transportation modes and utilizing advanced

optimization algorithms. The dynamic transportation models provide the much-needed flexibility

and efficiency required to meet the demands of modern, fast-paced urban environments. They

improve the capacity to manage networks, enhance the user experience, optimize resource utilization,

and contribute to creating sustainable and resilient urban transport models. Multi-mode transportation

schemes provide efficiency, environmental sustainability, and improved urban mobility advantages.

Despite their complexity and implementation challenges, planners and policymakers must comprehend

the dynamics, benefits, and obstacles associated with these models to enhance city transportation

networks.

We develop a dynamic mobility traffic (DMT) model to enable passengers to use car ride-

sharing and public buses either in combination or alone during their trip with the fastest time

and lowest fare. At each station, passengers can be informed of the capacity of the car ride-share

or public bus that will pass through the station, as well as the current position of each car or bus.

The results indicate that the average stress levels from using car ride-sharing or public buses are

similar. This stress level is higher than the stress level of using cars and buses in the near-optimal

combination. In addition, the results highlight that passengers experience less satisfaction when

only using public buses. Likewise, the satisfaction rate of passengers increases when using the

appropriate combination of a public bus and car ride-share for transportation, thereby achieving

lower costs and faster arrival. Furthermore, DMT is compared with a multi-load model in [140].

This comparison shows that our DMT is better in terms of lower fares and faster arrival times

than a multi-load model.
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The second model in this thesis is the GT-MMT model, which is based on the Stacklberg

game theory. We allow the traveller to enjoy their trip by using a combination of bus, car

ride-sharing, and bicycle. The GT-MMT model integrates advanced optimization techniques,

Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Stackelberg game theory.

The selection of the best trip combination is based on the Stackelberg equilibrium game theory

model, where a leader defines the rules of the game while the rest of the players follow the leader.

In this research, the passenger is the leader, and the rest of the vehicles follow the leader to define

the strategies and utility functions. The utility function varies from player to player within the

scope of the same game theory. While the passenger aims to reach the destination in the lowest

possible time and for the lowest price depending on the type of vehicle they prefer to ride in, for

the bus and the car, the goal is to try to have the seats vacant as often as possible, while for

the bike, the goal is to maximize usage. Simulation results show that the GT-MMT gives riders

a near-optimal trip at a lower cost and faster time, increasing user satisfaction regarding city

transportation services.

The third model is called the DGT algorithm, as presented in this thesis. The decentralized

game-theoretic (DGT) model offers a transformative approach to urban transportation management

by leveraging community-based decision-making and fog computing. Unlike centralized models,

the DGT model distributes computational power and decision-making across multiple localized

fog nodes, enabling real-time, context-sensitive optimizations. Through a network of interconnected

communities, each equipped with its own local strategies and objectives, the DGT model effectively

balances global coordination with local autonomy. The DGT model integrates advanced optimization

techniques, Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and decentralized

Stackelberg game theory. It enhances the efficiency and responsiveness of transportation services.

This decentralized framework not only improves travel times and reduces costs but also increases

system resilience and adaptability to local conditions, making it a robust solution for modern

urban mobility challenges. The ”Multiple Concurrent Stackelberg Games” approach best embodies

the principles of the DGT model by enabling localized, decentralized decision-making, improving

flexibility, and enhancing overall system efficiency. This approach ensures that the transportation

system can respond dynamically to varying local conditions and needs, making it the most suitable

application of the Stackelberg concept in a community-based model like DGT.

This thesis uses the tools OMNET++, Inet, Veins, and OpenStreetMap modules to build
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an integrated simulation system. Using OpenStreetMap, part of a map of the City of Ottawa

is taken as a case study. This simulation helps study the behaviour of the proposed model

during the day in the City of Ottawa. OMNeT++ is a discrete event simulation environment

primarily used for building network simulators. While it is commonly associated with networks,

OMNeT++ is actually generic enough to be used for any discrete event simulation. This makes

it versatile for various simulation needs, including those outside of networking. OpenStreetMap

(OSM) is a collaborative project that creates a free editable map of the world, built by a

community of mappers who contribute and maintain data about roads, trails, cafes, railway

stations, and much more worldwide. The Veins framework provides a comprehensive and rich

platform for conducting experiments that study the interplay between vehicular movement and

network performance, proving invaluable for vehicular communication systems research. The

INET framework is a crucial simulation library for the OMNeT++ simulation environment,

extensively used for modelling and simulating various communication network protocols. INET

serves as a core framework for many specialized simulation models and is actively developed and

maintained with a large community of users and contributors.

The three proposed models can be easily applied to cities other than Ottawa because the

equations take into account the different traffic conditions and designs of roads within cities,

which are generated by a SUMO. Indeed, the model is suitable for short trips (rather than long

trips) within a small city area.

7.2 Future Work

Based on the studies and conclusions in this thesis, several areas could be considered for future

research. These are summarized as follows:

1. Improve the three models by considering user experience to improve the transportation

service further and make mobility in the city more efficient, convenient, and enjoyable.

2. Improve the proposed algorithms, DGT and GT-MMT, by using data analytics technology

in the infrastructure for the model. This will help to manage the proposed model better

and facilitate more transparent and secure communication between players.
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3. Extend future work by considering more transportation forms, such as trains. Also,

electrified transportation can be an open issue for our work. We plan to study the privacy

protection of our system regarding location-based services (LBS), especially for reviewing

the publication of users and for tracking transportation forms’ states.

4. A potential future enhancement for the GT-MMT model is developing an adaptive Stackelberg

game framework incorporating learning mechanisms. This would involve using reinforcement

learning algorithms to allow both the leader (passenger) and followers (transportation

modes) to continuously learn and adapt their strategies based on observed behaviour and

outcomes.

5. Integration of electric and autonomous vehicles into the GT-MMT Framework. This

integration would require modifying the existing game-theoretic framework to account

for these vehicles’ unique operational characteristics and constraints, such as battery life

management for electric vehicles and route optimization for autonomous vehicles. This

would enhance the model’s relevance in modern smart cities.

6. Enhances the inter-community coordination through multi-agent systems in the DGT

model. By modelling each community as an intelligent agent capable of negotiation and

cooperation, the DGT model can enhance its ability to manage inter-community transportation

flows and resource allocation more efficiently, especially in densely populated urban areas.
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Appendix A-Confidence Intervals Cal-

culation

There are several methods to compute the confidence intervals (CI) for the proposed models, and

one of the most commonly used approaches is the quantitative technique.

In this method, n represents the number of simulation runs. The key metrics, such as average

user satisfaction and average transportation stress level (in the DMT model), average trip time

and average trip price variation (in the GT-MMT model), and normalized average trip time using

different transportation modes (in the DGT model), are measured by averaging the results across

n successive runs. Multiple simulations are conducted to ensure no correlations in the presented

results.

The results from a series of runs are gathered to calculate the confidence interval, aiming for

a 95% confidence level, with a reliability factor (Zvalue = 1.96).

The mean value of the collected runs R1, R2, . . . , Rn is calculated using Equation A.1:

R̄ =
1

n

n∑
i=1

Ri (A.1)

The variance (V 2
r ) is computed by Equation A.2:

V 2
r =

1

n− 1

n∑
i=1

(Ri − R̄)2 (A.2)

The standard deviation (σ) is determined by Equation A.3:

σ =

√√√√ 1

n− 1

n∑
i=1

(Ri − R̄)2 (A.3)

The confidence interval for the sample mean is calculated using Equation A.4:

CI = R̄± Zvalue ×
σ√
n

(A.4)
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Where R̄ is the sample mean, n is the sample size (number of runs), and Zvalue is the

corresponding value for a 95% confidence level.

The upper and lower bounds of the 95% confidence interval are calculated using Equations

A.5 and A.6:

U(CI) = R̄ + Zvalue ×
σ√
n

(A.5)

L(CI) = R̄− Zvalue ×
σ√
n

(A.6)

The results collected are found to lie within the calculated 95% confidence interval, as

determined by Equations A.5 and A.6. In our results, the confidence interval (CI) was found

to be very small and negligible, indicating that the values are tightly clustered around the mean.

As a result, we did not include the CI bars on the curve, as they would not provide any additional

meaningful insight.
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