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Abstract

Abstract

Nowadays, the increased human mobility combined with high use of private cars
increases the load on environment and raises issues about quality of life. The
extensive use of private cars lends to high levels of air pollution, parking problem,
traffic congestion and low transfer velocity. In order to ease these shortcomings, the
car pooling program, where sets of car owners having the same travel destination
share their vehicles, has emerged all around the world.

In the beginning of 20th century, the widespread use of internet and mobile phones
has greatly helped car pooling to expand by enabling people to find, contact and
arrange their car pool members more easily. However, the car pooling shows a lack of
research on its optimization, since only very few works can be found in the literature.
With such background, we present here our research on the long-term car pooling
problem. In this thesis, the long-term car pooling problem is modeled and metaheuris-
tics for solving the problem are investigated.

The thesis is organized as follows. First, the definition and description of the prob-
lem as well as its mathematical model are introduced. Then, several metaheuristics to
effectively and efficiently solve the problem are presented. These approaches include
a Variable Neighborhood Search Algorithm, a Clustering Ant Colony Algorithm, a
Guided Genetic Algorithm and a Multi-agent Self-adaptive Genetic Algorithm. Ex-
periments have been conducted to demonstrate the effectiveness of these approaches
on solving the long-term car pooling problem. Afterwards, we extend our research to
a multi-destination daily car pooling problem, which is introduced in detail manner
along with its resolution method. At last, an algorithm test and analysis platform for
evaluating the algorithms and a car pooling platform designed for the students of
Artois University are presented in the appendix.

Key-words: optimization, car pooling problem, local search, metaheuristic,
hyper-heuristic, multi-agent system.



R&umé

Résumeé

La dispersion spatiale de I'habitat et des activité de ces derniées deéeennies a forte-
ment contribuéaun allongement des distances et des temps de trajets domicile-travail.
Cela a pour conséjuence un accroissement de l'utilisation des voitures particulieres,
notamment au sein et aux abords des grandes agglomé&ations. Ce boom de la mobilité
n'est pas sans conseéguence et l'actualiténous le rappelle chaque jour: la pollution
atmosphé&ique, les accidents de la route, les embouteillages, ... Afin de réduire les
impacts dus al'augmentation du trafic routier, des services de covoiturage, ou des
usagers ayant la mé&ne destination se regroupent en éjuipage (un chauffeur et des
passagers) pour se déplacer, ont &émis en place partout dans le monde.

Les avancees technologiques de ces derniées dé&ennies de l'internet, de la téé
phonie mobile et des systames de gédlocalisation ont largement contribué afaciliter
I'utilisation des systémes de covoiturage, elles permettent plus facilement aux usagers
de trouver, de contacter et de constituer les €éjuipages. Toutefois, le probléme du
covoiturage semble &re le parent pauvre de la famille des problémes de tournees de
véicules: trés peu de travaux concernent cette problématique. Néanmoins, on con-
state depuis quelques années, un int&é& accru pour ce probléne, dGaux mouvements
¢cologiques, a l'augmentation des prix du carburant, ... Nous présentons ici nos
travaux sur le probleme de covoiturage ré&julier. Dans cette these, le problénes de
covoiturage regulier a @émodé@iséet plusieurs méaheuristiques de réolution ont &é
implénentees, testés et comparées.

La these est organisé de la fagn suivante: tout d'abord, nous commengns par
pré&enter la définition et la description du probléme ainsi que le modde mathématique
associé Ensuite, plusieurs méaheuristiques pour réoudre le probléne sont préen-
tées. Ces approches sont au nombre de quatre: un algorithme de recherche locale a
voisinage variable, un algorithme &abase de colonies de fourmis, un algorithme gé&
néique guidée et un systéne multi-agents généiques auto-adaptatif. Des expé&iences
ont &émenées pour démontrer I'efficacitéde nos approches. Nous continuons ensuite
avec la pré&entation et la réolution d'une extension du probléne de covoiturage
occasionel comportant plusieurs destinations. Pour terminer, une plate-forme java de
test et d'analyse pour éaluer nos approches et une plate-forme de covoiturage conqie
pour les éudiants de I'Universitéd'Artois sont pré&sentées dans l'annexe.

Mots-clé&s: optimisation, probléne du covoiturage, recherche locale, méaheuristigque,
hyper-heuristique, systéme multi-agents.



Introduction

Introduction

This Ph.D. thesis focuses on solving complex combinatorial problems and particularly
logistic and transport problems. It presents the results of three years’ research held in
laboratory LGI2A of Artois University in France.

Rising vehicle number and increased use of private cars have caused significant
traffic congestion, noise and energy waste. Public transport cannot always be set up in
the non-urban areas. Car pooling, which is based on the idea that sets of car owners
having the same travel destination share their vehicles, has emerged to be a viable
possibility for reducing private car usage around the world.

Nowadays, more and more information and communication systems become
available to serve the real-world applications. The widespread use of World Wide
Web, Geographic Information Systems (GIS), Global Positioning Systems (GPS), and
mobile telephones makes the car pooling programs more and more popular and
easy-to-implement. In spite of the interest in real-world applications, the research on
the optimization of the car pooling problem is still limited. In the literature, only very
few studies can be found for the car pooling problem. Especially, there is a lack of
research for the long-term car pooling problem, which is however commonly used by
large companies, public organizations and universities.

During the last decade, metaheuristics are raising a large interest in optimization
community and particularly in the transportation domain. They represent more gen-
eral approximate algorithms applicable to a large variety of optimization problems.
They provide acceptable solutions in a reasonable time for solving hard and complex
problems in science and engineering. The instances of problems are solved by explor-
ing a large solution search space, and the metaheuristics achieve this by reducing the
effective size of the space and by exploring that space efficiently.

In this thesis, our research explores the use of metaheuristics to solve the long-
term car pooling problem (LTCPP). In the LTCPP, each user has to act as both a
server and a client and a solution is to define user pools where each user will in turn,
on different days, pick up the remaining pool members. The objective is to minimize
the amount of vehicles used and the total distance traveled by all users, subject to car
capacity and time window constraints. The LTCPP can be considered as a combina-
tion of a clustering problem and a routing problem. It requires finding the car pool
members relatively close to each other and identifying the route and schedule for each
member in the car pool with respect to the car capacity and time window constraints.
The long-term car pooling problem is NP-complete which indicates the high complex-
ity in solving the problem. Moreover, in real world application, large companies or
universities usually have thousands of participants for a car pooling program, which
provides large instances to solve. Although the long-term car pooling program focuses
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on a long-term scheduling, the users in the real-world application always require their
schedule to be generated in a short period of time, so they can examine the schedule,
find the unsatisfactory and inconvenience, and then submit their requests of modifica-
tion. As a result, the organizer needs to respond to the users as soon as possible. Thus,
the LTCPP requires fast and accurate algorithms to solve the instances, since nowa-
days only zero-delay systems can attract users and survive in the competition with all
their rivals.

However, along with the lack of solving methods designed for the long-term car
pooling problem, the existing approaches are either time consuming or lacking of
solution quality for the real-world application. Among all the current literature found,
none of the methods developed is cost-effective enough when dealing with large scale
instances. Thus, more efficient and powerful meta-heuristics are still required to meet
the practical requirements. These new approaches should be faster, easier to use and
more robust. The goal of our current work is aimed at developing such metaheuristics
to generate solutions with good quality for large-scale real-world applications.

The main goal of our research is listed as follows.

* Create an accurate mathematical model for the long-term car pooling problem
with respect to the real-world situation.

* Develop metaheuristics which provide high solution quality.

* Develop metaheuristics which can solve large instances efficiently.

* Develop metaheuristics which ease the implementation in real-world.

* Develop a car pooling platform for the students of the Artois University.

The research presented in this thesis has progressed in three phases. In the first
phase, state-of-art that covers a description and specificities of the problem is given.
The solving methods for the problem and for the related problems are presented in
order to provide a global view of the researches carried out in this domain. Besides,
the benchmarks of the problem and their development are reported.

The second phase, which is the main phase of our research, introduces the
development of algorithms for the LTCPP. These algorithms cover the different
classes of metaheuristics.

Metaheuristics can be divided into two categories: trajectory-based metaheuristics
and population-based metaheuristics. The main difference of these two kinds of
methods relies in the number of tentative solutions used in each step of the iterative
algorithm. A trajectory-based technique starts with a single initial solution. At each
step of the search, the current solution is replaced by another solution found in its
neighborhood. It is usual that trajectory-based metaheuristics allow quickly finding a
locally optimal solution, and so they are called exploitation-oriented methods promot-
ing intensification in the search space. On the other hand, population-based algo-
rithms make use of a population of solutions. The initial population is normally
randomly generated or created with a cheap algorithm, and then enhanced through an
iterative process. At each generation of the process, the whole or a part of population

4
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is replaced by newly generated individuals. These techniques are called exploration-
oriented methods, since their main ability resides in the diversification in the search
space.

Our first attempt to solve the LTCPP with metaheuristics is by using trajectory-
based metaheuristics. The most recent and popular approach in the field of trajectory-
based metaheuristics is Variable Neighborhood Search (VNS). Its basic idea is sys-
tematic change of neighborhood within a local search in order to get different local
optima and to escape from the current local optimum. In addition, the characteristic of
changing the neighborhood structure might offer a higher probability in finding the
global optimum. Since different neighborhoods generate different landscapes, a
solution that is locally optimal on the search landscape with respect to a neighborhood
is probably not locally optimal with respect to another one.

For that purpose, we address in this thesis the class of trajectory-based metaheuris-
tics represented by a Variable Neighborhood Search particularly designed for the
LTCPP.

As abovementioned, the trajectory-based metaheuristics manage only one solution
in each iteration. The solution obtained in each iteration is based on the previous
iteration. This mechanism provides the trajectory-based metaheuristics good intensifi-
cation search ability; however, they are limited in diversity. Moreover, some good
characteristics from the former solutions are lost since only one solution is conserved
to the next iteration. Therefore, an efficient and effective algorithm should not only be
able to focus on improving the current solution, but also be able to maintain a good
diversity and memorize the good composition of the former solutions in the search
process.

Population-based metaheuristics provide a number of potential advantages for such
purposes. They start from an initial population of solutions and iteratively generate a
new population based on the current population, and then replace the current one with
the new one. The new population can maintain some useful characteristics of the old
population, so the fine solutions of previous iterations are always inherited and the
solution quality of the population are improved.

There are two main families in the population-based metaheuristics: swarm intelli-
gence metaheuristics and evolutionary metaheuristics. The swarm intelligence
metaheuristics are typically made up of a population of simple agents interacting
locally with each other and with their environment. The inspiration often comes from
nature. The agents follow very simple rules, and there is no centralized control
structure dictating how individual agents should behave, but the interactions between
such agents lead to the emergence of an intelligent global behavior. The evolutionary
metaheuristics use some mechanisms inspired by biological evolution: reproduction,
mutation, recombination, and selection. Candidate solutions to the optimization
problem play the role of individuals in a population, and the fitness function deter-
mines which individuals survive to the next generation. Evolution of the population
takes place with repeated applications of the above procedure.
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Based on the characteristics of the LTCPP, both the two families are considered
interesting to be applied to solve our problem. In the swarm intelligence family, we
select the most commonly used algorithm structure, Ant Colony Optimization, since it
has been proven to be an effective solver for a broad range of transportation problems,
and more important, its good ability in constructing path in a graph encourages their
use for our problem, since identifying the routes for users is an importance phase in
the LTCPP.

For this purpose, we present in this thesis a Clustering Ant Colony Algorithm for
solving the long-term car pooling problem. The algorithm is based on the Ant Colony
Optimization paradigm. A preference mechanism is designed to merge the clustering
and routing operations together in order to gain a good ability to obtain high solution
quality. The approach is proven to be able to track high quality solutions in the search
space.

In the evolutionary algorithm family, our selection is the Genetic Algorithm. The
Genetic Algorithm does not appear to have made a great impact so far on the car
pooling problem, but grounding on the specification of the LTCPP, which is a
combination of clustering and routing, we believe Genetic Algorithm is a suitable
paradigm for solving this problem on the basis of its good exploration ability and
flexible chromosome representation.

Therefore, we developed a Guided Genetic Algorithm for solving the long-term
car pooling problem. In the Guided Genetic Algorithm, the composition of the better
individuals will always be memorized and updated. Then this information will be used
for guiding the genetic operators, in order to produce more feasible offspring solutions
with high solution quality. Moreover, an adaptive parameter control is designed to
maintain the balance between the intensity and the diversity of the search process.

Although the two population-based metaheuristics are proven to be able to provide
good solution quality, some weaknesses in solving the LTCPP appears during our
research. First, although the use of metaheuristics allows to significantly reducing the
computational complexity of the search process, the latter remains time or memory
consuming for the large size instances. Second, the algorithm’s ability to explore
other areas of the search space is significant decreased after the convergence to an
optimum. Third, the population-based algorithms require a large number of accurate
parameter settings in order to obtain good search ability, thus a complex and time
consuming parameter testing phase is required. At last, the structures of the algo-
rithms are always fixed, thus the new operators or constraints are hard to insert into or
remove from the system without modifying the algorithm structure. Therefore, an
improved approach for solving the LTCPP is required.

This can be achieved by a multi-agent system with hyper-heuristic. Multi-agent
systems is a subfield of Artificial Intelligence research dedicated to the development
of distributed solutions to complex problems regarded as requiring intelligence. It is
designed to improve the computational speed and to maintain the diversity after the
convergence by communicating among the agents. The hyper-heuristic is defined as
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using heuristics to choose heuristics. The fundamental difference between metaheuris-
tics and hyper-heuristics is that most implementations of metaheuristics search within
a search space of problem solutions, whereas hyper-heuristics always search within a
search space of heuristics. Thus, hyper-heuristics are used to find the most suitable
heuristic or sequence of heuristics in a given situation, so the design of each indi-
vidual heuristic becomes more flexible. Furthermore, with the hyper-heuristic, any
new operator can be easily inserted into the system without modifying the system’s
structure, since the hyper-heuristic will select the most appropriate heuristic to apply.

Thus, we investigate in this thesis to merge a population-based metaheuristic with
the multi-agent system and the hyper-heuristic. For this purpose, we elaborate a
Multi-agent Self-adaptive Genetic Algorithm for solving the long-term car pooling
problem.

In the last phase of our research, we extend our work to the daily car pooling prob-
lem (DCPP). In the DCPP, a number of users declare their availability for picking up
or bringing back other users on one particular day. Hence, these users are considered
as servers, and the other users being picked up or bringing back are considered as
clients. Then the problem becomes to assign clients to servers and to identify the
routes to be driven by the servers. According to our observation to the daily car pool-
ing applications, we realized a fact that users going to different destinations normally
are separated into different car pool projects even they live in the same neighborhood.
In reality, different car pooling projects may have the destinations close to each other,
but the current daily car pooling program will divide users according to their destina-
tions, only the users going to the same destination are pooled together, even a lot of
servers travel pass other destinations before reaching their own destinations with an
empty car. Servers are not able to pick up their neighbors because the neighbors go to
different destinations, even these destinations will be passed by the servers during
their journey. This situation greatly decreases the effectiveness of serving the users
and potentially increased the travel cost of all the participants in the daily car pooling
project, since if a server can pick up other clients who go to the destinations other
than the server’s own one, the total travel cost can be greatly decreased.

Thus, a new daily car pool model which includes multiple destinations in one pro-
gram is defined in this thesis. The server in multi-destination daily car pooling can
pick up clients who go to different destinations as long as the server can accept the
length of the detour he/she has to make. Two servers in the model can be given a
transfer point, where the clients can change vehicles in order to reach their destina-
tions in time and avoid the server to make long detours.

A resolution approach is also designed for the MDCPP. The method is a hybrid ap-
proach based on the Ant Colony Optimization paradigm. Experiments are performed
to confirm the ability of the approach in solving the MDCPP.

During our research, two platforms are developed. The first platform is designed
for the test, demonstration, evaluation and comparison among all the approaches for
solving the LTCPP. The parameters, solutions and result evaluations can be viewed in
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a graphical interface, which aids and facilitates all the operations. The second plat-
form is a web based application designed for car pooling service of the students of
Artois University. The car pooling participants can submit their requests and the
platform generate the routes and schedules by using the metaheuristics introduced in
this thesis. The platform integrates Google Map API, so the routes for the participants
can be tracked and viewed graphically.

All abovementioned aspects are addressed in this thesis, providing a holistic view
on the challenges and opportunities of applying metaheuristics to the car pooling
problem, and suitable novel approaches are developed for each aspect.

The structure of this thesis is described as follows:

 Chapter 1 gives a general overview on the long-term car pooling problem. The
mathematical model for the problem is presented. Afterwards, existing approaches to
the problem are introduced, as well as the resolution approaches to the problems
related to the long-term car pooling problem. Finally, the benchmark sets used in our
experimentations are introduced.

* Chapter 2 deals with solving the long-term car pooling problem with trajectory-
based metaheuristics. It begins with the common concepts of this class of metaheuris-
tics. Then, a Variable Neighborhood Search is proposed for solving the LTCPP. A
comparison with respect to the solution quality and execution time of our approach
and another existing approach is performed.

* Chapter 3 concerns the design and implementation of the swarm intelligence
family of the population-based metaheuristics for solving our problem. The common
and specific search concepts of this class of metaheuristics are outlined. A Clustering
Ant Colony Algorithm is proposed. Comparison is carried out to test the performance
of the approach.

* Chapter 4 introduces the design and implementation of the evolutionary algo-
rithm family of population-based metaheuristics for solving our problem. The com-
mon and specific search concepts of this class of metaheuristics are outlined. Then, a
Guided Genetic Algorithm and a Multi-agent Self-adaptive Genetic Algorithm are
presented. Experimental results are provided to show the efficiency and effectiveness
of the two approaches.

» Chapter 5 addresses to the multi-destination daily car pooling problem. The
mathematical model of MDCPP will be presented at first. Then the resolution
methods, a Hybrid Ant Colony Algorithm for the MDCPP, will be outlined. At last,
experimental results are examined and compared in order to evaluate the performance
of the resolution method.

This thesis is concluded with a summary of our contributions and an outlook on the
future work. In the appendix one, we demonstrates the platform designed for imple-
menting and evaluating the different approaches for solving the long-term car pooling
problem, as well as the platform developed for a real-world long-term car pooling
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service. The structure, detailed functions and graphical interface of each platform are
presented.
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Abstract

In this chapter we give a general overview on the long-term car pooling problem. The
mathematical model for the problem is presented. Afterwards, existing resolution
approaches to the problem as well as the ones to the problems related to the long-term
car pooling problem are introduced. Finally, the benchmark sets used in our experi-
mentations are introduced
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Chapter 1 An Overview of the Long-term Car Pooling Problem

1.1 Background introduction

Nowadays, along with the increase of population and the dispersion of habitation,
public transport service is often incapable of effectively servicing the areas where
cost-effective transportation systems cannot be set up. As a result, more and more
people use private vehicles for their daily transportation. However, the high use of
private vehicles combined with increased human mobility increases the load on the
environment and raises transportation issues such as congestion, parking problem and
low transfer velocity.

In order to ease these issues, different innovative mobility services are emerging.
Car pooling is a mobility service proposed and organized by large organizations, such
as large companies, public administrations and universities. These organizations en-
courage their employees or students to pick up or take back colleagues or schoolmates
while driving to or from a common site. The service tries to decrease the number of
private vehicles travel on the road by improving the average car occupancy.

In fact, the car pooling has existed for more than 60 years. It first became promi-
nent in the United States as a rationing tactic during World War II. It was popular in
the 1970s due to the 1973 oil crisis and the 1979 energy crisis. At that time the first
employee carpool programs were organized at Chrysler and 3M. However, since the
1970s carpooling has declined significantly all around the world, it peaked in the 1980
with a commute mode share of 19.7%. But since the 1990s, affected by the increasing
cost of petrol and rising number of private vehicles, car pooling came back into the
public eye. In the beginning of 20th century, the popularity of the Internet and mobile
phones has greatly helped carpooling to expand by enabling people to find and con-
tact car pool members more easily. With such background, the car pooling service
now is experiencing the most prosperous time.

The reason why people join the car pooling system is that car pooling reduces
travel costs by sharing journey expenses such as fuel, tolls and car rental between the
travelers. It is also a more environmentally friendly and sustainable way to travel, as
sharing journey reduces carbon emission, traffic congestion and requirement for park-
ing space. Car pooling can also decrease driving stress since each driver has only to
drive in one or two days during one week. It also creates increased social interaction
between friends, neighbors and colleagues. As a matter of fact, it can enhance the sense
of connectedness within the community as a small social network.

After several years of fast development, car pooling has already been considered
as an important alternative transportation service throughout the world. As an effort to
reduce traffic and encourage car pooling, some countries have introduced high occu-
pancy vehicle (HOV) lanes where only vehicles with two or more passengers are
allowed to drive. In some countries it is also common to find parking spaces that are
reserved especially for car poolers. Many companies and local authorities have intro-
duced car pooling schemes, often as part of wider transport programs.

11
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Successful car pooling development has tended to be associated mainly with
non-urban areas such as suburbs and more recently universities and other campuses. In
the US, most of the universities have introduced the car pooling system to their stu-
dents. The Seattle Smart Traveler [Meyers et al., 1999] was a funded experimental
study into the proposition of a car pooling scheme at the University of Washington. It
followed from earlier work in Seattle on the Bellevue Smart Traveler [Blumenthal et
al., 1997]. Also, the Zimride system is currently being used by nearly one hundred
universities and colleges, and more than 30 universities and colleges in Boise state
have applied the Zipcars system to their students and employees. In France, a large
number of universities also has participated the car pooling program. The largest
student car pooling website, provided by RoulezMalin Company, has currently more
than 50000 participants. However, most of the car pooling systems use only simple
matching rules instead of a global optimization process.

The main goal of this chapter is to present an overview of the long-term car pool-
ing problem and methods from literature for its resolution. The structure of this chap-
ter is organized as follows. Section 1.2 describes the classification and definition of
the car pooling problem. The mathematical representation of the long-term car pool-
ing problem is introduced in section 1.3. In section 1.4, we give a summary in two
subsections. In the first subsection we present the existing works for solving the
long-term car pooling problem, while in the second one we introduce some problems
which are related to the long-term car pooling problem and their resolution methods.
Section 1.5 presents the benchmarks used in our experimentations. Finally, section 1.6
gives the conclusion of this chapter.

1.2Car pooling problem classification

According to the different procedures of using the car pooling service, we categorize
car pooling problem into two different forms: Daily Car Pooling Problem (DCPP) and
Long-term Car Pooling Problem (LTCPP).

In the DCPP, a number of users declare their availability for picking up or bringing
back other users on one particular day. Hence, these users are considered as servers,
and the other users being picked up or bringing back are considered as clients. Then
the problem becomes to assign clients to servers and to identify the routes to be driven
by the servers. Since in the DCPP, the servers and the clients are known in advance,
the objective is to construct path starting from each server and going through as many
clients as possible with respect to the car capacity and time window constraints, and
to minimize the total travel cost. Based on this view, the DCPP can be considered as a
special case of the Dial-a-Ride Problem (DARP) [Healy and Moll, 1995] or Vehicle
Routing Problem with Time Windows (VRPTW) [Kallehauge et al., 2005].

12
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The DCPP model is based on daily schedule, so the participants change every day.
It is a model normally used by the commercial website which organizes daily car pool
service among different members. Figure 1.1 shows an example of the DCPP.

Destination

Server

O Client

Figure 1.1: An example of the DCPP.

On the contrary, in the LTCPP, each user has to act as both a server and a client and
a solution is to define car pools where each user will in turn, on different days, pick up
the remaining pool members. The objective becomes to minimize the amount of vehi-
cles used and the total distance traveled by all users, subject to car capacity and time
window constraints. The LTCPP can be considered as a combination of a clustering
problem and a routing problem. It requires finding the car pool members relatively
close to each other and identifying the route and schedule for each member in the car
pool. Figure 1.2 presents an example of LTCPP.

Day 1 Day 2

Day 3 Day 4

. User acts as a server ————» Planned route forday 1~ T +  Planned route for day 3

O Useractsasaclient = ————— » Planned route for day 2 - » Planned route for day 4

Figure 1.2: An example of the LTCPP.
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The LTCPP model is a more stable car pooling model, the users in LTCPP will
not change frequently in a relatively long period of time. This model is usually used
by large companies, organizations and universities which provide long-term car pool
service for their employees or students.

In the academic point of view, based on the similarity between DCPP and DARP
and the various successful implemented approaches for DARP, solving the DCPP can
simply be done by adapting the approaches from DARP with modifications.

On the other hand, we believe the LTCPP is a more valuable topic for research,
since it has its own characteristics which are different from other vehicle routing
problem. For instances, the problem requires clustering users into car pools based on a
long-term schedule, and each car pool member has to act as a server on a different day.
Thus, the server of a car pool has different departure location on different days.

In spite of its research value, the LTCPP has so far received little attention from the
optimization community. Only few researches have been carried out on this problem,
however, these studies are either time consuming or lacking of solution quality when
dealing with large scale instances. Therefore, based on the abovementioned considera-
tions, the LTCPP is chosen to be the focused car pooling type in our research.

1.3 Mathematical representation

In this section, we provide the definition and the mathematical formulation which are
necessary for understanding the LTCPP.

1.3.1 Mathematical model

The LTCPP problem can be modeled by means of a directed graph G = (U U{0}, A),
where U is the set of users, and A={arc(i, j) / i €U, j €U U{0}} is the set of arcs.
Each user u €U is associated with a home and node O represents the destination,
respectively. A is a set of directed weighted arcs where each arc(i, j) €A is associated
with a positive travel cost costj and a travel time tj. Each user enlisted in the
long-term car pooling specifies: the maximal driving time T that the user is willing to
accept; the earliest time e for leaving home; the latest time r for arriving at work and
the capacity Q of the user’s car. Note that pools are considered to be stable during a
period of time and will not change frequently. This entails that the number of
members in a pool will be at most equal to the capacity of the smallest vehicle among
those owned by all pool members, since each member will eventually pick up all
other ones.

The LTCPP is a multi-objective problem, requiring minimizing the amount of car
pools and the total travel cost of all users. However, we combine these two objectives
in a single objective function by using a penalty concept. The LTCPP then can be
formulated as an integrated program presented as follows.
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Define a pool k of users and let |k| be the size of this pool. Each user of pool k, on
different days, will use his/her car to pick up the remaining car pool members and
then drive to the common destination. Thus each user has to find a Hamiltonian path
starts at the node associated to his/her home, and then passes through all other nodes
corresponding to his/her pool members’ homes exactly once and ends at the common
destination, shown in figure 1.3. Let ham(i,k) be the above mentioned Hamiltonian
path, starting from i €k, connecting all j €k\{i} and ending in 0. Suppose [k| < Ox,
where Qg being the smallest capacity of all the cars in pool k since each car will
eventually pick up all other pool members and all users’ time window constraints are
satisfied. The cost for a user driving to the destination directly from his/her home is
denoted by costjp, while p; is a penalty value incurred when the user travels alone.
Then, the cost of pool k is defined in Equation (1.1).

> cost(hamli,k))

cost(k )= |1 m . ifk[>1, (1.1)

D cost;, +p;, otherwise.

iek

The total cost of a complete solution to the LTCPP is then defined to be the sum of
the costs of all the pools, shown in Equation (1.2).

cost(K)=>" _ cost(k) (1.2)

where K is the set of all car pools.

———» Cl1 acts as a server
— . — - (C2 acts as a server
............. p» C3 acts as a server

— — — # C4 acts as a server

Figure 1.3: Schedules of the participants of a car pool in the LTCPP.

This view optimizes at the same time both objective functions. In our mathematical
model, the penalty of a user driving alone is set to be much higher than the cost when he
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drives directly from his/her home to the destination, so it is always more convenient to
pool users together than to leave them alone.

The LTCPP being NP is easily shown since guessing a partition is done in linear
time and computing the validity of the constraints is done in polynomial time. In the
paper of Varrentrapp et al. [2002], a NP-complete problem, Partition into Triangles
Problem (PT), has been transformed into the LTCPP while preserving solutions,
which proves the LTCPP to be NP-complete.

1.3.2 Objective function

The problem can be translated in a four index formulation considering the variables:

. Xijhk : Binary variable equals to 1 if arc(i,j) is traveled by a server h of a pool k;

* yi Binary variable equals to 1 if user i is in pool k;

e & Binary variable equals to 1 if user i is not pooled with any other user;

« S Positive variable denoting the pick-up time of user i by server h;

« " Positive variable denoting the arrival time of user i at the destination when
traveling with server h;

» costj: Positive value denoting the travel cost between users i and j;

* t;: Positive value denoting the travel time between users i and j;

*  Q: Positive value denoting the capacity of pool k;

e Ty Positive value indicating the maximal driving time when user h acts as a
server;

* g Positive value indicating the earliest time for leaving home of user i;

* 1. Positive value indicating the latest time for arriving at work of user i;

e p;: Positive value indicating the penalty for user i when he/she travels alone;

e K: Index set of all pools;

e U: Index set of all users;

* A:Index set of all arcs.

The objective function is shown in Equation (1.3):

D D cost;xi*

fircee :min(z e (e +Zpi§i) (1.3)
kek Zyik ieU
ieU

> Xk =y, i,heU,keK (1.4)
jeurin}

jeu

Doxe=d XK i,heU keK (1.6)
jeu jeU
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(1.8)

(1.9)

(1.10)

(1.11)

(1.12)

(1.13)

(1.14)
(1.15)
(1.16)

(1.17)

(1.18)

Equation (1.4) and (1.5) force a user i to be declared to be in pool k, if there is a path
originated in h going from i to j or j to i; equation (1.6) is continuity constraint.
Equation (1.7) forces each user to be assigned to a pool or to be penalized, while (1.8)
and (1.9) are car capacity and maximal driving time constraints, respectively. Equation
(1.10) and (1.11), where M is a big constant, collectively set feasible pick-up times,
while (1.12) and (1.13) set minimum and maximum values of feasible arrival times,
respectively. Constraints (1.14) to (1.16) are binary constraints while (1.17) and (1.18)

are positivity constraints.
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1.4 Related works

We present an overview of the methods designed for solving the long-term car
pooling problem in this section. Since the literature of long-term car pooling problem
is very limited, in order to enhance the background knowledge and obtain a compre-
hensive understanding of our problem, we also studied a few problems which are
related to the long-term car pooling problem, and the methods designed for solving
these problems.

1.4.1 Methods for solving the LTCPP

On contrary to the popularity of its related problems, only a very small amount of
literature can be found for the LTCPP. Different approaches to resolve the long-term
car pooling problem in literature include a Saving Functions Based Algorithm [Ferrari
and Mangzini, 2003], an ANTS Algorithm [Maniezzo et al., 2004], a Simulation Based
Approach [Correia and Viegas, 2008] and a Multi-Matching System [Yan et al., 2011].
In this section, we categorize the solving methods into two main types: heuristics and
metaheuristics.

1.4.1.1 Heuristics

During the design of an approach, heuristics are usually combined with some author
defined strategies. Generally, the strategy refers to the approaches with simple poli-
cies, which facilitate or aid the heuristics by categorizing the users with restricted con-
straints. In the LTCPP, strategies have been normally defined to divide users into sub-
groups based on geographical distances or departure time differences between users.
The strategies are related to specific conditions, which can only provide a general
categorization or decomposition of an instance. Then, heuristics are employed to im-
prove the performance and the solution quality of the approach.

Heuristic refers to experience-based techniques for problem solving, learning, and
discovery. When an exhaustive search is impractical, heuristic methods are used to
speed up the process of finding a satisfactory solution. Heuristic is designed to solve a
problem that ignores whether the solution can be proven to be correct, but which usu-
ally produces a good solution or solves a simpler problem that contains or intersects
with the solution of the more complex problem. A heuristic method can accomplish
its task by using search trees. However, instead of generating all possible solution
branches, a heuristic is selective at each decision point, and it selects branches more
likely to produce outcomes than other branches. It is intended to gain computational
performance or conceptual simplicity, potentially at the cost of accuracy or precision.
In heuristic, each successive iteration depends upon the step before it. Therefore,
some possibilities will never be generated as they are measured to be less likely to
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achieve a good solution. Heuristics essentially consists in constructive and improve-
ment procedures. Constructive heuristics create initial solutions, i.e., set of routes,
from a graph. On the contrary, as support mechanisms, improvement procedures im-
prove previously constructed solutions by performing reassignment moves. The stud-
ies of the Saving Functions Based Algorithm, the Simulation Based approach and the
Multi-Matching System fall into the categorization of heuristic.

In the Saving Functions Based Algorithm [Ferrari and Manzini, 2003], a heuristic
data processing routine is designed to support efficient matching in car pool schemes.
These are based on savings functions and belong to two distinct macro classes of
algorithms to give two different modeling of this problem. The work is highly focused
on modeling the problem instead of the solving phase. The solving methods are
relatively simple by matching different users with the support of the car pool model.
The approach is proven to be able to provide a large percentage in saving the travel
distances in real applications. However, the approach highly depends on the distribu-
tion of the users, only the benchmarks with cluster distributed users were able to
obtain good results.

The simulation-based method [Correia and Viegas, 2008] uses a divide-and-con-
quer approach. The heuristic that is used in the divide stage is the K-means clustering
algorithm [Macqueen, 1967] which allows classifying objects based on attributes into
a number of groups. The grouping is done by minimizing the sum of squares of
distances between the users and the corresponding cluster centroid. The authors
believe that geographic proximity does not guaranty for itself a good match between
users, thus the departure and arrival time of the users was also considered as part of
the distance between the users and the corresponding cluster centroid. The process
starts with using the K-means clustering algorithm to divide all the users into small
clusters such that each small cluster can be processed by the optimization software in
an acceptable period of time. Then, all the small clusters are sent to the optimization
software to search for the possible group combinations. The users that were not able
to find a match in the previous iteration are set together for another iteration. The
approach is tested on real-world cases. Since the approach solves the problem with the
aid of optimization software, it has the ability to provide good quality solutions.
However, in the real-world instances presented by the authors, the large differences
between the users’ time windows greatly decrease the matching rate among users.

In the study of Multi-Matching System [Yan et al., 2011], authors develop a
many-to-many OD matching model, in order to perform fast grouping among the car
pool users. In the model, authors define several constraints based on the geographical
distance, ideal departure time difference and ideal arrival time difference between
each two users, the model also requires some additional characteristics from users,
such as smoking habit and gender, in order to facilitate the grouping among users. For
instances, some non-smoking users require only non-smoking car pool members,
some female users require only female car pool members, etc. Then, the authors
develop a heuristic algorithm based on Lagrangian relaxation [Fisher, 1981] with
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subgradient method [Yan, 1996] to solve the problem. The Lagrangian relaxation with
subgradient method is used for the approximation of near-optimal solution. Firstly, a
few constraints are relaxed to construct a Lagrangian problem, which is then solved to
procure a lower bound for the optimal solution. Secondly, a Lagrangian heuristic is
applied to solve for the upper bound of the optimal solution. A sub-gradient method is
then utilized to revise the Lagrangian multipliers, by iterating the lower and upper
bounds, until an acceptable convergence result is reached, or until the number of
iterations exceeds a preset number. According to the experimental results, the model
IS proven to be an effective tool to group car pool members promptly. However, the
computing time for large size instances usually exceeds several hours, which is
considered too time-consuming for the real-world application.

1.4.1.2 Metaheuristics

Metaheuristic designates a computational method that optimizes a problem by itera-
tively trying to improve a candidate solution with regard to a given measure of quality.
Metaheuristics make few or no assumptions about the problem being optimized and
can search very large spaces of candidate solutions. They can temporarily accept
some worse solutions during the optimization procedure. Thus, it is possible to drive
the search out of local optima. The rules for accepting the worse solutions are termed
diversifications. With the diversification mechanism, metaheuristics can generate
global optimum and are insensitive to initial solutions. However, metaheuristics do
not guarantee an optimal solution is ever found. Moreover, metaheuristics contain
many case-sensitive empirical parameters, which may cause some difficulties for
practical implementations.

The Acronym of Approximated Non-deterministic Tree Search (ANTS) algorithm
[Maniezzo et al., 2004] is the only metaheuristic can be found in the literature for
solving the LTCPP.

The authors firstly define several reduction rules, and use these rules to remove
from the graph representing the LTCPP problem a number of arcs which cannot
belong to any feasible solution, in order to reduce the complexity of the problem.
Then, to solve the problem, the authors apply the ANTS algorithm, which is an
extension of the Ant Colony Optimization [Dorigo et al., 1996]. The authors specify
some under defined elements of the original ACO algorithm, such as the attractive-
ness function to use or the initialization of the trail distribution. This turns out to be a
variation of the general ACO framework that makes the resulting algorithm similar in
the structure to tree search algorithms. At each stage, the algorithm has a partial
solution which is expanded by branching on all possible offspring; a bound is then
computed for each offspring, possibly fathoming dominated ones, and the current
partial solution is selected among that associated to the surviving offspring on the basis
of lower bound considerations.
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Further components of the algorithm include a local search procedure, imple-
mented as a Variable Neighborhood Search. The procedure consists of a main loop
considering in turns each neighborhood. Each neighborhood is used to obtain its local
optimum, and then the next neighborhood is considered. The optimization stops when
no neighborhood is capable of improving the current solution.

The approach provides good solution quality, but the structures of the tree-search
and the variable neighborhood search result in less efficiency when dealing with large
scale instances.

1.4.2 Related problems and solving methods

1.4.2.1 Daily car pooling problem

The daily car pooling problem is structurally different from the long-term car pooling
problem. Unlike the LTCPP which each user has to act both as a server and a client,
the roles of a server and a client are fixed and known beforehand at the beginning.
Therefore, the DCPP focuses on constructing the routes start with each existing server.
The methods of assigning clients to servers in the DCPP can be interesting for the
LTCPP. Thus, the approaches for solving the DCPP become valuable in our research.

The DCPP is NP-hard since in a special case it contains the Vehicle Routing
Problem with unit client demands, which is known to be NP-hard in the strong sense.
Some authors [Kothari, 2004; Vargas et al., 2008; Maurizio et al. 2011] define a few
simple matching rules to build car pools in order to obtain fast matching speed:;
however, a good solution quality cannot be guaranteed.

For instance, in the work of Kothari [2004], a multi-agent car pooling system
called Genghis system is developed. The system is designed through the Gaia
methodology and implemented on a FIPA-compliant Jade platform. In the car pool
building phase, two primitive pool types are built, and the authors define a few
fundamental constraints for choosing reasonable matches between clients and servers.
An algorithm is developed to generate route proposals for the users. The algorithm
picks a client only once and continues matching the client to proposed servers until all
the proposed servers are examined. The proposed server is selected based on the
distance between the client and the direct route from the server to the server’s destina-
tion. For each client, the algorithm proposes a maximum 5 available drivers, then for
each proposed driver, the algorithm matches him to the client in a hierarchy of 4
Levels. Each level consists in a matching constraint, such as user preference, distance
constraint, time window constraint and cost constraint. The client may be rejected at
any level of the matching. Each match will be evaluated and rated, and the matching
which has the highest rating will be selected. Then the algorithm will select another
client and continue the matching process until all the clients are matched with servers
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or all servers’ capacities are reached. The Genghis system is designed for solving
small size instances in an efficient way, but minimizing the total travel cost is not
taken into consideration in this system.

To obtain a good solution quality, other authors use heuristics and exact algo-
rithms to solve the DCPP. The interesting studies include a distributed geographic
information system [Calvo et al., 2004] and an exact algorithm based on Lagrangian
Column Generation [Baldacci et al., 2004].

In the distributed geographic information system, the authors present an integrated
system for the organization of a car pooling service. The core of the system is an
optimization module which solves heuristically the specific routing problem. The
procedure includes a construction phase and a local optimization phase. The algorithm
starts with no employee routed and an idle fleet of vehicles. A number of new routes
equal to the number of servers are initialized as direct paths from each server to the
destination, then, as long as possible, single clients are inserted into existing routes with
a greedy algorithm. Then, from the initial solution produced by the procedure de-
scribed above, better ones are obtained by means of a local search algorithm.

In the study of the exact algorithm based on Lagrangian Column Generation,
authors propose an exact method for the car pooling problem. This method is based
on two integer programming formulations of the DCPP. The first formulation is a
commodity flow formulation using three-index variables, while the second formula-
tion models the DCPP as a set-partitioning problem whose variables correspond to
feasible paths or to clients to be left unserved. A valid lower bound on the optimal
DCPP cost is computed as the cost of a feasible dual solution of the LP relaxation of
the set-partitioning problem; the solution is obtained by combining three different
relaxations of the two formulations. The dual solution and a valid upper bound
obtained by a heuristic algorithm based on the bounding procedure are then used to
eliminate feasible paths that cannot belong to any optimal solution; thus the resulting
reduced set-partitioning problem can be solved by a branch-and-bound algorithm. The
main contributions of this research are the new bounding procedures for computing a
feasible dual solution of the set-partitioning formulation and the method for generat-
ing a reduced set-partitioning problem that is used to find an optimal solution.

1.4.2.2 Dial-a-ride problem

The dial-a-ride problem (DARP) involves designing vehicle routes and schedules to
satisfy a set of travel requests. The vehicle fleet departs from one or several depots. A
travel request consists of picking up a certain client at a predetermined pickup loca-
tion during a specified departure time interval and transporting the client to a prede-
termined drop off location to be reached within a specified arrival time interval. The
departure and arrival time windows are based on desired pickup or delivery time re-
quests specified by the client. The aim is to design a set of minimum cost vehicle
routes capable of serving as many requests as possible, under a set of constraints.

22



Introduction

Based on the modeling point of view, the DARP is a generalization of the capaci-
tated pickup and delivery problem with time windows (PDPTW), which was first
studied by Wilson et al. [1971]. The DARP is similar to DCPP in many perspectives.
Both of them have to define routes to pick up and drop off clients within predefined
time windows. The main characteristics make DARP different from DCPP are the
departure and arrival points of the vehicles. In DARP, all vehicles depart from one or
several fixed depots and return to these depots after the service, whereas the servers in
DCPP depart from their own homes which are random distributed and end the trip at a
common destination of the passengers in the vehicles. In the literature, it is common
to consider a DCPP as a special type of DARP, which makes the studies on DARP
become interesting to our LTCPP research.

Unlike DCPP and LTCPP, extensive studies were carried out on DARP research.
DARP services may operate in a static or a dynamic mode. Since in practice the trans-
portation requests are usually known in advance, most of the researches have focused
on static DARP. The DARP has been proven to be NP-hard [Healy and Moll, 1995],
but efforts were still made to solve the problem with exact algorithms. Early ap-
proaches [Psaraftis, 1980] dedicate to solve single-vehicle problems using pure dy-
namic programming (DP) method. However, due to the complexity of the problem,
the amount of vehicles is limited to one per problem. Then Desrosiers et al. [1986]
introduced the concept of dominance to reduce intermediate states. This technique
greatly improves the speed of the DP process if the problem is subjected to strong
constraints. Based on this approach, some multi-vehicle problems can be exactly
solved by the combination of the column generation method and the branch and
bound process [Dumas et al., 1989]. But the exact approach still has a strong limita-
tion on the size of instances it can solve.

Because of the complexity of the DARP and the large size instances in real ap-
plication, the most popular approaches are still heuristics. Sexton and Bodin [1985a;
1985b] developed an insertion heuristic algorithm to solve the problem. The objective
of the algorithm is to minimize a user’s inconvenience function, which is defined
based on the weighted sum of two values. The first value measures the difference be-
tween the actual travel time and the direct travel time of a server. The second value
calculates the difference between the willing drop off time and the actual drop off
time of a passenger. Jaw et al. [1986] proposed a heuristic approach which selects us-
ers in the order of earliest feasible pickup time and gradually inserts them into vehicle
routes in order to yield the least possible increase of the objective function. Other
sequential insertions are also commonly used. For instance, in the work of Cordeau et
al. [2001], the insertion is performed according to the nearest distance or the mini-
mum cost. Toth and Vigo [1997] have proposed a heuristic method. The method
firstly assigns requests to routes by means of a parallel insertion procedure, and then
performs intra-route and inter-route exchanges. The tests show significant improve-
ment, the exchange phase is very useful in optimize the solution obtained in the paral-
lel insertion phase.
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Another well-known method, which is cluster first and route second [Bodin and
Sexton, 1986] is also applied in solving the DARP. In the method, the geographically
close clients are clustered together before applying the routing algorithm to each clus-
ter. In the first step, a large set of clusters is constructed and a set partitioning problem
is then solved to select a subset of clusters serving each user exactly once. Then in the
second step, feasible routes are enumerated by combining clusters, and a second set
partitioning problem is solved to select the best set of routes covering each user ex-
actly once. Since the time windows could be different between the clients geograph-
ically close, the method of mini-clusters is developed [loachim et al., 1995]. The
mini-clusters consider grouping the geographically close users who have the similar
time windows.

Calvo and Colorni [2002] have proposed a heuristic for a particular version of the
DARP where the number of available vehicles is fixed as well as the time windows
for picking up and dropping off passengers. The algorithm first attempts to service as
many users as possible and then minimizes user inconvenience expressed as the sum
of waiting time and excess travel time. The heuristic firstly constructs a set of routes
and a number of sub-tours by solving an assignment problem. A routing phase is then
performed to insert the sub-tours in the routes and to re-sequence the clients within
the routes.

Tabu search is also applied to the DARP by Cordeau and Laporte [2003]. The
passengers have to specify a time window on the arrival time of their outbound trip
and on the departure time of their inbound trip, and a maximum ride time is also
associated with each passenger. Capacity and maximum route length constraints are
imposed on the vehicles. The search algorithm iteratively removes a transportation
request and reinserts it into another route. Infeasible solutions are allowed during the
search by using a penalized objective function. Also, the minimum duration schedule
associated with each candidate solution is computed. According to the experimental
results, the approach can provide good solution for large size instances.

1.4.2.3 Vehicle routing problem with time windows

Generally, a vehicle routing problem with time windows (VRPTW) is to use a set of
vehicles to serve a group of clients. The objective of a VRPTW involves delivering
goods from a depot to a set of geographically scattered clients. The routes must be
designed in such a way that each point is visited only once by exactly one vehicle
within a given time interval; all routes start and end at the depot. The vehicles have
limited carrying capacity and the total demands of all points on one particular route
must not exceed the capacity of the vehicle. The VRPTW has multiple objectives
which are to minimize not only the number of vehicles required, but also the total
travel time or total travel distance incurred by the fleet of vehicles.

The VRPTW is a well-known problem widely studied by the optimization com-
munity and has a huge number of publications. The methods developed for VRPTW
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can be a very important asset to any transportation related problems. Because of the
lack of literature in LTCPP, we studied the metaheuristics for solving VRPTW, in
order to gain some inspiration for developing our approach for solving the LTCPP.

Tabu search (TS) is a popular approach for solving VRPTW. It is a local search
metaheuristic introduced by Glover [1986]. The initial solution of TS is normally cre-
ated with some simple insertion heuristic. The most common one is Solomon’s inser-
tion heuristic [Solomon, 1987]. Other insertion heuristics can also be easily found in
literature. De Backer and Furnon [1997] use a savings heuristic; Tan et al. [2000]
perform a modified Solomon’s insertion heuristic, and Cordeau et al. [2001] use a
modified sweep heuristic. Lau et al. [2003] introduce the concept of a holding list,
which is a data structure containing the unserved clients. In the beginning all clients
are stored in the holding list, and simple relocate and exchange operators are then
used to move clients up and down from the holding list.

After creating an initial solution, the usual next step is to improve it using local
search with one or more neighborhood structures. Most of the neighborhoods used are
well known, such as 2-opt, Or-opt, relocate, and exchange. In order to reduce the
complexity of the search, the authors usually propose their own special strategies for
limiting the size of the neighborhoods. For instance, Garcia et al. [1994] only allow
moves involving arcs that are close in distance. Taillard et al. [1997] decompose solu-
tions into a collection of disjoint subsets of routes by using the polar angle associated
with the center of gravity of each route. Tabu search is then applied to each subset
separately. A complete solution is reconstructed by merging the new routes found by
tabu search. To maintain the diversity of their search, some authors allow infeasibili-
ties during the search, and the violations of the constraints are punished by using a
penalty concept in the objective function. For instance, Lau et al. [2003] allow viola-
tion of the vehicle capacity and time windows constraints, but penalize the violations
of constraints in the cost function.

The genetic algorithm (GA) is the most favored approach on VRPTW. GA
evolves a population of individuals encoded as chromosomes by creating new genera-
tions of offspring through an iterative process until some convergence criteria are met.
The best chromosome generated is then decoded, providing the corresponding solu-
tion. Although theoretical results that characterize the behavior of the GA have been
obtained for bit-string chromosomes, not all problems can be easily represented in this
way. For the vehicle routing problem, an integer representation is more often selected,
since it is more convenient in corresponding to the problem. Therefore, in most ap-
plications to VRPTW, the genetic operators are applied directly to solutions, repre-
sented as integer strings, thus avoiding encoding and decoding operations. The crea-
tion of a new generation of individuals involves four major steps: initialization, selec-
tion, recombination, and mutation.

The initial population is typically created either randomly or using modifications
of well-known construction heuristics. In the work of Thangiah et al. [1995], the cli-
ents are randomly clustered into separate groups and then a cheapest insertion heuris-
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tic is used to route clients within each group. Berger et al. [2003] modify a randomly
generated initial population with exchanges and a re-initialization procedure based to
create a population of solutions with the number of vehicles equal to the lowest found.

The most typical selection method for selecting a pair of individuals for recom-
bination or mutation is the well-known roulette wheel selection mechanism. In this
stochastic mechanism, the probability of selecting an individual is proportional to its
fitness value. Tan et al. [2001a] and Jung and Moon [2002] propose the tournament
selection. The basic idea is to perform the roulette wheel selection twice, and to select
the better out of the two individuals identified by the roulette wheel selection mecha-
nism. The tournament selection becomes more and more popular recently since it has
less stochastic noise, and has a constant selection pressure.

The recombination, also called crossover, is the most essential part of a genetic
algorithm. The traditional two-point crossover, which exchanges a randomly selected
portion of the bit string between the chromosomes, is commonly used, while Tan et al.
[2001b] use the well-known PMX and one-point crossovers. The basic idea in PMX
crossover is to choose two cut points at random and, based on these cut points, to
perform a series of swapping operations in the second parent. The one-point crossover
switches two sets of clients to be serviced by two different routes. In the context of
VRPTW, many authors have proposed specialized heuristic crossover procedures,
instead of traditional operators. Potvin and Bengio [1996] propose a sequence-based
and a route-based crossover. The sequence-based crossover first selects a link ran-
domly from each parent solution. Then, the clients that are serviced before the
break-point on the route of one parent solution are linked to the clients that are ser-
viced after the break-point on the route of the other parent solution. Finally, the new
route replaces the old one in the first parent solution. The route-based crossover re-
places one route of the second parent solution by a route of the first parent solution. In
Berger et al. [2003], a removal procedure is first carried out to remove some clients
from the solution. Then, an insertion procedure is locally applied to reconstruct the
partial solution. Wee Kit et al. [2001] tries to change the order of the clients in the
first parent by trying to create consecutive pairs of clients according to the second
parent. The second crossover operator tries to copy common characteristics of parent
solutions to offspring by modifying the seed selection procedure and cost function of
an insertion heuristic.

Another important strategy of the genetic algorithm is mutation. Mester [2002]
uses a multi-parametric mutation that consists in removing a set of clients from a
solution randomly, based on the distance to the depot or by selecting one client from
each route. Then, a cheapest insertion heuristic is used to reschedule the removed
clients. In Gehring and Homberger [2001] mutation is also used to reduce the number
of routes by performing one or several subsequent relocate moves. Berger et al. [2003]
present several mutation operators including the LNS, exchange of clients served too
late in the current solution, and elimination of the shortest route.
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Another metaheuristic used in solving VRPTW is simulated annealing. Tan et al.
[2000] develop a fast simulated annealing method based on two-interchanges with
best-accept strategy and a monotonously decreasing cooling scheme. After the final
temperature is reached, special temperature resets based on the initial temperature and
the temperature that produced the current best solution are used to restart the proce-
dure. Li et al. [2003] propose a tabu-embedded simulated annealing metaheuristic.
Initial solutions are created by the insertion and extended sweep heuristics of Solo-
mon [1987]. Three neighborhood operators based on shifting and exchanging clients
between and within routes are combined with a simulated annealing procedure that is
forced to restart from the current best solution several times. Solomon’s insertion
procedure is used to reduce the number of routes and to intensify the search by reor-
dering routes and trying to insert clients into other routes. Finally, the search is diver-
sified by performing some random shifts and exchanges of clients.

The ant colony optimization (ACO) is also applied to solve the VRPTW. Gam-
bardella et al. [1999] use an ant colony optimization approach with a hierarchy of two
cooperative ant colonies. The first colony is used to minimize the number of vehicles,
while the second colony minimizes the total traveled distance. The two colonies co-
operate through updating the pheromone with the best found solution. When the new
best solution contains fewer vehicles, both colonies are reinitialized with the reduced
number of vehicles.

Br&ysy [2003] presents a new four-phase deterministic metaheuristic algorithm
based on a modification of the variable neighborhood search (VNS). In the first phase,
an initial solution is created using a construction heuristic based on the ideas of the
works of Solomon [1987] and Russell [1995]. Routes are built one at a time in a
sequential order. Then, after a number of clients have been inserted into the route, the
route is reordered using Or-opt exchanges. Afterward, another operator is used to
minimize the number of routes. In the third phase, the created solutions are improved
in terms of distance using VNS oscillating between four new improvement procedures
based on modifications to CROSS-exchanges of Taillard et al. [1997] and cheapest
insertion heuristics. In the fourth phase, the objective function used by the local
search operators is modified to also consider waiting time to escape from local op-
tima.
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1.5Benchmarks

As no benchmark particularly designed for the LTCPP has been made public, we
developed our own benchmark to aid our experiments. The benchmark used in our
experiments includes three sets of structurally different problem instances. Two of
them are transformed from the benchmark of a similar problem and the other one is
obtained based on the real-world case.

The first two sets of instances were originally derived from the Pickup and
Delivery Problems with Time Windows (PDPTW) instances by Li and Lim [2003].
We added and modified a few values in order to transfer them into LTCPP instances.
Both of the two sets are composed of 9 instances with users from 100 to 400. The
users in the first set are clustered distributed, so the set is named with C. The second
set has the users allocated randomly, therefore is named with R.

For all the instances in these two sets, the depot in the original PDPTW of 100
clients is considered as the destination, while the coordinates the users are kept from
the original benchmark. The values of maximum travel time T, the penalty p;, the
earliest departure and latest arrival time e; and I; of each user, were generated
according to the research on the real-world applications. The cost d;; was computed as
an integer value equal to ed;;, where edj; is the Euclidean distance between user i and j.
Travel times t;; were assumed to be equal to the distances divided by 50 km/h (average
travel speed). For each user, the car capacity Qx was set to 4, and the maximum ride
time Ty was defined to be 1.5 times of the direct travel time from the user’s home to
the destination. The penalty p; of each user was computed as two times of travel cost
from user’s home directly to the destination. The latest arrival times I; were uniform
randomly selected in the interval from 8:30 am to 9:00 am, and earliest departure time
of user i was computed as e;= |; — max (tip + 0:30, 2t;o), where tjo is the direct travel
time from the user i’s home to the destination.

The last set of instances is obtained by real-world case. The data is collected from
the car pooling program participants of the Artois University by using the car pooling
platform presented in the appendix. The university is the destination in these instances.
The participants defined their earliest departure time from their homes, latest arrival
time at the university, their car capacity and the maximal travel time they were willing
to take. However, the car capacity cannot be set less than 2, and the maximum driving
time cannot be less than 1.2 times of the direct travel time from the user’s home to the
university. The distances and travel time between each two users and between the user
and the destination are obtained by Google Map API, which provides very accurate
values for the instances. The collected data includes 565 participants. The data is first
transformed into an instance with 565 users directly as well as two 400 users instances
by selecting randomly 400 users from the data. Then three instances with 200 users
are generated by each time randomly selecting 200 users from the data. Moreover,
three instances with 100 users are also built by randomly selecting 100 users from the
data. Thus, the last set contains 9 instances based on the real-world data. The bench-
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marks can be found at http://www.lgi2a.univ-artois.fr/agora/module_fichier/.

1.6 Conclusion

An overview of different aspects of long-term car pooling problem has been presented
in this chapter. This problem is interesting in research as well as in real world applica-
tion because of its unique characteristics and the challenge it provides.

The state-of-the-art presented in this chapter covers the description of the prob-
lem, the mathematical representation and the existing solving methods. The resolution
methods for Daily Car Pooling Problem, Dial A Ride Problem and Vehicle Routing
Problem with Time Windows are also introduced in detail in order to supplement the
literature of LTCPP. The benchmark sets which are used for our algorithm experi-
mentations are presented in detail.

According to all the literature we studied, we can conclude that a well-designed
approach should not only focus on a given class of methods, but also has to take into
account different features and mechanisms that have been employed to aid or support
these methods.

Next chapters will handle these open issues, we will expose our contribution in
the field of long-term car pooling problem. The proposed approaches are designed by
taking advantage of the best existing approaches for solving all related problems.
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Trajectory-based Metaheuristics for the

Long-term Car Pooling Problem
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Abstract

In this chapter we propose to solve the LTCPP with Variable Neighborhood Search
approach which is a well-known member of the trajectory-based metaheuristic family.
We believe that the characteristic of changing the neighborhood structure offers a
powerful mechanism in finding good solutions. Experimental results are presented to
show the performance of the approach.
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2.1 Introduction

In our first attempt to solve the long-term car pooling problem, we dedicated to de-
veloping and applying a simple method, because a simple method usually brings fa-
cilitation in implementation and robust in operation. Therefore, the trajectory-based
metaheuristics are taken into our consideration. The trajectory-based metaheuristics
typically normally process one solution at a time. They can trace out a path in the
search space as the iterations continue.

One of the most recent approaches in the field of trajectory-based metaheuristics
is Variable Neighborhood Search (VNS) [Hansen and Mladenovi¢, 1997]. The me-
taheuristic is inspired by the fact that a local optimum related to a specific move type
can often be improved by using another move type. To exploit this fact, the VNS de-
fines different move types and change the move type used once a local optimum has
been obtained. The search space covered by a specific move type is called a neighbor-
hood, so the VNS adaptively changes the neighborhood and obtains different local
optima. If we consider searching inside one neighborhood is an intensification search
process, then the process of changing neighborhoods corresponds to a diversification
search process. Different neighborhoods cover different search spaces, and the prop-
erties of one neighborhood are in general different from those of other neighborhoods,
therefore the search strategies usually are different for each of them. When the neigh-
borhoods are well designed, a solution that is locally optimal to one neighborhood is
usually not locally optimal to another neighborhood. So, the global optima can be
found in the local optima of the neighborhoods. This characteristic provides to VNS a
serious ability and reactivity to track the shifting optimum in optimization problems.
Therefore, in this chapter a Variable Neighborhood Search approach is proposed for
solving the LTCPP. We believe that the characteristic of changing the neighborhood
structure offers a powerful mechanism in finding good solutions.

The structure of this chapter is organized as follows: the fundamental explanation
of trajectory-based metaheuristics is introduced in the Section 2.2. Section 2.3 presents
our VNS-LTCPP in an incremental manner, with the representation, the definition of
the neighborhood structure, the design of the initial solution, the evaluation function,
and the dedicated algorithm. In Section 2.4, we discuss our experimental results, and
provide an experimental result analysis. Finally, in section 2.5, we conclude with a
summary of the main contributions reported in this chapter.

2.2 Trajectory-based Metaheuristics

As abovementioned, trajectory-based algorithm typically operates on one solution at a
time, which will trace out a path in search space as the iterations continue. Paths are
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performed by iterative procedures that allow moving from one solution to another one
in the solution space. The walks start from a solution randomly generated or obtained
from another optimization algorithm, called initial solution. In each iteration, the cur-
rent solution is replaced by another one selected from the set of its neighboring candi-
dates. A better move or solution is always accepted, while a not-so-good move can be
accepted with certain probability, shown in figure 2.1. The steps or moves trace a tra-
jectory in the search space, with a non-zero probability that this trajectory can reach
the global optimum. The search process is stopped when a given condition is satisfied,
such as a maximum number of generations, finding a solution with a target quality, or
no improvements for a given time, etc. This kind of metaheuristics performs the
moves in the neighborhood of the current solution, so they have a perturbative nature.

Algorithm 2.1: Trajectory-based Metaheuristic.

Generate ( Sp ); /* Generate initial solution */
t = 0; /* Number of iterations */
St = So;

While not Termination Criterion (s;) do
s¢’ = GenerateMove (s ); /* Exploration of the neighborhood */
if AcceptMove( s;’) then
st = ApplyMove (s;” ); /* Replace incumbent with the new obtained solution */
t=1t+1;
End while

Algorithm 2.1 illustrates the structure of a trajectory-based metaheuristic. It itera-
tively applies the generation and replacement procedures from the current single solu-
tion. In the generation phase, a candidate solution s;” is generated from the current in-
cumbent s.. The candidate solution is generally obtained by local transformations of
the solution. In the replacement phase, an evaluation is performed for the candidate
solution s;” to replace the current incumbent s;. If the candidate solution s;’ is proven
to be better than s;, then s;” will be accepted and selected to become the new incum-
bent by replacing s;. This process iterates until a given stopping criteria is met. In this
algorithm, the generation and the replacement phases has no memory mechanism, the
procedures are based only on the current incumbent. However, in some of the trajec-
tory-based metaheuristics, some experiences of the former searches stored in a mem-
ory can be used in the generation of the candidate list of solutions and the selection of
the new solution.

32



CHAPTER 2 Trajectory-based Metaheuristics for the Long-term Car Pooling Problem

The main concepts for the trajectory-based metaheuristics, which are the defini-
tion of the neighborhood structure and the determination of the initial solution, will be
introduced in the next section.

Meighborhood

Solution

() Neighbor

Accept?_ _ ___.--

Figure 2.1: Main principles of the trajectory-based metaheuristic.

2.2.1 Neighborhood

The most basic and essential part of a trajectory-based metaheuristic is the definition
of the neighborhoods. The structure of the neighborhood plays a crucial role in the
performance of a trajectory-based metaheuristic. If the neighborhood structure is not
adequate to the problem, the trajectory-based metaheuristic will either fail to solve the
problem or provide low quality solutions.

Definition 2.2.1

If X is a search space and s is a solution in X, and all the solutions in X are connected
with a defined mapping rule, then a neighborhood of s is a set N(s) < X containing the
solutions where s can move to without leaving the search space. A solution s, & N(S)
is a neighbor of s.

A neighbor is constructed by applying of a move operator which performs a small
perturbation to the current solution. The main characteristic of a neighborhood is lo-
cality. Locality is the effect on the solution when performing the move in the repre-
sentation of the solution. The neighborhood is considered to have a strong locality, if
when small changes are made in the representation, the solution is affected slightly.
Hence, a trajectory-based metaheuristic will perform a meaningful search in the
search space of the problem. Weak locality is characterized by a large effect on the
solution when a small change is made in the representation of the solution. In the ex-
treme case of weak locality, the search will converge toward a random search in the
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search space. The structure of the neighborhood depends on the target optimization
problem. It has been first defined in continuous optimization.

Definition 2.2.2

In a discrete optimization process, the neighborhood N(s) of a solution s is repre-
sented by the set {s, / d(sn, S) <&/}, where d represents a given distance that is related
to the move operator.

The definition of the neighborhoods strongly corresponds to the representation
associated with the problem to solve. Normally in vehicle routing related problems,
the neighborhoods are designed with traditional encodings; the users are represented
in a sequence of numbers, called permutation. For permutation-based representations,
a usual neighborhood is based on the swap operator that consists in exchanging the
location of two elements s; and s; of the permutation. For a permutation of size n, the
size of this neighborhood is n(n — 1)/2. This representation may also be applied to
other linear mathematical models. Figure 2.2 shows the neighborhood associated with
a combinatorial optimization problem using a permutation encoding. In the figure, the
neighbors of the solution (2, 1, 3) are: (2, 3, 1), (1, 2, 3),and (3, 1, 2).

The distance between two elements is based on the swap operator. Once the con-
cept of neighborhood has been defined, the local optimality property of a solution
may be given.

(2,3,1) (3,2,1)

2,1,3)& X » (3,1,2)

(1,2,3) (1.3.2)

Figure 2.2: An example of neighborhood for a permutation problem of size 3.

Definition 2.2.3

For a given neighborhood N(s), a solution s & N(s) is a local optimum if the solution
quality is better than or equal to all its neighbors’ solution qualities, see figure 2.3.
That is, Q(s) is better than Q(s,) for all s, € N (s). Note that for the same optimiza-
tion problem, a local optimum for a neighborhood N; may not be a local optimum for
another neighborhood N;.

Definition 2.2.4
For a search space X, a solution s & X is a global optimum if the solution quality is
better than or equal to all others solution quality in the search space. That is, Q(S) is
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better than Q(s,) for all s, € X. Note that there may be many global optimal solutions
in a search space.

A Objective

/

Local optima
Local optima

\Local and global optima

A -
>

Search space

Figure 2.3: Local optimum and global optimum in a search space.

2.2.2 Initial Solution

To construct an initial solution, two strategies are normally used: a random procedure
and a greedy approach. There is a lot to discuss between the selection of a random ini-
tial solution and a greedy initial solution, since a random initial solution is superior in
terms of the computational time but is lack of solution quality, while a greedy initial
solution does vice versa. The best answer to this trade-off will depend mainly on the
efficiency and effectiveness of the random and greedy algorithms at hand, and the
trajectory-based metaheuristic properties. For instance, the larger is the neighborhood,
the less is the sensitivity of the initial solution to the performance of the trajec-
tory-based metaheuristics. Generating a random initial solution is a quick operation,
but the metaheuristic may take much larger number of iterations to converge. To
speed up the search, a greedy heuristic may be used. In fact, in most of the cases,
greedy algorithms have a reduced polynomial-time complexity. Using greedy heuris-
tics often leads to better solution quality. Thus, the trajectory-based metaheuristic will
require less iterations to converge toward a local optimum. Some approximation
greedy algorithms may also be used to obtain a bound guarantee for the final solution.
However, it does not mean that using better solutions as initial solutions will always
lead to better local optima.

2.2.3 Some Trajectory-based Metaheuristics

Popular examples of trajectory-based metaheuristics are Hill Climbing (Russell and
Norvig, 2003), Greedy Randomized Adaptive Search (Feo and Resende, 1989), Simu-
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lated Annealing (Kirkpatrick 1983, Cerny 1985), Tabu Search (Glover, 1990), and
Variable Neighborhood Search (Hansen and Mladenovic, 1999).

® Hill Climbing (HC) is a trajectory-based metaheuristic that normally starts with a
random initial solution to a problem. Then in each iteration, HC will adjust a sin-
gle element in the current solution and determine whether the change improves
the value of the solution. If the change produces a better solution, an incremental
change is made to the new solution, repeating until no further improvements can
be found.

® The Greedy Randomized Adaptive Search Procedure (GRASP) typically consists
of iterations made up from successive constructions of a greedy randomized solu-
tion and subsequent iterative improvements of it through a local search. The
greedy randomized solutions are generated by adding elements to the problem's
solution set from a list of elements ranked by a greedy function according to the
quality of the solution they will achieve. To obtain variability in the candidate set
of greedy solutions, well-ranked candidate elements are often placed in a re-
stricted candidate list, and chosen at random when building up the solution.

® Simulated Annealing (SA) is a stochastic search method in which at each step, the
current solution is replaced by another one that improves the objective function.
The replacement is normally randomly selected from the neighborhood. SA uses
a control parameter, called temperature, to determine the probability of accepting
non-improving solutions. The objective is to escape from local optima, and so to
delay the convergence. The temperature is gradually decreased according to a
cooling schedule such that few non-improving solutions are accepted at the end of
the search.

® Tabu Search (TS) explores the search space by managing a memory of solutions
or moves recently applied, called the tabu list. When a local optimum is reached,
the search carries on by selecting a candidate worse than the current solution. To
avoid the previous solution to be chosen again, and so to avoid cycles, TS dis-
cards the neighboring candidates that have been previously applied.

® Variable Neighborhood Search (VNS) is a trajectory-based metaheuristic which
explores successively a set of pre-defined neighborhoods to provide a better solu-
tion. It uses the descent method to get the local minimum of one neighborhood.
Then, it explores either at random or systematically other neighborhoods. At each
step, a solution is shaked from the current neighborhood. Then the current solu-
tion is replaced by a new one if and only if a better solution has been found. The
exploration is thus re-started from that solution in the first neighborhood. If no
better solution is found the algorithm moves to the next neighborhood, randomly
generates a new solution and attempts to improve it.
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2.3 Variable Neighborhood Search for the LTCPP

In this section, we present our VNS-LTCPP approach designed for solving the
long-term car pooling problem. The adaptation of the different components for the
long-term car pooling problem is described and examined.

2.3.1 Variable Neighborhood Search

Variable Neighborhood Search (VNS) has been recently proposed by P. Hansen and
N. Mladenovic (1999). Contrary to most other trajectory-based metaheuristics, VNS
follows more than one trajectory. It explores increasingly distant neighborhood of the
current incumbent solution, and it jumps from there to a new one if and only if an im-
provement was made. VNS exploits the fact that using various neighborhoods in local
search may generate different local optima, and that provides the possibility to find
the global optimum among the local optima of the given neighborhoods, since differ-
ent neighborhoods search different areas of the search space. Figure 2.4 shows the
mechanism of a VNS with two neighborhoods. The first local optimum is obtained
according to the neighborhood 1, while the second local optimum is obtained from
neighborhood 2 based on the previous local optimum. In this way the favorable char-
acteristics of the incumbent solution will be kept and used to obtain promising neigh-
borhood solutions.
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Figure 2.4: Variable neighborhood search using two neighborhoods.

In VNS, a finite set of pre-selected neighborhood structures Nx (k =1, ..., n) are de-
fined. Then, each iteration of the algorithm consists in three steps: shaking, local
search and move. A solution is firstly shaken from the neighborhood Ny of the current
solution. For instance, a solution s’ is randomly selected in the current neighborhood
Nk of current incumbent s. Then, a local search operator is applied to the solution s’ to
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generate a local optimal solution s’’. The current incumbent s is replaced by the new
solution s’ if and only if s’ is a better solution than s, that is the solution quality
Q(s”) is better than the solution quality Q(s). Afterward, the search procedure is re-
started with the new incumbent s. If the quality of the new solution Q(s’’) is worse
than the solution quality Q(s), the algorithm moves to the next neighborhood. The
procedure continues until some stopping condition is met, for instance, maximum
number of iterations, maximum CPU time allowed, or maximum number of iterations
between two improvements. Algorithm 2.2 presents the template of the basic VNS
algorithm.

Algorithm 2.2: Basic Variable Neighborhood Search Algorithm

Define the set of neighborhood Nk (k =1, ..., n);
Generate ('Sp ); /* Generate initial solution */
S = So,

Repeat
k=1;
Repeat

Generate solution s’ at random from N(s); /* Shaking */
s’ = LocalSearch('s”); /* Apply local search to obtain local optimum s’ */

If O(s’’)<Q(s)then
s=s""11* Move */
k = 1; /* Start the next search in the first neighborhood N (s) of solution s */

Else
k=k+1;
End if
Untilk=n

Until stopping criteria is met

2.3.2 LTCPP Solution Representation

The aim to design a representation for the solution is to build a suitable mapping be-
tween our problem and the solution generated by the algorithm. Although both direct
and indirect coding have been proven to be applicable for the representation of vehicle
routing related problem, we favor to select the direct coding for the LTCPP, since the
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