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Abstract

In a peer-to-peer shared ride system, transportation clients with traffic demand
negotiate with transportation hosts offering shared ride services for ad-hoc ride
sharing in a continuously changing environment, using wireless geosensor net-
works. Due to the distinctive characteristic of this system—a complex and non-
deterministic transportation network, and a local peer-to-peer communication
strategy—clients will always have limited transportation knowledge, both from
a spatial and a temporal perspective. Clients hear only from nearby hosts, and
they do not know the future availability of current or new hosts. Clients can plan
optimal trips prior to departure according to their current knowledge, but it is
unlikely that these trips will be final optimal trip due to continuously changing
traffic conditions. Therefore, it is necessary to evaluate the trip quality in this
dynamic environment in order to assess different communication and wayfinding
strategies.

The goal of this thesis is to develop an objective and systematic approach
to accessing trip quality in simulations of peer-to-peer shared ride systems and
uses this approach to evaluate different methods of peer-to-peer shared ride trip
planning. By generating and analyzing a global database from the simulations
for a large number of simulation runs, global single- or multi-criteria optimal
trips can be identified in each simulation. These global optimal trips can be used
for evaluating the quality of suboptimal trips realized by clients who apply some
ad-hoc trip planning strategies in the simulation. The space-time network was
introduced to compute global optimal trips by applying Dijkstra’s algorithm and
choosing travel time as a criterion. Multi-criteria optimization was presented for
computing multi-criteria optimal trips in simulations considering travel time and
trip fares as cost functions.

The developed approach is implemented in a trip quality evaluation subsys-
tem, which can be integrated into different versions of the multi-agent simulation
of peer-to-peer shared ride systems. The experiments are conducted to test the
proposed approaches to evaluating trip quality. The experiment results verify
the hypothesis of the thesis: the trip quality can be determined in peer-to-peer
shared ride system simulations.
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Chapter 1

Introduction

1.1 Motivation

Traffic congestion is a severe problem in urban areas, which leads to uncountable

economic losses every year (Dillenburg et al., 2002). However there are many

empty seats in vehicles commuting between the home and work place everyday.

If some commuters with the same origin and destination are willing to travel at

the same time, they can travel together to reduce the number of vehicles on the

streets. Shared-ride systems, one of the approaches to relieve urban traffic prob-

lems, can accomplish the need to bring these commuters together. They cannot

only alleviate the associated traffic problems of congestion and pollution, but also

increase urban accessibility. Conventional forms of shared ride systems, including

car pooling, van pooling and dial-a-ride, show potential to revolutionize the urban

access and mobility. Most of these shared ride systems however rely on central-

ized architecture and need users to pre-register before they start traveling. This

approach is unable to cope with ad-hoc shared ride requests. Hence conventional

shared ride systems are not scalable for ad-hoc use in urban traffic environments.

A peer-to-peer shared ride system, a modern version of conventional shared

ride systems, is more scalable: a decentralized shared ride system based on mobile

geosensor networks can broker ad-hoc ride sharing successfully. Transportation

clients with traffic demand send a request to hosts offering shared ride services

in a transportation network. Clients then receive relevant shared ride offers from

the nearby hosts, choose the best one, and make a booking. These negotiation

processes will be repeated from time to time until clients reach their destinations.

A local multi-hop communication strategy enables clients to negotiate with hosts

in some distance for ad-hoc ride sharing.

Due to the distinctive characteristic of this system—a complex and non-

deterministic transportation network, and a local peer-to-peer communication
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CHAPTER 1. INTRODUCTION

strategy—knowledge of clients about the transportation network is spatially and

temporally limited. Clients hear only from nearby hosts, and they do not know

the future availability of current or new hosts. Clients can plan optimal trips prior

to departure according to their current knowledge, but it is unlikely that these

trips will be final optimal trip due to continuously changing traffic conditions.

Therefore, the evaluation of the trip quality in this dynamic environment seems

necessary.

Trip quality reflects the usability, reliability, security and performance of

peer-to-peer shared ride systems from the clients point of view. A quantitative or

qualitative factor such as travel time, travel fare, transfer number, comfortable-

ness and convenience can be used to evaluate a particular aspect of a peer-to-peer

shared ride system. The measures can describe quality of trips in peer-to-peer

shared ride systems and represent the clients point of view. Therefore, it is neces-

sary to evaluate the trip quality generated in this dynamic environment in order

to assess different communication and wayfinding strategies realized in different

peer-to-peer shared ride systems.

1.2 Research Objectives and Research Questions

Simulations are carried out to study the properties of peer-to-peer shared ride

systems (Wu et al., 2006). The goal of this research is to develop objective

and systematic approaches to assessing trip quality in simulations of peer-to-

peer shared ride systems and comparing various methods of peer-to-peer shared

ride trip planning. My research is focused on generating and analyzing a global

database from the simulations. The purpose of the global database is to pro-

vide complete knowledge about simulations of peer-to-peer shared ride systems

in hindsight of any traveling event. The entire transportation and communication

network knowledge in the global database are analysed statistically for the eval-

uation of trip quality in simulations. Different measures of trip quality depend

on the statistical analysis of this global database.

The research therefore addresses two questions: (1) Is there a global optimal

trip for each planning task which can be identified in simulations by analyzing the

global database? (2) Is there a multi-criteria optimal trip for each planning task

when considering multiple criteria for computing optimal trips in simulations?

The hypothesis of this thesis is that global single- or multi-criteria optimal

trips can be identified in each simulation of peer-to-peer shared ride systems. Fur-

thermore, the trip quality can be determined in peer-to-peer shared ride system

simulations.

2



L.-J. Guan 1.3. METHODOLOGY

1.3 Methodology

In order to measure the trip quality in each simulation, an observer will be set

up in the simulation process who is capable of monitoring all activities in the

simulation and storing all required information in a global database. This ob-

server stores not only the locations of transportation clients and hosts over time

but also the shared ride information including requests, offers, booking messages,

and free passenger capacities.

While clients plan their trips to a destination from local knowledge, the

observer will store full network information—both transportation and communi-

cation network—in the global database. After the clients finish their trips, their

travel histories can be accessed by querying this global database. Thus a subop-

timal trip realized by each client during the trip is available to be measured for

its quality.

With the global database of a single simulation, different measures of trip

quality depend on various analyses of the global database. With multiple simula-

tion runs, statistical analyses become feasible. The statistical analysis of simula-

tion results will use all the knowledge of the transportation and communication

network in the global database as the input for algorithms. Based on knowledge

of the entire transportation network monitored by the observer, reconstructing

the transportation and communication network in hindsight is feasible after the

clients complete their trips. The dynamic transportation network is reconstructed

in hindsight based on the knowledge from the global database. It is transformed

into the space-time network where edges are not time-dependent. Global optimal

trips are then investigated by applying the shortest path algorithm in the space-

time network. Furthermore, multi-criteria optimal trips are also investigated in

this environment when multiple criteria (e.g. travel time and trip fares) are con-

sidered in simulations of clients’ trip planning. Global single- and multi-criteria

optimal trips will be compared with suboptimal trips realized by planning agents,

which have to apply some ad-hoc trip planning strategies in simulations for the

evaluation of trip quality.

1.4 Organization of the Thesis

The thesis is structured as follows. Chapter 2 presents a literature review on

shared ride systems, mobile geosensor network, moving object database and short-

est path algorithms. Chapter 3 presents multi-agent simulations of peer-to-peer

shared ride systems and states a method of generating a global database of sim-

3



CHAPTER 1. INTRODUCTION

ulations. Chapter 4 describes the statistical analysis of the global database to

assess the trip quality in simulations. Chapter 5 presents the experiments to test

the proposed approaches to evaluating trip quality and discusses the experiments

results. Chapter 6 demonstrates additional uses of the global database in peer-

to-peer shared ride simulations. Chapter 7 summarizes the work and gives an

outlook of this research.

4



Chapter 2

Literature Review

2.1 Shared-Ride Systems

Shared ride systems, as a relatively new transportation service, can reduce traffic

congestion, gasoline consumption, air pollution and mobility problems at a low

cost. They offer a more flexible and personalized transportation service than

mass transit systems and have the potential to be adopted by society.

2.1.1 Conventional Shared Ride Systems

A number of successful shared ride systems exist in many cities around the world,

such as Liftshare1 in the UK, AlloStop Provoya2 in France, and Mitfahrzentrale3

in Germany. Conventional forms of shared ride systems including car pooling,

van pooling and dial-a-ride, have various levels of technological support, such as

being based simply on social convention (Resnick, 2004), accessing a centralized

ride matching computer via wireless mobile phones (Walbridge, 1995), or using a

web interface to offer the pre-registration and/or pre-booking for a shared ride4.

Liftshare has been greatly successful, with over 137,527 registered users in the

program (Liftshare, 2006). It has extensive experience of developing customized

ride sharing schemes to suit a range of users’ needs and their particular circum-

stances. However, Liftshare is not designed for ad-hoc use. Pre-arrangements

for ride sharing in the predefined user groups are not scalable and cannot cope

with a large number of service registers. The RideNow project is designed to

help individuals within a user group to coordinates ad-hoc shared rides (Wash

et al., 2005). Users can request a ride, offer a ride, and thank a driver or passen-

1http://www.liftshare.org
2http://www.allostop.net, accessed by Google Page Translator in English version.
3http://www.mitfahrzentrale.de, accessed by Google Page Translator in English version.
4http://www.ridenow.org
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ger through email or a web interface. This negotiation mechanism enables the

ad-hoc ride sharing in the urban traffic environment.

Google Ridefinder 5 provides a real-time approach for users to find shared

rides within inner urban traffic. Compared to RideNow, it has maps with live

data of vehicle positions. The locations of vehicles in this service are observed

by GPS and collected in a central database. This data about the locations of

vehicles has some time latency, which is said to be less than 5 minutes. What

more, only locations of vehicles are provided on the map. Users do not know

whether the shown vehicles have free passenger capacity for them or are going

in the desired directions unless calling. When users call the service provider to

request a ride, they may get alternative rides by central dispatchers. Potential

drawbacks of this centralized approach are (i) the responses to queries may be

outdated, (ii) the response time may not meet the real-time requirements, and

(iii) access to the service via communication infrastructure is costly.

Centralized services are also challenged by large scale transportation net-

works and unpredictably dynamic transportation networks where transportation

demand and supply appears ad-hoc. With demand and supply appearing in a

transportation network in an ad-hoc fashion, trips made in real-time may be

optimal in terms of a specified cost function (such as travel time or trip fares)

at a point in time, but not in hindsight. The peer-to-peer shared ride system

discussed in this research is more dynamic, hence complex than the conventional

centralized services.

Most research on shared ride systems investigate quality of service to evalu-

ate different vehicle routing algorithms and performance of such systems from a

service providers viewpoint (a company or institution) (Ben-Akiva et al., 1996;

Fu and Teply, 1999; Teodorovic and Radivojevic, 2000; Cordeau and Laporte,

2003). Only a small amount of research looks into trip quality from a service

users viewpoint (Colorni and Righini, 2001). The shortest route for a vehicle

who will service several passengers can be different from the optimal route for

a passenger and in this case the viewpoint of a service users prevails. This the-

sis provides a suitable tool to evaluate different communication and wayfinding

strategies for peer-to-peer shared-ride system designers from a user’s perspective.

2.1.2 Peer-to-Peer Shared Ride Systems

Peer-to-peer shared ride systems have been proposed as a promising application

for people to negotiate in an ad-hoc manner for ride sharing (Winter and Nit-

5http://labs.google.com/ridefinder
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tel, 2005; Winter et al., 2005; Winter and Nittel, 2006). In a mobile geosensor

network (introduced in Chapter 2.2) each node acts as an agent, either a trans-

portation client agent with travel demand or host agent providing shared ride

services. The agents are mobile, have limited power (operating off batteries), can

communicate in an ad-hoc manner via radio-based communication, and are aware

of their current location and their traffic plans. A local multi-hop communica-

tion strategy and communication protocol enables a trip planning client agent

to negotiate directly with nearby hosts, collect information about the current

local transportation opportunities, and book some transportation capacity for a

shared ride. The simulation of such a system is specified by Winter and Nittel

(2005) and Winter et al. (2005). The results of the simulation are presented by

Winter and Nittel (2006). The approach is based on mobile geosensor networks

(Stefanidis and Nittel, 2005), and turns out to provide an effective and efficient

alternative to the non-scalable centralized systems.

Time geography provides tools to improve the efficiency of communication

in the negotiation processes of a peer-to-peer shared ride system (Winter and

Raubal, 2006). Time geography is built on the space-time paths representing

the movement of individuals in geographic space over time (Haegerstrand, 1989).

The space-time prism is an extension, defined by the reachable areas between

start and destination of a trip. The interior of the prism is called potential

path space. Dynamic space-time prisms can be achieved, demonstrating that

travel times between locations vary by different spaces and times with dynamic

traffic flow (Wu and Miller, 2001). Based on time geography concept, Winter

and Raubal (2006) build a model to identify relevant hosts for clients in a peer-

to-peer shared ride system. An implementation of this theoretical model in a

multi-agent simulation is presented on a realistic street network (Raubal et al.,

accepted 2006).

A multi-agent simulation of peer-to-peer shared ride systems is also designed

to investigate how diverse agents’ behavior change a client’s trip travel time (Wu

and Winter, 2006; Wu et al., 2006). Three different communication strategies are

employed to demonstrate that mid-range communication strategy is still both

efficient and effective compared to other communication strategies.

A more realistic grid network with main streets and side streets is simulated

as an extension of the simple grid network (Leigh, 2006). Agents can have some

knowledge about this overlaid grid network and can consider traffic patterns in

trip planing. Hosts may prefer the main streets instead of side streets. Clients

may prefer trips to transfer points at main street intersections, to increase their

chances of being picked up again.

7
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2.2 Mobile GeoSensor Networks

The continuing development of wireless communication technology and digital

electronics has allowed the development of low-cost computing platforms with

sensors on board, limited on-board data processing and short-range wireless com-

munication capabilities (Akyildiz et al., 2002). A sensor network consists of a

large amount of sensors/plarforms/nodes that are deployed in an ad-hoc fashion

to collaboratively perform distributed sensing tasks (Tilak et al., 2002). Typi-

cally, sensors are tiny and the limited battery capabilities and bandwidth allow

only for short range wireless communication. These sensors can be distributed

over a large geographical area to measure weather, traffic and road conditions,

or other parameters (Zhao and Guibas, 2004). They can retrieve and exchange

information about their immediate environment using short-range wireless com-

munication. A sensor network in which sensor nodes are aware of their geographic

location is a so-called geosensor network (Nittel et al., 2004b).

Such geosensor networks revolutionize the way spatial information is collected

and analyzed at a fine-grained temporal and spatial scale (Stefanidis and Nittel,

2005). Sensor nodes can be mobile by being attached to moving objects, like

vehicles, parcels, or even humans. These mobile objects receive information from

their direct neighbors, or from remote objects by multi-hop transmission relayed

by intermediate moving objects (Xu and Wolfson, 2004; Nittel et al., 2004a; Gerla

et al., 2005). Additionally the sensor nodes can appear and disappear at any time

due to sensor node mobility. Hence the topology of mobile geosensor networks

changes rapidly and arbitrarily. Routing of messages in such a network becomes

a challenge.

Communication strategies in these networks differ from classic client-server

based communication (IP address-based), because typically messages are routed

via ”hops” from one node to adjacent nodes, until the destination is reached

(Intanagonwiwat et al., 2000). Routing in sensor networks is data-centric (Krish-

namachari et al., 2002). The goal of routing strategies is to distribute information

only to sensor nodes that need the information or that can be a source of informa-

tion. Another aspect of data-centric routing is scalability: as the number of sensor

nodes increases to hundreds of thousands of nodes, a decentralized, peer-to-peer

information dissemination and data aggregation strategy can provide efficient in-

formation exchange and eliminate the bottlenecks of a centralized architecture

(Nittel et al., 2004a; Xu et al., 2004).

Nittel et al. (2004a) evaluated several information dissemination strategies

between agents in mobile geosensor networks:

8
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• Flooding strategy: An agent always informs all other agents within its

communication range of all information generated or received from other

peers.

• Epidemic strategy: An agent informs only the first n agents it encounters

within the communication neighborhood.

• Proximity strategy: An agent informs other peers within its communication

neighborhood only as long as the agent is within a certain threshold distance

from the location.

Note that none of these dissemination strategies are able to ensure infor-

mation delivery between agents, either implicitly or explicitly. The proposed

shared ride system based on mobile geosensor networks (Winter and Nittel, 2005;

Winter et al., 2005; Winter and Nittel, 2006) requires at some stages two-way

point-to-point communication. This is only possible if the communication hap-

pens instantly, that is, over very short distances.

9
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2.3 Moving Object Databases

A traditional database assumes that data is constant until it is explicitly changed.

Such databases are not suitable to manage moving objects. Since moving objects

change their positions continuously, their location over time needs to be stored

in a moving object database, where it can be queried to retrieve their location

information at any time.

Moving objects can be modelled as moving points, which are considered to

move only along predefined transportation networks (Ding and Güting, 2004a).

Information about moving objects can be stored in moving objects databases,

which are designed to store and efficiently query the positions of continuously

moving objects. There are two main approaches in the literature: the location

management and the spatiotemporal database approach.

The first approach, location management, is a fundamental component for

mobile ad-hoc networks, and can be implemented through a conventional data-

base. Wolfson and colleagues developed a model that can keep track of time-

dependent locations in a database (Wolfson et al., 1998, 1999; Xu and Wolfson,

2004), and Wolfson and Mena (2005) show its applications. Their moving objects

database stores and manages the location at given points of time as well as other

dynamic information (such as velocity, direction, acceleration etc.) about mov-

ing objects. It therefore consists of static spatial and temporal information. The

static information includes maps and profile information about moving objects.

To overcome the problems of the point-location management the database real-

izes a trajectory-location management strategy, making use of a-priori or inferred

information about the destination of an object.

The second approach, the spatio-temporal database approach, aims to man-

age time-dependent geometries in a database. This was explored in the context

of the European Project CHOROCHRONOS (Sellis et al., 2003). Following this

approach, one has to provide a set of spatiotemporal data types, such as moving

points or moving regions, and suitable operations to support querying. Investiga-

tion of moving points is of interest in this research. Güting and his group devel-

oped a data model that captures complete histories of movements using a related

query language (Güting et al., 2000; Güting and Schneider, 2005). They provide

a comprehensive set of operations together with an algebra for data types such

as moving points, moving lines and moving regions, which can be implemented

as a DBMS (database management system) extension. Ding and Güting (2004b)

even consider that the underlying transportation networks can be subject to dis-

crete changes over time. An alternative model, also developed in the context of

10
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CHOROCHRONOS project, proposed an extension of constraint-based models

for handling spatiotemporal geometries, viewing these as existing in three space-

time dimensions (two dimension in space and one dimension in time) (Grumbach

et al., 1998).

11
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2.4 Shortest Path Algorithms

The shortest path problem is a fundamental and classic problem that has been

studied extensively since the 1950s (Bellman, 1958; Dijkstra, 1959) and the time-

dependent shortest path problem is a variation of this problem (Orda and Rom,

1990). This research does not attempt to solve or propose another variation of

the shortest path problems. Instead, it adapts a time-dependent shortest path

algorithm already developed. The general time-dependent shortest path (TDSP)

problem can be stated as follows: Given a directed graph G(N, A,D) having

N nodes (or vertexes) and A arcs (or edges), and a distinguished source s and

destination node d, and a set of time-dependent edge costs dij(t) associated with

each edge (i, j), the problem is to find a shortest path from s to d, starting from

s at time t = t0. Furthermore, if waiting at the nodes are allowed, a waiting cost

wi(t) can be associated with each node i, which gives the cost of waiting at node

i at time t.

2.4.1 Time-Dependent Shortest Path Algorithms

The first paper in the literature dealing with the time-dependent shortest path

algorithms appears to be by Cooke and Halsey (1966). They developed an it-

erative function that gives the time-dependent shortest paths from every node

in the network to one destination node. The solution for the static case can

be obtained, where the edge delays are independent of arrival times at the tail

(incoming) node of the edge. Cooke and Halsey considered a discrete time set

T = {t0, t0 +1, t0 +2, ..., t0 +T} for travel times on the edges for every time steps

and let dij(t) take any positive integer value.

Halpern (1977) studied the TDSP problem for networks considering restrict-

ing waiting times at nodes. Without the restriction of first-in-first-out (FIFO)

for edge delay, Orda and Rom (1990) provided a theoretical analysis of TDSP

problems, and proposed an approach about waiting models where algorithms for

finding the shortest path under various waiting constraint were investigated. This

approach identified optimal waiting times on the visited nodes when such a wait-

ing is allowed at any node (unrestricted waiting), or the optimal waiting time

in the source node if waiting elsewhere is restricted (source waiting). A result

obtained by the authors is that there exist some classes of delay functions, for

which the source waiting model can replace an unrestricted model.

Two main approaches have been proposed for studying and solving time-

dependent shortest path problems: the time-expanded (Pallottino and Scutellà,

1997; Chabini, 1998; Schulz et al., 2000; Müller-Hannemann and Weihe, 2001;

12
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Müller-Hannemann et al., 2002; Pyrga et al., 2004), and the time-dependent ap-

proach (Cooke and Halsey, 1966; Orda and Rom, 1990; Brodal and Jacob, 2001;

Kostreva and Wiecek, 1993). In the time-expanded approach, a time-expanded

graph (or space-time network (Pallottino and Scutellà, 1997; Chabini, 1998)) is

constructed in which every node corresponds to a specific time event (departure

or arrival) and edges between nodes represent waiting at a node or a connection

between a pair of departure and arrival. This naturally results in the construction

of a graph with many nodes, but is suitable for graphs with few edges. It is pos-

sible to solve shortest path problems working on time-expanded graphs (or the

space-time network) by means of a topological or chronological visit (Pallottino

and Scutellà, 1997). The same authors proposed a shortest path algorithm by im-

plementing the chronological visit of time-expanded graph. Müller-Hannemann

and Weihe (2001) applied this time-expanded approach for timetable informa-

tion systems and demonstrated that this approach is feasible to produce a small

number of Pareto-optimal paths. Müller-Hannemann et al. (2002) presented this

approach in more realistic and complex real-world scenarios for timetable infor-

mation with respect to space limitations.

The idea of the time-dependent approach is to avoid the maintenance of a

node per event(every departure or arrival). The time-dependent graph is con-

structed by contracting all nodes that belong to the same node i in the directed

graph G(N, E, D), and deleting parallel edges afterwards. An edge is determined

by the time at which it is used. At the time at which an edge is traversable,

the delay of this edge depends on the path that is used to reach the edge as well

as the departure time. The algorithm used in the time-dependent approach can

be viewed as an improved implementation (a significant improvement of running

time) of the shortest path algorithm (such as a standard shortest path algorithm—

Dijkstra’s algorithm (Dijkstra, 1959)) in the time-expanded approach. However,

the time-dependent approach is based on the assumption that the FIFO property

is required on the links of the network. Then this approach is not suitable for

solving time-dependent shortest path problems if the FIFO property fails to hold.

In multi-modal networks, schedule-based algorithms can be applied where

the time-dependent cost functions are predictable and known in advance (Peng

and Huang, 2000). Additional components might consider real-time informa-

tion on delays and updated schedules (Ziliaskopoulos and Mahmassani, 1993;

Ziliaskopoulos and Waller, 2000). Other time-dependent route planning algo-

rithms assume static (street) network with dynamically changing edge delays, for

example, according to the current traffic situation (Chon et al., 2003).

In a peer-to-peer shared ride system, traffic is bound to the physical street

13
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network. From a graph perspective, dynamic offers from nearby hosts along

graph edges (street segments) within spatial proximity form a transportation

network where edges have time-dependent cost functions. Clients have spatially

limited knowledge about traffic information in this highly dynamic transportation

network. Any heuristic wayfinding strategies are not guaranteed to plan optimal

trips for clients because of spatial limitation, and always lead to suboptimal (or

near-to-optimal) trips in real-time. In this research, an optimal trip means a best

trip is found with the overall minimum trip cost according to a given criterion

in the network. Multiple criteria such as travel time, distance, trip fares and

transfer numbers can be considered as cost functions. Time-dependent shortest

path algorithms find an optimal path according to any of these cost functions.

In terms of trip quality in a peer-to-peer shared-ride system, a global opti-

mal trip is computed in hindsight after each simulation completes. This glob-

ally optimal trip is based on the full transportation and communication network

knowledge. From a global view, all hosts’ trajectories form a static transporta-

tion network (directed graph) with time-dependent edge costs. Finding a global

optimal trip in such a graph can apply any static shortest path algorithm on the

newly constructed space-time network as described in Chapter 4.1. Furthermore,

such algorithms for calculating optimal trips operate on the full transportation

and communication network knowledge. Knowledge about hosts is complete,

hence calculated trips are optimal with regard to the full set of hosts from the

global database. It is assumed that in our context of evaluating trip quality in

simulations of peer-to-peer shared ride systems, hosts are willing to make shared

rides with clients if they have free seat capacities along their travel trajectories.

All hosts’ trajectories can be regarded as available offers when calculating optimal

trips for trip quality. Given the deterministic transportation network knowledge,

global optimal trips can be determined easily in this static network with available

shared ride opportunities.

In simulations of peer-to-peer shared-ride systems (Wu et al., 2006), homoge-

neous hosts move randomly according to a random mobility model in the street

grid network. Each host has a constant travel speed of 1 edge per time unit.

FIFO restrictions hold on edges of the transportation network. However, when

the simulation allows for diverse hosts behavior implemented in simulations, some

host agents (e.g. public transport) can have a higher travel speed on the network

than other kinds of host agents. For example, given two nodes i and j, there

are a mass transit and another kind of host agent (e.g. a private car) leaving i

and arriving at j such that the mass transit leaving i later arrives at j at the

same time or even earlier. Therefore, there are no FIFO restrictions for edges

and unrestricted waiting at any accessible node in this context.

14
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2.4.2 Multi-Criteria Optimization

When multiple criteria (such as travel time, trip fares, transfer numbers etc.) are

considered in the transportation network, computing optimal trips reduces to the

multi-criteria or multi-objective shortest path problem—a fundamental problem

in the area of multi-criteria or multi-objective optimization (Ehrgott, 2006). In

multi-criteria optimization problems, each criterion may be represented as a vec-

tor entry fi (1 ≤ i ≤ n), with a vector f(p) = [f1, ..., fn]T representing a single

solution to an n-criteria optimization problem. Given two different solutions f(p)

and f(q), the solution f(p) dominates the solution f(q) iff fi(p) ≤ fi(q), for all

i ≤ i ≤ n, and fj(p) < fj(q), for at least one j, i ≤ j ≤ n. Solutions which are

non-dominated are called the Pareto-optimal set. The Pareto-optimal set can be

considered as better overall solutions than those dominated solutions which have

no other solutions that are better than them on all criteria.

Multi-criteria optimization problems are known to be NP-hard, since the

Pareto-optimal set is exponential in size (even in the case of bi-criteria). Normally,

there are three natural approaches dealing with multi-criteria optimization prob-

lems: (a) transforming the multi-criteria problem into a single criteria problem by

using a weighted combination of multiple criteria (Ehrgott, 2000; Ghoseiri et al.,

2004); (b) computing the Pareto-optimal set (Papadimitriou and Yannakakis,

2000; Müller-Hannemann and Schnee, 2004); and (c) lexicographical ordering

where the criteria are ranked according to their importance (Rentmeesters et al.,

1996; Sankaran, 1998; Pyrga et al., 2004).

The first approach employs a utility function to translate different criteria

into a weighted sum of the criteria (Ehrgott, 2006). This approach reduces the

multi-criteria problem into a single criterion optimization problem which can be

solved by common shortest path algorithms (i.e. Dijkstra’s algorithm) if each

criterion is non-negative on the edge. Normally, the value of the weights are

normalized in order to eliminate the different choice of units for each criterion

and ensure their comparability. However, this approach has some drawbacks.

Firstly, it does find a single solution. It does not in any way guarantee that

all non-dominated solutions will be discovered. Secondly, the computed single

solution relies on the choice of suitable weight parameters. Incorrect setting of

weight parameters leads to an unsatisfactory solution to a given problem. In

the literature, many applications deal with multi-criteria optimization problems

in transportation network by this approach. Ziliaskopoulos et al. ((accepted)

presents a multi-objective optimum path algorithm for pre-trip planning in multi-

modal transportation networks. The combination of selected multi-modal paths

are calculated for planning a trip by considering different modes and local transit

15



CHAPTER 2. LITERATURE REVIEW

options.

The second approach is to compute the Pareto-optimal set by extending

common shortest path algorithms for the single criterion case (Ehrgott, 2002).

Each node i maintains a list of d-dimensional cost labels representing d criteria.

Such a list contains a set of Pareto-optimal paths from the starting node s to

i. The algorithms are not terminating until the entire Pareto-optimal set is

found. Martins (1984) modified Dijkstra’s algorithm to store each node in the

priority queue with d-dimensional labels that is not dominated by any other

label at this node. So in each iteration, the node with the lexicographic smallest

label is selected from the priority queue instead of choosing the one with the

lowest cost label in original Dijkstra’s algorithm. In the special case of bi-criteria,

Pyrga et al. (2004) use an adaptation of this algorithm in the application of

train systems to compute the Pareto-optimal solutions concerning travel time and

minimum transfer numbers. Usually, many solutions are only dominated slightly

and they are still attractive in some application scenarios. Such solutions could

be discovered by introducing the concept of relaxed Pareto dominance (Burke and

Landa, 2006). Müller-Hannemann and Schnee (2004) have applied this concept

to improve the performance of multi-criteria optimization in the context of traffic

information. In relaxed Pareto dominance, the given solution f(p) dominates the

solution f(q) iff fi(p) + hi(p, q) ≤ fi(q), for all i ≤ i ≤ n, and fj(p) + hi(p, q) <

fj(q), for at least one j, i ≤ j ≤ n, where hi(p, q) is an appropriately chosen

relaxation function. This approach still produces a set of non-dominated solutions

for a given problem, which cannot produce one specific Pareto-optimal solution.

However, this research needs to identify only one global multi-criteria optimal

trip for evaluating the quality of the trip made by a client in one simulation run.

The third approach is lexicographically ordering, where each criterion is or-

dered according to its importance (Rentmeesters et al., 1996). Some additional

constraints can be assigned to each criterion for computing the Pareto-optimal

set. Sankaran (1998) presents an algorithm to compute the Pareto-optimal set

by applying this approach. The algorithm starts to minimize the first impor-

tant criterion f1 and yields an optimal set S1. Then, in the next iteration, it is

to minimize the second important criterion f2 among the set S1 and yields an

optimal set S2. The algorithm continues until all n criteria have been consid-

ered. This approach can be used for one specific Pareto-optimal solution: the

lexicographically first one (Pyrga et al., 2004). Pyrga et al. (2004) applied this

approach to solve a bi-criteria case in the application area of train systems. In

their research, edge weights are labeled with multiple criteria with lexicographical

ordering and element-wise addition. The first criterion is the travel time and the

second one the number of transfers, among all the fastest routes, the one with
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minimum number of transfers is computed by Dijkstra’s algorithm. Compared to

the first approach, the lexicographical ordering method has one main advantage:

this method does not need to have a common unit to compare the multiple crite-

ria values. Compared to the second approach where multiple criteria are treated

equally important, this method ranks the criteria according to their importance,

and is suitable for bi-criteria optimization problems.

Currently, travel time and trip fares are considered as two criteria for a client

when planing the quickest and cheapest trip respectively in simulations of peer-

to-peer shared ride systems (Wu, 2006). Since there is a complex fare structure

employed in the simulations for calculating trip fares, the lexicographical order-

ing method becomes a suitable approach for computing multi-criteria optimal

trips for evaluating trip quality without consideration of incomparability of the

different scales between fares and time. In this research, multi-criteria optimal

trips are calculated based on the full network knowledge from a global view in

hindsight after each simulation completes. Computing the multi-criteria optimal

trips is to find out a trade-off between the global optimal trips under two selected

criteria, travel time and trip fares.
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Chapter 3

Global Database

This chapter presents a multi-agent simulation model to investigate peer-to-peer

shared ride systems. Then, a global database of a simulation is presented which

is a collection of real-time transportation and communication information about

agents by an observer in simulations.

3.1 Multi-Agent Simulations

Multi-agent simulations are carried out to test the studied peer-to-peer shared

ride systems (Wu et al., 2006). The conceptual model of simulations is based

on multi-agent systems (MAS), modeling complex and sophisticated behavior of

individual agents situated in some environments (Oechslein et al., 2001). Ferber

(1999) has introduced several components of a multi-agent system. Referring to

these components, a multi-agent simulation consists of the following parts:

• The environment consisting of:

– A set of messages. Messages can be perceived, created, destroyed and

modified by agents.

– A set of agents. Agents are capable of performing actions—the active

entities of the system.

– A set of locations. Locations determine the possible positions of the

messages and agents in space.

• An assembly of relations linking messages and agents.

• A set of operations enabling agents to perceive, manipulate, create, and

destroy messages, in particular representing the agents’ behavior.
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• A set of operators representing the application of the operations and the

reactions of the world to this modification attempt.

For the case of a peer-to-peer shared ride system, these parts are discussed

in the following subsections.

3.1.1 The Environment

Network

Peer-to-peer shared ride systems can be simulated in a grid network consisting

of nodes and edges. Nodes are associated with coordinates (x, y), which repre-

sent index numbers of grid columns and rows. Each pair of coordinates forms a

primary key–an identifier for a node. One edge consists of two adjacent nodes in

this grid network and has a unit length.

The dimension of the grid network is scalable by setting its width and length

in terms of the number of edges. The behavior of the agents is time-synchronized

via an internal clock in the simulation. With respect to the experiments in the

simulation, several environmental parameters are designed to control the commu-

nication range and mode between agents, including a counter for the negotiation

messages. Furthermore, agents’ behavior is relative to their type, and the number

of clients and diverse hosts is specified by parameters. The details of the agent

behavior are described in the following sections.

Message

Messages are modeled as objects in simulations. Three different types of messages—

requests, offers and booking messages—are differentiated by a type feature in the

simulation. Each message has an agent list recording all the identifiers of agents

who transfer that message. The current locations of those agents are contained

in a route list. Note that if a message is of a request type, the route list only

contains the client’s start position and destination. Each message also has a time

feature, recording the starting time set by a parameter when the message is first

forwarded into the network.

Communication

Previous research has investigated three different communication strategies for

peer-to-peer shared ride systems: short-range, mid-range and unconstrained. De-

tails of the communication model and protocol can be found in (Winter and Nittel,
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2005; Winter et al., 2005; Winter and Nittel, 2006). In simulations, the different

communication strategies are identified by their respective communication range.

Agents broadcast messages to their neighbors within radio range, and these agents

forward the message if it was not already forwarded by a preset number of agents.

Unconstrained communication means that messages flood to the deepest

agents in the network, as long as agents are connected. Thus, the communication

range for the unconstrained communication strategy is larger than the length

of the street grid network. The other two strategies are local communication

strategies. In short-range communication, agents only communicate to agents

within their radio range realized by single-hop broadcasting. Communication

range equals to one edge in the street grid network. In mid-range communi-

cation, agents forward messages within several hops. Communication range is

designed equalling to several length units of edges. The negotiation process will

be simulated for different communication ranges to investigate trip planning with

different levels of transportation network knowledge.

3.1.2 The Recursive Negotiation Process

The negotiation as mentioned in Winter et al. (2005) and Winter and Nittel

(2006), is divided into three phases of messaging, which are: sending a request,

sending offers, and sending a booking. The simulation is constructed on the

basis of a communication protocol, which assumes that these three phases of

a negotiation occur in one communication window. The negotiation process is

repeated regularly to update existing travel plans (Figure 3.1).

Figure 3.1: The cycle of negotiations and movements within one time unit.

The recursive negotiation process consists of two parts, negotiations and

movements. In negotiations, clients initiate a negotiation by sending a request;

hosts respond with offers, and the negotiation finishes with a booking made by

the client. These three phases happen sequentially. All requests, offers and book-
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ing messages are modeled as objects in the format of messages, and are identified

by their types and the original sender’s identifier of this message. After each

negotiation, the agents perform movements according to their trip plans. The

internal clock of the simulation increments by one time unit after movements fin-

ish. In each communication window—the synchronized time—all agents perform

their behavior independently (listen and broadcast messages) and collaboratively

(share a ride). Because agents’ travel changes dynamically, agents do not need to

keep previous negotiations in memory. Therefore, there is no cancellation phase

integrated, and booked rides are considered by hosts as being canceled when no

rebooking/conformation happens in the following negotiation, or no client/host

shows up for an appointment. So far, only one client is generated in each indi-

vidual simulation. All hosts serve for this client. In this case, hosts do not need

to consider other clients, and clients do not need to compete for seats either.

3.1.3 The Agents

As described earlier in Chapter 2.1.2, agents refer to both the clients and the

hosts. Agents do not have full transportation knowledge of each others entire

trip. The only knowledge they have of each other is the contents of the messages

broadcasted between them. They are situated in some position on a grid street

network and capable of autonomous actions (Wooldridge, 1999).

Agents in the simulation of peer-to-peer shared ride systems are designed

in a class hierarchy, because they all have some common features and behavior.

These common features and behavior are identified and encapsulated in the base

class agent.

Common features include the agent’s identifier, its speed, its type, its state,

a reference to its current simulation environment, some information on its travel

plan, such as current position and destination, and a temporary container of nego-

tiation messages at each negotiation process. The travel plan contains departure

and destination, starting time and for some agents the nodes in between. For

investigation purposes (Chapter 6.1), a second container—the agent’s memory—

stores details of booked shared rides. Agents travel along edges, but are only at

nodes allowed to take or change a ride.

Common behavior includes how to move to the next node according to the

travel plan, how to listen to neighbors and update the current message container,

and how to obtain knowledge about the current position and state.

The classes client and host are derived from agent, and have additional prop-

erties and characteristic behavior. Details of diverse hosts behavior can be found
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here (Wu et al., 2006; Wu and Winter, 2006). Their states, travel routes and cur-

rent position can change over time while type and speed remain constant within

a simulation.

The Client Agents

In the peer-to-peer shared ride system simulations, there are currently three types

of clients realized: immobile clients with a geodesic route taking rides only on a

predefined shortest route, immobile clients with free routes taking rides on free

routes, and mobile clients that are also capable of walking. All types of clients

have a time field in the class, representing the starting time of the most recent

shared ride. Clients start to take a ride when the time equals to the internal

clock time in the simulation.

The first type of clients needs to be picked up from their current location.

They cannot walk, hence must wait until a vehicle will pick them up for a ride.

These clients apply a simple wayfinding strategy—following on a geodesic route

in a street grid network.

The second type of clients cannot walk and needs to wait for shared rides

offered by hosts. But this kind of clients is able to accept a more attractive offer,

promising to better minimize the chosen criteria (e.g. travel time) than waiting

for a trip along a predefined path. This behavior can be supported by heuristics

exploiting some knowledge about the main streets of a grid network1 (Leigh,

2006) or traffic patterns in the urban environment (Gaisbauer and Winter, 2006).

The third type of clients is able to walk and can travel to a public transport

line or other location if this promises to get a ride sooner. For them, a (time-

dependent) shortest path algorithm is needed for trip planning. The algorithm

applied by these clients is the heuristic lifelong planning A* algorithm (Koenig

et al., 2004). This algorithm is adaptive to a dynamic network. Various criteria

such as travel time, distance or trip fares should be considered as a cost function

by this algorithm to allow clients achieving different goals such as the quickest or

the cheapest trip.

The common behavior of all clients includes request—to broadcast a client’s

travel plan in request messages, book—to book an offer and save booking messages

both in the temporal container for recursive negotiation processes at this point

in time and its memory. The behavior addNode is to add a new promising node

in client’s route list, and getNext is to get the position of the next node the client

1A grid network with main streets and side streets is an extension of the simple street grid
network
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plans to move to. The behavior move is designed to decide whether and where

to move at a current point in time in simulations.

The Host Agents

All host agents have limited passenger capacity. For diverse types of hosts, the

number of seats varies in simulations. The feature detour is designed to check if

hosts are willing to make detour for the client.

The basic behavior offer that hosts need to perform is to decide how to

contribute to requested routes: they can offer to share sections of their own

travel plans that match the requests, or they can leave their predefined travel

route and make a detour for clients. Alternatively, hosts can leave the decision

in the hands of the clients, by offering their travel route ahead no matter how

relevant this is to the request. Another behavior match is designed to match the

request with their own travel plan. Different hosts have some additional features

and behavior. The details of diverse hosts are specified by Wu et al. (2006).
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3.2 Information Needs for a Global Database

In order to measure the quality of trips in multi-agent simulations of peer-to-peer

shared ride systems, an observer agent is designed in the simulation process. The

observer is capable of monitoring the entire transportation network within the

geosensor network. A global database is a collection of this traffic information

monitored by the observer in the simulation process. Note that such an observer

is not feasible in a real peer-to-peer network but only for the simulation purpose.

3.2.1 Real-Time Information about Simulations

Statistical analysis of simulation results in hindsight from the global view requires

real-time information of transportation network and traffic in simulations. This

real-time information should be recorded for future analyses. Generally, these

records are monitored synchronously in the simulations and an observer in the

network will record every negotiation process and agents’ movements.

Each time a simulation starts, transportation clients and hosts are populating

a street grid network. Meanwhile, the observer is also created and begins to

collect environment information. While the client starts to plan their trips to

a destination from local knowledge, the observer stores real-time information

of full network—both transportation and communication network—in a global

database. This observer stores not only the locations of transportation clients and

hosts over time but also the shared ride information including requests, offers,

booking messages, and free passenger capacities.

Real-time information monitored by the observer and contained in the global

database includes:

• Real-time information about the environment:

– host numbers: the total number of host agents.

– communication type: the communication strategy: either short-range,

mid-range or unconstrained.

– node coordinates: the coordinates (x, y) of each node in the street grid

network.

– edge ID: the unique identifier of street edges between any pair of two

nodes.

• Real-time information about host agents:
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– host ID: the unique identifier of a host agent h who is currently trav-

eling.

– host location: the location of h in a street grid network, which is

represented by the node coordinates.

– current time: the current internal time t of the simulation.

– behavior type: there two types of behavior to be recorded: h makes

an offer to a client c according to the request; h gives c a shared ride

at time t.

– host type: the type of h.

– book status: current booking status of h for c.

– seat capacity: the seat capacity of h at time t.

• Real-time information about client agents:

– client ID: the unique identifier of a client agent ac who is currently

traveling.

– current time: the current internal time t of the simulation.

– client location: the location of ac at time t.

– behavior type: there are only three types to be recorded: ac requests,

books an offer, or take a shared ride with a host ah at time t.

As the simulation is running, the observer detects changes about the agents’

state and behavior, and synchronously records these real-time information. The

real-time information that the observer monitors should include, but not be lim-

ited to, the basic parameters as noted above. The real-time information moni-

tored by the observer in simulations could be more comprehensive depending on

the research conducted, such as additional uses of the global database (Chap-

ter 6).

3.2.2 A Global Database in Multi-Agent Simulations

The primary purpose of the global database is to provide a complete knowledge

about a multi-agent simulation to analyze simulation results statistically for the

evaluation of trip quality in peer-to-peer shared ride systems. Each individual

agent’s historical travel trajectory, state, and behavior can be accessed from this

global database.

After the observer has monitored all the required information, the next step

is to construct the global database by inserting this real-time data into the global
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database. Real-time information about simulations contained in this global data-

base could be archived permanently on disk in the form of a text file or stored in

database softwares such as Oracle Spatial or Microsoft Access. Currently, a (pos-

sibly) more readable but less flexible file format has been used to store the data

in a predefined format according to requirements as described in Chapter 6.2.

But in order to increase the running speed of simulations, an array-based data

structure (an in-memory network structure representation) is used as a tempo-

rary information storage. This temporal storage of real-time information enables

fast access to results of simulations. Inflexible queries are encapsulated in the

statistical analysis algorithms. These direct access methods are suitable for the

analysis purposes.

This chapter presented a multi-agent simulation of peer-to-peer shared ride

systems. An observer is designed in simulation process in order to monitor real-

time information about the transportation and communication network. After

one simulation completes, a global database is constructed. Each agent’s infor-

mation can be accessed through this global database. The following chapters

describe the statistical analysis of the global database for trip quality of peer-to-

peer shared ride systems. Further use of complete simulations results from this

global database is also presented, such as reconstruction of trips for safety and

trust issues, and visualization of simulations.
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Chapter 4

Statistical Analysis of the Global
Database

This chapter describes how to construct a space-time network with full network

knowledge from the global database and apply the shortest path algorithm in the

space-time network to generate a global optimal trip. Multi-criteria optimization

is then presented to compute an optimal trip under the selected criteria.

4.1 Global Optimal Trip

Different measurements of trip quality depend on various analyses of the global

database of a peer-to-peer shared ride system in one simulation. Within the

process of statistical analysis of simulation results, the data contained in the

global database can be inserted into various algorithms for different measurements

of trip quality. In this section, global optimal trips are determined in hindsight

by applying the shortest path algorithm in the space-time network which can be

constructed from the global database. They are then compared with subopti-

mal trips realized by the clients in simulations for the evaluation of trip quality.

Several criteria such as travel time, distance, transfer number and trip fares can

be used to measure the travel costs. Without loss of generality, travel time is

chosen here as a criterion for computing the global single-criteria optimal trips.

Finding global optimal trips by travel time means to find the quickest path in

this time-dependent transportation network.

4.1.1 Space-Time Network

Given a directed graph G(N, A,D) as introduced in Chapter 2.4, N is the set

of nodes (or vertexes) with cardinality n and A is the set of arcs (or edges) of
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cardinality m. This graph is constructed with transportation network knowledge

in the global database after a simulation completes. It composes of all host

trajectories (their routes and the related time schedules) that were monitored by

the observer and stored in the global database. A set of time-dependent edge costs

dij(t) is associated with each arc (i, j) which means: if t denotes the nonnegative

departure time from node i, and dij(t) the travel time from node i to node j, then

t + dij(t) represents the arrival time at node j. Furthermore, if waiting at the

nodes is allowed, a waiting cost wi(t) can be associated with each node i, which

gives the cost of waiting at i at time t.

The global database contains the hosts’ trajectories as a set of hosts loca-

tions in a street grid network over some time periods. These historical hosts’

trajectories are discrete space-time observations of hosts movement in simula-

tions. Consider a discrete time set T = {t0, t0 + 1, t0 + 2, ..., t0 + T} for hosts

departure and arrival time at node i, and let travel times dij(t) on the edges

take any positive integer value for every time steps, so that t + dij(t) ∈ T . The

problem of finding a quickest path from client’s departure node s to destination

node d, starting from s at time t = t0 can be solved by introducing the space-time

network (Pallottino and Scutellà, 1997; Chabini, 1998).

The space-time network R = (V, E) consists of time-expanded nodes (i, t) ∈
N × T . R is then formally defined as

V = {ih : i ∈ N, t0 ≤ h ≤ t0 + T} (4.1)

E = {(ih, jk) : (i, j) ∈ A, th + dij(th) = tk, t0 ≤ h < k ≤ t0 + T} (4.2)

In this space-time network, there is a node ih for every hosts departure or

arrival at node i of G at time th. Clients can take a transfer at nodes only. There

is one assumption, that is a transfer between hosts at a node takes no time.

There are three types of edges in such a space-time network. Firstly, for a host

historical trajectory of every time step (IDh, i, j, th, tk) in the global database,

there is a traveling edge connecting a departure node ih (host IDh departs from

node i at time th) and an arrival node jk (host IDh arrives at node j at time

tk). Secondly, a mobile client is capable of walking to all adjacent nodes at any

time in simulations. Thus the space-time network should represent the client’s

walking from one node to it’s adjacent node at any point in time. There is a

set of walking edges (ih, jk) representing that a mobile client walks from node

i at time th to node j arriving at time tk. In order to reduce some redundant

walking edges in the space-time network, it is assumed that clients prefer to walk
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to adjacent nodes of node i as soon as they arrive at i; clients do not walk back

so as to avoid loops in the network. That means: (i) if the mobile client arrives

at node i at time th and i is a corner in the street grid network, there is only

one walking edge (ih, jk) represented in the space-time network (the client does

not arrive at i from its adjacent node j). (ii) if the mobile client arrives at node

i at time th and i is on the boundary of the street grid network, there are two

walking edges (ih, j1k) and (ih, j2k) represented in the space-time network (the

client does not arrive at i from its adjacent node j1 and j2). (iii) if the mobile

client arrives at node i at time th and i is in the centre of the street grid network,

there are three walking edges (ih, j1k), (ih, j2k) and (ih, j3k) represented in the

space-time network (the client does not arrive at i from its adjacent node j1,

j2, and j3). For a traveling edge or a walking edge, each edge (ih, jk) is given

the cost cij(th) (which is tk − th). Finally, in order to model the situation where

agents can wait at any accessible nodes in any time in simulations, waiting edges

are introduced in R in the following way: (ih, ih+1) represents waiting at node

i from time th to th + 1, and is given the non-negative unit time cost wi(th),

h ∈ {t0, (t0 + 1), (t0 + 2), ..., (t0 + T − 1)}.

For example, consider a transportation network (a simple directed graph)

reconstructed in hindsight as shown in Figure 4.1, and assume a client starts to

take a shared ride from node 1 at time t1 to node 4 in such a transportation

network which consists of several hosts’ historical trajectories as shown in the

figure. In this example, the client is assumed to be a mobile client with a walking

ability, and can wait at any node.

Figure 4.1: A transportation network constructed in hindsight.

The associated space-time network R with time-expanded nodes is illustrated

in Figure 4.2, where costs of traveling edges and walking edges are labeled on

each edge by choosing travel time as a criterion. Costs of each traveling edge

is calculated by host’s arrival time minus the departure time passing through

that edge. It is assumed here that a client has a constant walking speed, and

always spends 4 time units to walk through an edge. Waiting costs are set to a

constant value 1 for each edge. In this example as well as in simulations, waiting
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is permitted on all nodes except the client’s destination in simulated street grid

network. In the figure, waiting edge, traveling edge, and walking edge are denoted

by colors purple, green and red respectively.

Figure 4.2: The space-time network.

4.1.2 A Shortest Path Algorithm in the Space-Time Net-

work

After time-expanding the transportation network, edge costs are non-negative

and no longer time-dependent in the space-time network. Common shortest path

algorithms can be applied for solving the problem of finding time-dependent short-

est paths with permitted waiting at nodes in such space-time network R by means

of a topological visit since R is acyclic by construction. Global optimal trips in

the network with non-negative edge cost functions are calculated by Dijkstra’s

algorithm (Dijkstra, 1959).

Given the client’s departure node s to destination node d, starting from s

at time t = t0, Dijkstra’s algorithm1 initializes all nodes’ cost to infinity, except

for the starting node s0 (set to zero) and its adjacent nodes. The algorithm

then proceeds to traverse the entire network from the starting node, at each step

1A complete description of Dijkstra’s algorithm can be found for example in (Cormen et al.,
2001)
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choosing unvisited nodes with the lowest cost and recalculating the minimum

cost for them. In the end, the quickest paths from starting node s0 to all the

other nodes in the space-time network are calculated. A chronological-type visit

of the node d with all time index–a visit for non-decreasing values of the time

index which is associated with the node d, provides a destination node de with

earliest arrival time te which is first found not infinity. Then, a shortest path

is identified from starting node s0 to destination node de within this space-time

network. In other words, a global optimal trip is determined within this highly

dynamical transportation network.

By considering the example in Figure 4.1 and 4.2, a global optimal trip needs

to be found from node 1 to node 4 starting at time t1. Dijkstra’s algorithm starts

by setting all nodes to infinity except for starting node 11 and its adjacent nodes

12, 25 and 35. At the first iteration, starting node 11 is first visited, then 12 is

chosen as a next node to be visited with the lowest cost (=1) of the unvisited

nodes. Moreover, the cost for the adjacent nodes to 12 are updated according to

their edge costs. The algorithm continues until all nodes are visited and stores

minimum cost for each node.

Figure 4.3: The global optimal trip.

The cost of the shortest path from node 1 at time t1 to node 4 is valued 6, and

it is found at the time t7 by a chronological visit of all nodes 4t (t ∈ (t1, t2, ...t10)).

Thus, as depicted in Figure 4.3, the global optimal trip starts walking from node

1 to node 2 at the starting time t1, then wait at node 2 for 1 time unit, finally

arrival at destination node 4 at the time t7 by taking a shared ride with h4.
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4.2 Multi-Criteria Optimal Trip

When multi-agent simulations are extended to model peer-to-peer shared ride

systems in more realistic cases, one single criterion (travel time) is not sufficient

to completely characterize the multi-criteria nature of peer-to-peer shared ride

systems. Trip fares can be considered here as another criterion for computing

the cheapest trip for a client in simulations of peer-to-peer shared ride systems.

Clearly, often the quickest trip may be too costly or the cheapest trip may be too

long. Therefore, multi-criteria optimal trips need to be identified considering the

two criteria travel time and trip fares at the same time for the evaluation of trip

quality, when the client has chosen to apply this set of criteria.

Multi-criteria optimal trips are relatively quick and cheap trips which are

calculated based on the knowledge from the global database in hindsight after

clients finish their trips. The lexicographical ordering method is applied to com-

pute multi-criteria optimal trips where the criteria are ranked according to their

importance. Without loss of generality, travel time is chosen here as the first

important criterion to be optimized. Finding a multi-criteria optimal trip is then

to find among a reasonable number of ranked quickest trips the one with the least

trip fares. This approach is to find K quickest trips first, a subset of all trips (K

is the size of the subset), and rank these K quickest trips according to their costs

(travel time). A multi-criteria optimal trip is then computed by calculating the

trip fares of these K ranked quickest trips and choosing the cheapest one among

them. This section will describe details of this approach.

4.2.1 A Subset of All Trips

In the literature only limited attention has been paid to find K shortest paths in

the network with time-dependent edge costs. This problem is an extension of the

classical K shortest path problem, i.e. ranking loopless paths between the two

nodes in non-deceasing order of path costs. This classical problem can be solved

by the well-known algorithm proposed by Yen (1971).

In this section, a modified Yen’s algorithm is applied to find a subset of all

trips for computing a multi-criteria optimal trip among them. Yen’s algorithm is

well known as a deletion algorithm which computes the kth (k = 2, 3, ..., K) path

by the removals of nodes and edges consisting of subpaths between the first nodes

of the (k − 1)th path. For the case of peer-to-peer shared ride systems, the input

of the algorithm is host trajectories in the transportation network. Thus, the

removals of nodes and edges are not nodes and edges of the street grid network,

but the host trajectories in the transportation network. Furthermore, there may
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be two hosts passing through the same edge at the same time, the removal of

one host trajectories does not affect the existing of the other one who can still be

considered for computing a global optimal trip. Thus, only edges are considered

to be removed, and nodes still exist in the network.

The algorithm works on the space-time network transformed from the trans-

portation network, so edge costs are not time-dependent. Chapter 4.1 already

describes how Dijkstra’s algorithm compute a global optimal trip between any

two nodes in the space-time network R with travel time as a criterion. So when

considering Dijkstra’s algorithm in the modified Yen’s algorithm for calculating

shortest paths, the modified Yen’s algorithm is able to identify some quickest

trips in the transportation network G with time-dependent edge costs.

The modified Yen’s algorithm computes the kth (k = 2, 3, ..., K) path based

on the former results from (k − 1)th, (k − 2)th,...,1th paths (Ak denotes the kth

path from node s to node d, k = 1, 2, ..., K; Ak = 〈s = vk
1 , v

k
2 , ..., v

k
n = d〉 where

vk
2 , vk

3 ,..., vk
n−1 are respectively the 2nd, 3rd,...,(n−1)th node of the kth path). This

algorithm is based on the fact that Ak is a deviation from Aj, j = 1, 2, ..., k − 1.

In other words, Ak must coincide with Aj, j = 1, 2, ..., k − 1, for the first m ≥ 1

nodes, then deviates to a different node and finally arrives at the destination node

without loop or overlap with any existing shortest path.

Ak
i denotes a set of deviations from Ak−1 at vk

i , which is the shortest path

that coincide with Ak−1 from the 1th node (s) to the ith node (vk−1
i ), and reaches

the nth node (d) by a shortest subpath without passing through any node that

is already included in the first part of the path. In each iteration for computing

Ak+1, every node of Ak from the deviation node vk
i until vk

n−1 is analysed. Note

that nodes vi discussed here are nodes it in the space-time network R that is

nodes i associated with time t. For each one of these nodes, for example vk
i , a

specific shortest path p has to be computed, where p consists of a subpath of Ak

from s to vk
i and a new shortest path q from vk

i to d where q has only two nodes

vk
i and d coinciding with Ak.

In order to compute p, the transformed space-time network R has to be

modified by the temporary removal of all edges in the subpath of Ak from s

to vk
i , the edge (vk

i ,vk
i+1), and all edges starting at vk

i which has been removed

when Ak was computed. Note that the removal of all these edges can be done

by setting their edge costs to infinity. All edge removals are operated on the

space-time network R. There are three types of edges modeled in the space-time

network R, traveling edges, walking edges and waiting edges. Here, for simplicity,

walking edges are not taken into account when finding K shortest paths in the

space-time network. In order to allow modelling a client’s waiting at any node
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in any time, waiting edges are not removed. Even Ak consists of several waiting

edges, these waiting edges are ignored during the removal of edges for computing

p. Only the traveling edges are considered if they need to be removed. After

these removals, the path p is found by applying Dijkstra’s algorithm to compute

the shortest path q between vk
i and d in the modified R. Finally, the modified

space-time network R has to be restored prior to analyzing the next deviation

node in Ak.

There are two lists in the modified Yen’s algorithm for storing the shortest

paths: List A is the list of k shortest path (k = 1, 2, ..., K); List B is the list of

candidates for (k + 1)th shortest paths. This algorithm initializes by computing

the A1, and put it into List A. While the algorithm continues, the computed

path p is put into List B as a candidate path. At the end of each iteration of

computing Ak, select a path with minimum travel time from List B, denote it

as Ak and move it into List A. The algorithm continues to find Ak+1 until all K

shortest paths are returned or there are less than K shortest paths existing in

the space-time network. After the algorithm completes, a set of K quickest trips

are found in the transportation network G.

4.2.2 Computing the Multi-Criteria Optimal Trip

Since a subset of all trips is already found in the transportation network G by

the K shortest path algorithm according to the first criterion (travel time), the

multi-criteria optimal trip needs to be identified among this set of K quickest

trips by the second criterion (trip fares).

Table 4.1 specifies how the fare structure is developed for calculating trip

fares in the simulation of peer-to-peer shared ride systems. The fare structure is

different for various types of hosts (Wu, 2006).

• For travel with private car, the trip fares F is charged by the distance of

shared rides. The distance of shared rides is represented by the number of

edges n. r is the charge rate per edge.

• For travel with taxicab, the trip fares F is charged by a combination of the

distance of shared rides and a flag fall f .

• For travel with mass transit, the trip fares F is charged one-off o, which

means the trip fare is charged as a fixed fee for using one bus regardless the

distance of shared rides.

Each quickest trip consists of several traveling edges and waiting edges. Wait-
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Table 4.1: Fare Structure
Host Type Flag

Fall(f)
Rate Per Edge(r) One-

off(o)
Charge
Equation(F )

private car null 0.5 null F = r × n
taxicab 1 1 null F = r × n + f
mass transit null null 2 F = o

ing edges do not cost trip fares but only travel time. So waiting edges are not

taken into account when calculating the trip fares for each quickest trip. Trav-

eling edges represent hosts historical trajectories in the space-time network. In

other words, these historical trajectories can be regarded as shared rides with a

client for calculating a global optimal trip. The total trip fares of the quickest

trip is the sum of travel costs of these traveling edges. Travel with various hosts

is charged in simulations of peer-to-peer shared ride systems according to a fare

structure.

Each traveling edge in the space-time network R represents a host historical

trajectory of every time step in the global database. Therefore, with host ID

and its type recorded in the global database, the travel cost of this edge can be

calculated according to the fare structure shown in Table 4.1. For any trip in

the subset of all trips, its total trip fare is calculated by adding up travel costs

of its traveling edges. The multi-criteria optimal trip is the one with minimum

trip fare in the subset of all trips. Note that if there is more than one trip that

has the minimum trip fares, the one with minimum travel time is taken as the

multi-criteria optimal trip. If more than one trip has the same minimum travel

time and trip fares, then any arbitrary one of them is taken.
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Chapter 5

Experiments

This chapter presents experiment designs to test the proposed approaches to

evaluating trip quality, which includes the implementation of an observer in sim-

ulations. The description of two algorithms for statistical analysis of the global

database is also given. Finally, the experiments results are depicted and discussed.

5.1 Implementation

The major objective of the implementation is to provide an environment that is

sufficient for proving the hypothesis in simulations of peer-to-peer shared ride sys-

tems. Implementation means realizing the experiment design with a programming

language. This was done using Java, an object-oriented programming language

developed by Sun, in Eclipse, an integrated development environment (IDE).

The most challenging aspects of the implementation work were (i) the imple-

mentation of two modified algorithms, and (ii) the integration with the existing

multi-agent simulation framework of a peer-to-peer shared ride system. All the

implementations were tested individually with different configurations. In case

the outcome was incorrect further testing was conducted by implementing test

cases for the main functionality.

5.1.1 Implementation of Two Algorithms

Dijkstra’s Algorithm on the Space-time Network

The space-time network is a sparse network which is transformed from the trans-

portation network constructed in hindsight from a global database. Dijkstra’s

algorithm is implemented on the space-time network based on the adjacency list

representation of this network. The implementation of the adjacency list uses a
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two-dimensional array adj[][] of linked lists, each adj[i][h] (i ∈ N, t0 ≤ h ≤ t0 +T )

corresponding to each node ih in the space-time network. Each directed edge (ih,

jk) is represented by a node for jk on list ih only.

The implemented Dijkstra algorithm stores two two-dimensional arrays spt[][]

and wt[][]. spt[][] and wt[][] are set to null and infinity respectively at the begin-

ning. The information of the shortest path from starting node s0 are put in the

array spt[][], where the minimum travel time to each node in the shortest path

is put in the array wt[][]. The earliest arrival time at destination node d can be

found by a chronological-type visit of the array wt[d][t], t = 1, 2, 3, ..., T . Among

all the values wt[d][1], wt[d][2],...,wt[d][T ], the earliest arrival time te from the

starting node s0 is the first value in wt[d][t] which is not infinite. spt[i][h] records

the last edge on the shortest path from node s0 to the node ih. Hence a global op-

timal trip—the shortest path on the space-time network rooted at starting node

s0 to de can be found by visiting the nodes on the path in reverse order from

node de to s0.

Modified Yen’s Algorithm

Modified Yen’s algorithm is implemented to provide a multi-criteria optimal trip

among the K quickest paths between a starting node s at starting time t0 and

destination node d. The modified algorithm consists of three major steps:

(1) computing the shortest path from the starting node s at time t0 to d with

Dijkstra’s algorithm at the space-time network.

(2) analyzing this path so that all deviation nodes for this path from previous

found paths are found; setting all the edges to infinity (which means deleting the

subpaths of previous paths).

(3) computing the new shortest path between the starting node s at time t0

to d with Dijkstra’s algorithm at the modified space-time network.

Step (2) and (3) are iterated until all K shortest paths are computed. A

copy of the space-time network R
′
is created in the modified algorithm. In each

iteration, deleting the subpaths of previous paths and computing the new shortest

path are done in R
′
. After these two steps, R

′
is restored by copying the edges

from the R to R
′
.

5.1.2 Integration With a Simulation Framework

The implementation conducted in this research designs a trip quality evaluation

subsystem which is developed independently and can be integrated with different
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versions of a multi-agent simulation of peer-to-peer shared ride systems (Winter

and Nittel, 2006; Wu et al., 2006; Gaisbauer and Winter, 2006; Raubal et al.,

accepted 2006). The trip quality evaluation subsystem consists of two packages.

The first package provides the implementation of two algorithms and defines the

criteria for the evaluation of trip quality. The second package implements some

temporary storages of simulation results. ArrayList and Vector classes, for ex-

ample, are used to store the host trajectories temporarily during the simulation

processes. After the simulation completes, the first package in the subsystem sta-

tistically analyzes this temporary information for assessing the trip quality. The

second package also implements File Read/Write classes to store this temporary

information in predefined formats for visualization of simulations as described in

Chapter 6.2. Some interfaces are provided in the second packages and can be

used in different versions of a multi-agent simulation to collect all transportation

and communication network information during the simulation process.

5.1.3 Simulation Runs

For each simulation with fixed experiment parameters, the simulation is run 1000

times to eliminate or greatly reduce the random error existing in simulations,

achieve high confidence and produce confidence intervals for the simulation re-

sults.

The parameters of various simulation experiments are specified directly in the

code, where it is possible to change the simulation environment, agents features

and behaviors. Output of simulation results are recorded in two different manners:

(1) The observer implemented in simulations collects all required informa-

tion and stores them in text files where each file corresponds to each agent in

a simulation. It is possible to back-trace all client/host historical information

such as their trajectories and negotiation messages. However, the amount of data

collection during extensive simulation runs produces a very large number of data

files.

(2) Results are also communicated in a textual manner via the Java console

where trips travel time, standard deviations, and 95%-confidence intervals are

displayed after the simulation completes.

41



CHAPTER 5. EXPERIMENTS

5.2 Results

The experiment results are presented in this section where details of experiment

parameters are described.

5.2.1 Visualization of Mobility Models

This experiment shows the visualization of the host movements within the simu-

lation. All hosts move on a street grid network based on a random mobility model

(Camp et al., 2002). All hosts’ historical trajectories from the global database

represent the host movements in the simulated street grid network. In the simu-

lation, the mobile client gets shared rides following on the geodesic route with a

length of 10 edges from node (0, 5) to node (10, 5). After the client completes the

trip, the frequency of hosts on each edge is computed from the global database.

The experiment is conducted with 120 homogeneous hosts moving on a street grid

network of 11 × 11 nodes. Each host travels 12 edges during the simulation. As

shown in Figure 5.2, the figure uses a regular raster to represent a grid network

by rotating it 45 degrees (Winter and Frank, 2000), so the left corner is node

(0, 0) and the right corner is node (10, 10). Hence the actual parameter of each

edge in a grid network is represented in a cell of the regular raster. The index

relationship between an edge and a cell is computed according to two formulas

presented in Winter (1995). The average frequency of hosts at each edge in the

network using the random mobility model is stored in the regular raster shown

in Figure 5.1.

5.2.2 Global Optimal Trips

This section presents two experiments: (1) evaluating the trip quality under

three different communication strategies, (2) evaluating the trip quality under

three different types of clients. Travel time is chosen as a criterion for computing

the global optimal trips in simulations.

For the first experiment, the simulation is conducted on a street grid network

of 11×11 nodes. And the immobile client follows on the geodesic route from node

(3, 5) to node (8, 5). The client’s trip in the center of the network is 5 length units.

Homogeneous hosts are generated at random locations and move on the network

based on the random mobility model with 12 edges. Host density is defined as

the proportion of the (fixed) number of hosts and the number of nodes. Three

different communication strategies short-range, mid-range and unconstrained are

set to 1, 3 and 100 edges respectively. The density of hosts is kept constant over
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Figure 5.1: Visualization of the random mobility model.

Figure 5.2: A regular raster can represent a grid network (rotated by 45 degrees).
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the duration of each simulation run for each pair of communication strategy and

host density. Competition for seats is introduced by a chance of a host being

booked of 33%. Simulations are repeated 1000 times for different densities of

hosts in order to investigate how the trip quality improves for various densities.

Figure 5.3 shows the average travel time with three different communication

strategies for various host densities.

Figure 5.3: The average travel time with three different communication strategies
for various host densities.

For the second experiment, the simulation compares three different types of

clients: (1) an immobile client with a geodesic route, (2) an mobile client who

sticks to a geodesic route, and (3) an mobile client who is willing to make detours.

Each client departs at node (0, 5) and heads to the destination node (10, 5), which

is a trip of 10 edges along the geodesic in a grid network of 11 × 11 nodes. All

simulation runs use mid-range communication strategy which is set to 3 edges.

Homogeneous hosts are generated at random locations and their travel routes

with 12 edges are generated based on the random mobility model. The mobile

client has a walking speed of 0.25 edges per time unit, compared to the hosts

speed of 1 edge per time unit. This means the client spends four time units

completing a walking transit through one edge. Figure 5.4 shows the average

travel time of trips by three different types of clients for various host densities.
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Figure 5.4: The average travel time of three types of clients for various host
densities.

5.2.3 Multi-Criteria Optimal Trips

For evaluating trip quality under multiple selected criteria, an experiment was

designed choosing travel time and trip fares. The experiment was conducted in

simulations on a street grid network of 20 × 20 nodes. The host density is kept

constant 0.36. Different types of hosts are deployed in simulations to provide

shared rides for a client with a portion of various hosts: 84 private cars, 12

taxis, 48 buses (mass transit) and 24 bus stops. The number of bus stops is not

counted for the calculation of the host density since they do not provide shared

rides to clients but help transferring bus travel information. Private cars have

a speed of 1 edge per time units, cannot make detours for the client and follow

on the predefined routes with 12 edges generated by the random mobility model.

Taxicabs have the same speed with private cars, but are willing to make detours

for the client. Mass transits have a speed of 2 edges and travel specified routes,

e.g. bus lines. Two bus lines are introduced for a graphical visualization of their

routes (see Figure 6.3). 12 buses run on each direction of the two bus lines. The

fare structure for various types of hosts is set as shown in Table 4.1. An immobile

client willing to make detours departs at node (5, 10) and heads to node (15, 10).

Mid-range communication strategy is used in simulations which is set to 3 edges.

The client realizes multi-criteria trip planning by choosing K = 3. Without losing

generality, travel time is chosen as the first important criterion when computing

global optimal trips. The value K is set 3 and 9 in this experiment for computing

two different results from the same global database. The multi-criteria optimal

trips, generated from the global database, are shown in Figure 5.5.
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Figure 5.5: The multi-criteria optimal trips with different K values.

5.3 Discussion of the Results

In this section the experiment results from above are discussed.

5.3.1 Discussion of Visualization of Mobility Models

In Section 5.2.1, observe that there is relatively equal distribution of hosts around

the network. There are slightly more hosts around the edge of the network than in

the centre, and slightly more again in the corners of the network. This distribution

can be explained by the number of choices a host has when traveling within the

network. In the centre of the network, all edges except the ones located along

the boundary, have a choice of four connected edges to travel along whereas the

boundary edges have a choice of three and the corners have a choice of two.

Therefore, the possibility of traveling increases along these particular boundary

edges.

5.3.2 Discussion of Global Optimal Trips

Section 5.2.2 presents computational results of global optimal trips from the trip

quality evaluation subsystem.

In Figure 5.3, the results support the hypothesis that within the simulation

trip quality can be assessed as an average of trips travel time for large numbers
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of simulation runs. Travel time is chosen here as a criterion for computing global

optimal trips; the trip quality increases as the difference between the trip travel

time made by the client and the trip travel time of the global optimal trip de-

creases. The figure shows that an global optimal trip spends always (on average)

less travel time than three suboptimal trips realized by three different communi-

cation strategies—short-range, mid-range and unconstrained—and by a constant

wayfinding strategy. The global optimal trip, computed from the global data-

base, is independent from any communication and wayfinding strategy (although

it still makes assumptions such as the clients do not move on their own), and it

is (on average) much shorter because both factors are limiting the trip progress.

In the Figure 5.3, compared to Winter and Nittel’s results Winter and Nittel

(2006), only the curve for the global optimal trip is new. Observe that the

average travel time decreases as the host density increases. This observation is

independent of any communication strategies. All curves go down asymptotically

to the theoretically quickest trip, which has the duration of traveling along the

graph geodesic with no waiting time. This trip is available either by chance

(which levels out with the large number of the experiment runs made), or becomes

available with large transport supply (a high host density). The short-range

communication strategy does not come down to the global optimal trip as fast

as the other two. For a host density of (on average) 1.3 hosts per street node,

for example, and a theoretically quickest trip of 5 time units, the global optimal

trip’ travel time is 14 time units. The trip from spatially unconstrained network

knowledge along the graph geodesic is 31, the one from mid-range local knowledge

is 33, and the one from short-range local knowledge is 52 time units. Thus,

trip qualities are nearly the same when applying mid-range and unconstrained

communication strategies to plan clients trips, and they are better than the one

with the short-range communication strategy.

As shown in Figure 5.4, results again support the hypothesis that trip quality

can be accessed as an average of trips travel time by choosing travel time as a

single criterion. Global optimal trips, computed in hindsight from the global

database, vary depending on the chosen wayfinding strategies. Global optimal

trips for both mobile clients behave nearly the same. Either of them spends less

travel time than the global optimal trip computed for a immobile client at a low

host density, for example, 0.2. The difference between these two curves moderates

as the host density increases, and becomes invisible when the host density is high

enough. For a host density of 1.2 per street node, for example, the global optimal

trip for an immobile client is 17.67, the one for a mobile client following on the

geodesic route is 17.55, and the one for a mobile client willing to make detours is

17.39.
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Looking at these three curves—one global optimal trip and two suboptimal

trips with the same communication strategy (mid-range) and wayfinding strategy

(clients can move by their own)—, the suboptimal trip realized by a mobile client,

following on the geodesic route, comes down faster to the global optimal trip

than the suboptimal trip realized by a mobile client willing to make detours.

The clients, who are willing to make detours, have to take the risk of missing

potential offers from hosts who just enter the client’s communication range or

newly generated while clients are walking between two nodes where they are

allowed to be picked up.

In the figure, observe that the global optimal trip for an immobile client

spends much more travel time than the suboptimal trip realized by an mobile

client sticking to the geodesic route at a low host density, for example, 0.2. Then

two curves go down asymptotically. The former, however, goes down faster than

the latter. They cross each other at the host density of 0.3. The former continues

going down to the theoretically quickest trip. Thus, the host density influences

the clients choices on their wayfinding strategies. In a network with a low host

density, walking ability can help a client to get shared rides with a good trip

quality (less travel time), whereas in a network with a high host density, clients

can reach their destinations with a good trip quality without walking. An mobile

client benefits by more choices to other directions, since the possibility of hosts

moving on the geodesic route is low when homogeneous hosts are deployed in the

simulation under the random mobility model.

5.3.3 Discussion of Multi-Criteria Optimal Trips

Section 5.2.3 presents the experiment results about multi-criteria optimal trips.

In Figure 5.5, two multi-criteria optimal trips are shown by defining an arbitrary

K value and the importance of criteria. The results support the hypothesis that

within the simulation trip quality can be determined in hindsight. When both

travel time and trip fares are considered as cost functions and travel time is ranked

as the first important criterion, the trip quality is assessed as an average of trip

travel time first and an average of trip fares second. That means for two trips—

trip A and trip B, the quality of trip A is better than trip B if trip A spends less

travel time than trip B, or if they spend the same travel time, and trip A is cheaper

than trip B. Multi-criteria optimal trips are always shorter but not necessarily

cheaper than multi-criteria suboptimal trips. Quality of the suboptimal trip is

low if compared to the multi-criteria optimal trip computed by choosing K = 3,

whereas the quality of suboptimal trip is high if compared to the multi-criteria

optimal trip computed with K = 9. The computed multi-criteria optimal trips
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are more expensive, but much quicker than the multi-criteria suboptimal trip.

Looking at two multi-criteria optimal trips, a larger K balances the travel

time and trip fares. The average travel time of multi-criteria optimal trip iden-

tified with K = 3 is 2.1% shorter than the one identified with K = 9 whereas

its average trip fares is 13.9% higher than the one identified with K = 9. Set-

ting K value for computing global multi-criteria optimal trips is independent

from clients’ preference setting when clients choose a K value for multi-criteria

trip planning. Thus choosing an appropriate K value for practical needs to be

investigated in future.
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Chapter 6

Additional Use of the Global
Database

This chapter demonstrates further use of the global database of simulations of

peer-to-peer shared ride systems. At first the reconstruction of trips is introduced

for trust and safety issues. Global monitoring again provides measures to assess

the quality of reconstruction. The use of the global database is then described

for visualization purposes.

6.1 Global Monitoring for Trip Reconstruction

Based on a decentralized architecture, peer-to-peer shared ride systems are scal-

able: mobile geosensor networks can be deployed to solve ad-hoc ride sharing for

transportation networks of any size. But compared to conventional centralized

trip planners, there is no central register of arrangements and rides. This would

lead to a lack of trust by the users of peer-to-peer shared ride systems. Trust

issue was addressed in (Winter et al., 2006). It acts on an assumption that if

shared rides can be reconstructed from local memories of the distributed agents,

and every service user is aware of this fact, the system will be safe and trusted.

For this purpose an authorized agent (which is called an investigator) is deployed

in the mobile geosensor network to collect information on past shared rides in

order to reconstruct these shared rides.

Global monitoring can control experiments for the reconstruction of routes

from agents memories in simulations. In the following sections, a trip reconstruc-

tion strategy is presented, followed by the explanation of global monitoring in

simulation for trip reconstruction.
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6.1.1 A Trip Reconstruction Strategy

In order to develop an efficient trip reconstruction strategy, information storage

and querying strategies for past shared rides made in mobile geosensor network

need to be investigated as well.

Local Storage of Shared Rides

The agents negotiate for rides locally. A client agent broadcasts a request, col-

lects offers from local hosts, selects the best offer, and broadcasts a booking

message. Any agent within radio range during a negotiation is called a witness.

All agents—client, hosts, and the witnesses—involved in a negotiation can store

booking messages in their local memories for some time, for the purpose of future

investigations. Then an investigator can collect and analyze these messages from

the distributed memories in the network.

A shared ride is completely specified by (c; h; s; t), c being the client agent,

h the host agent, s the route of the ride, and t the time interval of the ride.

Each booking message specifies a potential shared ride which might be realized,

revised, or even cancelled in one of the following negotiation processes. Therefore

all these booking messages contain some evidence on a client’s realized shared

rides.

An Investigator’s Querying Strategies

In the investigation process, it is possible to use either snapshot (collect data

about now or some other point in time) or historical (collect summary data about

past) queries in order to retrieve information about shared rides from the agents’

local databases. First a query has to be disseminated throughout the network.

Then agents with matching data in their database respond.

Since the investigator’s request concerns a past shared ride, the agents in-

volved in negotiations of that ride are no longer necessarily near to each other

or in that area. They may also be out of traffic at the time of the investigation

process, or travel in areas which are outside of the investigator’s communication

range. Hence, the investigator will choose an appropriate dissemination strategy

to reach as many agents as possible.
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6.1.2 Global Monitoring in Simulations

The above strategy has been investigated by a simulation which is divided into

two different stages. The first stage is used to create a trip and the local memories

of agents about booking messages of a client agent c for future investigations. The

first stage finishes when c reaches the destination. The second stage then starts

and the static investigator broadcasts a query message to reconstruct the trip of

c for investigating the success rate and correctness of the reconstruction.

Once the investigator has collected a set of responses, these collected travel

messages can be recombined to trips. However, the investigator can face two

challenges:

• The collected travel messages might be incomplete. Due to the dynamic

topology of the mobile geosensor network, the responses cannot travel back

the communication path the query was disseminated. Furthermore, the

responses might fail to reach the investigator, since this path probably no

longer exists. Also witnesses have only partial knowledge of shared rides

since witnesses can change for each negotiation process.

• The collected travel messages might be manipulated. If a client or hosts

manipulate their internal records after the shared ride, redundant travel

messages from witnesses in the network should be able to detect inconsis-

tencies within these manipulated records.

In the simulations, the success rate of the reconstruction strategy was inves-

tigated from two perspectives: completeness and correctness. Completeness can

be represented as the percentage of reconstruction of the client’s route, expressed

by the ratio between the collected street edges divided by the total number of

edges travelled by the client. Correctness can be represented as the percentage

of correct reconstruction of the client’s route, expressed by the ratio between the

collected correct street edges divided by the total number of edges travelled by

the client.

As introduced in Chapter 3, the global database of simulations of peer-to-

peer shared ride systems contains the entire transportation and communication

knowledge. Thus, in order to evaluate the completeness and correctness of the

reconstruction process, the investigator’s reconstruction, made upon received re-

sponses from the network about the client’s travel history, can be compared with

the complete knowledge in the global database. For this purpose, the knowledge

in the global database has to be analyzed as well, reconstructing the client’s rides

and collecting the related messages.
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Figure 6.1: Completeness and correctness rates of trip reconstruction depending
on host density.

The average completeness and correctness of the reconstructions are reported

as a function of the host density in Figure 6.1. Two different scenarios were in-

vestigated: First, simulations were performed such that only witnesses responded

to a request; and secondly simulations were carried out such that witnesses and

hosts of shared rides responded. There might exist some records of multiple hosts

for the same time unit. Such records can be sorted out by using the record with

the most recent time stamp. The information about the realized travel trips, such

as a complete shared ride (c; h; s; t), can be collected in the global database. The

percentage of completeness was generated by comparing the number of received

shared rides with the total number of shared rides client c realizes. The per-

centage of correctness was generated by comparing received shared rides with a

complete shared ride in the global database to identify correctly received shared

rides.

It is noticeable that there is a monotonic increase of the completeness and

correctness of the reconstruction of client c’s trip as the host density increases.

Considering only the witnesses for querying is slightly inferior to considering

witnesses and hosts of shared rides together. However, as shown in Figure 6.1, the

difference between them is statistically not significant, which means that querying

only the witnesses is sufficient. This is a sensible observation since in trust-related

issues the involved parties (client, host) might have second interests. Similar to

completeness, high percentages of correctly identified hosts were achieved for
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densities over 0.9.
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6.2 Visualization of Simulations

The complete knowledge about multi-agent simulations of peer-to-peer systems

in the global database enables a post-visualization of simulations. Network in-

formation, each individual agent’s historical travel trajectory, state, as well as

behavior are monitored and stored in an appropriate file format by the observer

in the simulation process. Then such information are displayed in a database

system after simulations complete.

In the following subsections, the introduction of the database system and the

file format in such a database system for visualization of simulations is presented.

6.2.1 The Secondo System

Secondo (Dieker and Güting, 2000) is an extensible DBMS platform supporting

the implementation of a wide range of DBMS data models, especially to support

spatial, spatio-temporal, and graph database models. It is possible to accommo-

date data types for spatial data and moving objects in networks (Güting et al.,

2004a). Secondo uses BerkelyDB as a storage manager and runs on Windows,

Linux, and Solaris platforms (Güting et al., 2004b). It consists of three major

components which can be used together or independently, as shown in Figure 6.2:

• The Secondo kernel implements specific data models and offers query process-

ing over a set of implemented algebras modules. Each model is implemented

as a set of data types and operators. These are grouped into algebras.

• The optimizer implements the essential part of SQL-like languages.

• The graphical user interface (GUI) is extensible by viewer for new data

types and provides a specialized viewer for spatial types and moving objects.

This extensible interface provides animation of moving objects.

The GUI can be used separately to browse spatial or spatio-temporal data

stored in files. The GUI can also ask the kernel directly to execute commands

and queries. Furthermore, it can call the optimizer to get a plan for a given SQL

query. For simplicity and a purpose of visualization of simulations of peer-to-peer

shared ride systems, the choice is made to use the GUI offline, independently from

Secondo, as a browser for animation of simulations results. In this case, simulation

results are stored in files in the nested list representation of Secondo so that the

GUI are able to load them for visualization of simulations.
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Figure 6.2: Cooperation of Secondo components (from Güting et al. (2005)).

The Secondo kernel manages databases which are the sets of Secondo objects.

A Secondo object is a triple of the form (name, type, value) where type is a type

term of the implemented algebras and value a value of this type. Databases can

be created, deleted, opened, closed, exported to and imported from files. In such

files they are represented as nested lists in a text format (Güting et al., 2004b).

The details of this nested lists in a text format are described in next section.

6.2.2 File Formats for Visualization

A nested list is a generic means to represent type expressions, value expressions,

queries and constant values in queries, or external files in Secondo (Dieker and

Güting, 2000). Secondo system needs the global database to visualize simulations

of peer-to-peer shared ride systems in the GUI. The global database in Secondo

are loaded from files, where they are given in the nested list representation of

Secondo. For visualization of simulations, three files are created to represent

street grid network nodes, edges, and moving agents. Each of them contains a

single relation in a nested list format. The files contain ascii text formatted as

follows:

(OBJECT <name> () <type> <value> ())

OBJECT is a keyword and the empty bracket sections are reserved for future

extensions. <name> is just the name of the relation. It is formatted as an

identifier. Note that the length of identifiers is restricted to 48 characters.

The <type> describes the scheme of the relation as well as data types con-

tained in this file. The basic data types: int, real, string, bool can be used here

whereas the spatial types (point, points and line) and spatio-temporal type (mov-

ing(point)) are also appropriate for representation of street grid networks and

moving agents (Forlizzi et al., 2000). For instance, in the node file for street grid
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network nodes, each node has an ID and (x, y) coordinates. The type expression

of such node-relation would be:

(rel (tuple ((NodeID string) (Coordinates point))))

In <value>, the content of the relation is described. A value expression can

in general be notated in basic values: integer, real, string, and boolean. However,

for representation of street grid networks and moving objects information, the

format for the spatial and spatio-temporal value are needed (Lema and Behr,

2004).

Point

(< xCoordinate >< yCoordinate >)

where < xCoordinate > and < yCoordinate > are the x and y coordinates

of the street grid network node respectively. Both can be represented by numeric

values: integer or real numbers.

Line

(< edge1 >< edge2 > · · · < edgen >)

where < edgei > is a edge value and n ≥ 0. And each edge value is represented

as:

(< x1 >< y1 >< x2 >< y2 >)

where < xi > and < yi > are coordinates of end point i of the edge.

Moving(Point)

(< movingtype1 >< movingtype2 > · · ·movingtypen)

where < movingtypei > is a spatio-temporal value and n ≥ 0. Each value is

represented as:

(< timevalue >< pointvalue >)

An < timevalue > value represents types of time. There are two types of time,

instant and interval. Each < timevalue > is represented as:

58



L.-J. Guan 6.2. VISUALIZATION OF SIMULATIONS

(< start >< end >< leftclosed >< rightclosed >)

where < start > and < end > are of type instant representing the starting

and ending instant of the time interval respectively, and they are numeric values.

The < leftclosed > and < rightclosed > are boolean values defining if the

interval is open (false) or closed (true) at the starting or ending time instant.

A < pointvalue > is represented as:

(< x1 >< y1 >< x2 >< y2 >)

where < xi >< yi > represents the starting or ending point. In a given spatio-

temporal value ((< start >< end >< leftclosed >< rightclosed >)(< x1 ><

y1 >< x2 >< y2 >)), it means that an agent moves from node (x1, y1) at time

tstart and arrives at node (x2, y2) at time tend if both of < leftclosed > and

< rightclosed > are true.

For visualizations of the simulation, three different text files—node, edge,

agent—are used to store the information about the street grid network and agents

during the simulation process. The information about nodes, edges and agents

is written into these three text files in a point, line and moving(point) format

respectively. After the simulation completes, the GUI is able to load these three

files for the post-visualization of the simulation.

6.2.3 Visualization in Secondo

There are many viewers available in the GUI to present a large set of different

data types. Among them, the HoeseViewer is able to display spatial or spatio-

temporal objects and even animate moving objects. In the HoeseViewer, there

is a category containing information about how to display each object. Such

information includes color, textual labelling and size of objects.

The GUI is then loaded to display such files in the HoeseViewer. Figure 6.3

shows a snapshot of visualization of one simulation run of peer-to-peer shared

ride systems. It shows a street grid network of 20 × 20 nodes. In the figure,

red, yellow and green squares represent private cars, taxicabs and mass transit

respectively. Two bus lines denoted by blue and light blue respectively are located

in the street grid network. The bus stops on each bus line are also presented as

solid dots in the same color with bus line they belongs. In the figure, black solid

dot represents the client’s starting node, and hollow dot the client’s destination.

With the complete knowledge about one simulation run, the GUI can also be used

for dynamical visualizations of the simulation by clicking on the play button on

the upper left.
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Figure 6.3: Visualization of simulations of peer-to-peer shared ride systems.
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Chapter 7

Conclusions and Future Work

This chapter first gives a summary of what has been reached in this thesis. Con-

clusions are drawn with regard to the hypothesis and the chapter closes with an

outlook on future work.

7.1 Conclusions

This thesis develops an objective and systematic approach to accessing trip qual-

ity in simulations of peer-to-peer shared ride systems and uses this approach to

evaluate different methods of peer-to-peer shared ride trip planning. By generat-

ing and analyzing a global database from the simulations for a large number of

simulation runs, global single- or multi-criteria optimal trips can be identified in

each simulation. These global optimal trips can be used for evaluating the qual-

ity of suboptimal trips realized by clients who apply some ad-hoc trip planning

strategies in the simulation. The space-time network was introduced to compute

global optimal trips by applying Dijkstra’s algorithm and choosing travel time

as a criterion. Multi-criteria optimization was presented for computing multi-

criteria optimal trips in simulations considering travel time and trip fares as cost

functions. The developed approach was implemented in a trip quality evalua-

tion subsystem, which can be integrated into different versions of the multi-agent

simulation of peer-to-peer shared ride systems.

The results of this experiment can be used to verify the hypothesis of this

thesis. The hypothesis consists of two parts, with the first part stating:

Global single- or multi-criteria optimal trips can be identified in each simu-

lation of peer-to-peer shared ride systems.

This part of the hypothesis is verified completely. The results shown in

Section5.2 demonstrate that global single- or multi-criteria optimal trips can be
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computed from the global database. For a single criterion travel time considered

in simulations, global optimal trips spend always (on average) less travel time

than suboptimal trips realized by clients applying some ad-hoc trip planning

strategies. For the two-criteria case, global multi-criteria optimal trips spend

both less travel time (quicker) and trip fares (cheaper) than suboptimal trips.

The second part of the hypothesis states:

The trip quality can be determined in peer-to-peer shared ride system simu-

lations.

This point is strongly supported by the simulation results. Trip quality can

be determined in hindsight by identifying global single- or multi-criteria optimal

trips from the global database, and comparing them with suboptimal trips for

evaluation of trip quality. For travel time chosen as a cost function, trip quality

can be assessed as an average of trip travel time for large numbers of simulation

runs. The trip quality increases as the difference between the trip travel time

made by the client and the trip travel time of the global optimal trips decreases.

The trip quality is influenced by both the communication and wayfinding strate-

gies applied by the clients, and supports the recommendations by Wu (2006) to

choose a mid-range communication strategy, and to allow a client a flexible route

choice.

When both travel time and trip fares are considered as cost functions and

travel time is ranked as the first important criterion, the client’s trip quality

is assessed by an average of clients trip travel times first and then an average

of trip fares. That means for two trips—trip A and trip B, the quality of trip

A is better than trip B if trip A spends less travel time than trip B, or if they

spend the same travel time, and trip A is cheaper than trip B. Thus multi-criteria

optimal trips are always shorter but not necessarily cheaper than multi-criteria

suboptimal trips.
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7.2 Future Work

This section gives an outlook on a variety of topics regarding the trip quality

investigated in this thesis.

• The approach developed for the evaluation of trip quality in peer-to-peer

shared ride systems should be used to study other ad-hoc trip planning

strategies. The random mobility model, for example, was applied to con-

duct experiments for generating homogeneous hosts travel trajectories. In

hindsight, there is an equal (on average) distribution of hosts on the net-

work. There are slightly less hosts in the centre than on the boundary or

at corners. The host density can influence the clients choices on wayfind-

ing strategies. Both the host density and clients wayfinding strategies can

affect the trip quality, thus this approach can be used to study how other

host mobility models influence clients’ trip travel time.

• In this thesis, global optimal trips are computed only considering travel

time as a single criterion. Other criteria can be chosen as a cost function for

generating global optimal trips. For example, the shortest path algorithm

can be applied to minimize the number of transfers during a trip on the

space-time network where edges are not time-dependent. Furthermore, trip

fares can be incorporated into the algorithm as edge costs. The cheapest

trips can be computed by calculating total trip fares for each trip according

to the fare structure.

• If the multi-agent simulation is extended to model multi-client planning

trips in simulations at the same time, the overall quality of all clients trips

should be investigated to study the usability and performance of peer-to-

peer shared ride systems. If a host’s offer is feasible for more than one

client, which client shall be preferred? The offer assignment strategy will

influence the overall quality of all clients.

• In this thesis, when computing global optimal trips with travel time as a

single criterion, the assumption is made that a transfer between hosts at

a node takes no time. The approach developed for the evaluation of trip

quality should be extended to model this realistic case. Transfer can be

modeled as a node in the space-time network, whereas the transfer time can

be modeled as an transfer edge. When the shortest path algorithm traverse

this edge, the transfer edge will be considered. By this method, transfer

would be considered in seeking optimal solutions. Another approach is

penalizing transfers as such, and looking for a trip made with least transfers.
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• In this thesis, a K shortest path algorithm is applied to compute a multi-

criteria optimal trip among the K quickest trips, where the criteria are

ranked according to their importance. If K is too small, the computed

multi-criteria optimal trip may not be optimal, whereas if K is very large,

computing multi-criteria optimal takes a great computational time. It re-

mains a problem to choose an appropriate K value for practical evaluation of

trip quality. For the time being, this approach is used for a demonstration

purpose without considering an appropriate K and some additional con-

straints on the criteria. In future, while a K shortest path algorithm may

be still used by a client, the interpretation of the global database requires

other multi-criteria optimization algorithms to guarantee the identification

of dominant solutions.

• In relation to the previous statement when computing multi-criteria opti-

mal trips, the lexicographical ordering method is applied where the criteria

are ranked according to their importance. The choice of the importance

of criteria depends highly on the clients preference. Different ranking of

criteria may get a different multi-criteria optimal trip. Furthermore, this

approach is suitable for solving bi-criteria optimization problem. Incorpo-

rating several criteria with the same importance is difficult to solve using

this approach. Again, more intelligent methods for computing multi-criteria

optimal trips need to be investigated.
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Güting, R., Almeida, V., Ansorge, D., Behr, T., Ding, Z., Höse, T., Hoffmann,
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