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Preface

This thesis studies the dynamic route and transport mode optimization for participat-
ing in a jointly decided activity subject to spatio-temporal variations. Joint activity
participants have to travel from their current locations to a common location which is
the location of the joint activity. Apart from the recurrent joint activities (such as work,
school etc.), there are several joint leisure activities where activity participants have to
decide about the location and the starting time of the joint leisure activity along with
the transport mode(s) that each one of them has to use for commuting from his/her
current location to the joint leisure activity location.

The objective of this thesis is the development of a comprehensive system for the
optimization of joint leisure trips that are not related to work by optimizing (a) the
location and the starting time of the joint leisure activity (b) the public transport
operations (c) the transport mode(s) selection for each activity participant in order to
arrive there as fast as possible while satisfying his/her personal trip preferences.

Activities not related to work can be responsible for more than 60% of trips at an urban
environment. Non-working travel patterns differ from the more stable, recurrent travel
patterns of work-related activities such as trips from/to work, school etc. and the three
main differences of those activities are:

» The location of a leisure activity can differ on a daily basis (it is not static like the
location of the working or studying place)

» The starting time of a leisure activity has greater elasticity and can differ on a
daily basis (it is not stable such as the starting time of work, school etc.)

» The alternative journey options to and from a leisure activity location are not
well-known to the users (users are more aware of their journey alternatives when
it comes to transfers from/to work-related activities since those activities are
re-current)

Given that a significant number of transfers is related to leisure activities, the opti-
mization of the (1) location selection, (2) starting activity time, (3) transport mode
selection and (4) route selection are of paramount importance for both the commuters’
total travel cost and the transport network performance. In addition, the prediction
of non-recurrent activities in time and space can be an important step forward for
the tactical and dynamic planning of transport networks since the volume and the
non-recurrent nature of such activities lead to significant travel demand variations
compared to the more stable, work-related activities.



Due to the above, this thesis focuses on: (i) Understanding the State-of-the-Art (SoA)
work on utilizing user-generated data for increasing the efficiency level of joint leisure
activities and proposing actions towards this direction; (ii) Capturing users’ willing-
ness to travel certain distances for participating in different types of activities; (iii)
Optimizing the selection of locations and starting times of joint leisure activities (iv)
Re-scheduling the starting times of public transportation trips in order to adjust to the
joint leisure activity demand without deteriorating the Quality of Service (QoS) for
other passengers; (v) Optimizing the journey/path selection of users” who are willing
to travel from one point of the network to another for participating at one activity and,
possibly, utilize multiple modes while also satisfying their preferences.

Keywords: Social Media; Social Networks; Utility-Maximization; Joint Activities;
Spatio-Temporal Pattern Recognition; Joint Travel Optimization; Stochastic Search;
Regularity-based Public Transportation; Nonlinear Programming; Real-Time Multi-
modal Fastest Paths; Intermodal Networks; Resource Constrained Shortest Path Prob-
lem

- Konstantinos Gkiotsalitis
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Introduction

1.1. Objective

The objective of this thesis is the development of a comprehensive
system for the optimization of joint trips that are related to leisure
(non-work) activities. Trip attractor locations which are not related
to work activities can be responsible for more than 60% of trips at
an urban environment. Non-work travel patterns do not exhibit the
re-current nature of travel patterns related to work activities such as
trips from/to work, school etc. The three main differences of non-work
related trips are:

» The location of non-work activities can differ on a daily basis (it
is not static like the location of the working or studying place)

» The starting time of the activity can differ (it is not stable such as
the starting time of work, school etc.)

» The alternative transfer options to and from the activity are not
well-known to the users (users are more aware of their transfer
alternatives when it comes to transfers from/to work-related
activities since those activities are re-current)

Given that a significant number of transfers is related to leisure ac-
tivities, the optimization of the (1) location selection, (2) starting ac-
tivity time, (3) transport mode selection and (4) route selection are of
paramount importance for both the commuters’ travel cost and the
transport network performance. In addition, the prediction of non-
recurrent activities in time and space can be a key enabler for the
tactical and dynamic planning of transport networks. This is especially
important since the volume and the non-recurrent nature of such ac-
tivities lead to significant travel demand variations compared to the
more stable, work-related activities.

The complexity of the optimization of leisure activities is an effect
of the strong spatio-temporal variation of such activities; something,
that requires continuous analysis of user-generated data related to
commuters’ trips instead of the use of more static approaches such as
revealed preference surveys. For this reason, the development of com-
prehensive analytic tools for data mining and analysis of continuously
updated user-generated data from social media and smartphones is
required. The scope of data collection from private users is strictly the
identification of commuters’ transfers in space (origins/destinations)
and time with the utilization of GPS-enabled smartphones and other
smart devices.

One more issue is the process of large amounts of heterogeneous
user-generated data and the quasi real-time optimization requirement
regarding the selection of the leisure activity location, starting time

1.1. Objective . ......
1.2. Featured Publications
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of the activity, transportation modes and associated routes. This chal-
lenge requires the development of hybrid models and heuristic search
methods for performing the optimization tasks with high accuracy
and low computational costs. Finally, the user preferences of each
commuter perplexes further the aforementioned problem requiring
the inclusion of the perceived utility of each commuter to the analysis
of the problem.

In the context of this thesis, the above issues are analyzed by focusing
on:

» The research of optimizing mobility transfers related to joint
leisure activities, the parameterization of this problem and the
analysis of its characteristics

» The research of the mobility transfer options of commuters with
the use of continuously updated user-generated data

» The development of algorithms for the selection of an optimal
leisure activity starting time and location together with the selec-
tion of transport modes and routes for the associated mobility
transfers

» The implementation of the developed solution methods at urban
networks and the prediction of non re-current activities for the
dynamic planning of public transportation

Those inter-dependent research activities are published in several
peer-reviewed transportation journals with the aim of developing one
comprehensive system for analyzing mobility transfers with significant
spatio-temporal variations and optimizing (i) the travel costs related
to commuters; (ii) the performance of the transport network; and (iii)
the ridership levels of public transportation with demand-responsive
dispatching.

1.2. Featured Publications

Parts of this thesis’ chapters are related to the featured publications:

» Publication 1: A comprehensive literature review is provided
and the unresolved issues that are analyzed in this thesis are
underlined.

» Publication 2: Probabilistic models are developed for capturing
commuters’ transfer decisions based on user-generated data
from Social Media. The input of those models is the location
of the user and the associated timestamp of that location (GPS
trace). The same input can be provided from Automated Fare
Collection (AFC) data from public transport systems.

» Publication 3: Hybrid algorithms of high accuracy are devel-
oped for optimizing the selection of location and starting time of
joint leisure activities with computational complexity that allows
quasi-real-time applications.

» Publication 4: The problem of dynamic re-planning of public
transport schedules (especially bus operations) for increasing
the ridership related to non-recurrent activities with significant
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spatio-temporal variations is modeled and optimized with the
introduction of evolutionary optimization techniques.

» Publication 5: Resource-constraint path selection algorithms are
developed for optimizing the journeys of users” who are willing
to travel from one point of the network to another with the use
of one or multiple modes while also satisfying their preferences.

Publications

1. K. Gkiotsalitis, A. Stathopoulos (2015): "Optimizing Leisure
Travel: Is BigData Ready to Improve the Joint Leisure Activi-
ties Efficiency?", vol.38 of the series Engineering and Applied
Sciences Optimization, Springer International Publishing, 53-
71.

2. K. Gkiotsalitis, A. Stathopoulos (2015): "A utility-maximization
model for retrieving users’ willingness to travel for partici-
pating in activities from big-data", Transportation Research
Part C: Emerging Technologies, 58, 265-277.
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Technologies, 68, 532-548.

4. K. Gkiotsalitis, A. Stathopoulos (2016): "Demand-Responsive
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for real-time multimodal routing under a set of users’ prefer-
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Background Theory and
Methodology

2.1. Literature Review

Introduction to non-recurrent activities

Today’s metropolises with complex transport networks and numerous
places for leisure activities pose great challenges to individuals who
are willing to organize and participate in joint activities with non-
recurrent nature (i.e., not work/school related activities). In this study,
we consider as joint leisure activities all activities conducted out-of-
work involving the participation of two or more travelers.

[1] posed that 29.2% of all daily trips are related to leisure activi-
ties, while 28% are conducted for shopping and personal business
and 10.7% for other activities including escort. Similar results were ob-
served on the New York Regional Travel survey [2] . Given the surveys’
insights, it is evident that almost 70% of all conducted trips (typical
weekday trips = 2.51 x number of inhabitants in the city of London) have
a non-recurrent nature and can be potentially shifted to the category
of leisure joint trips. The aforementioned action is expected to pro-
mote the interpersonal relations among individuals via increasing the
number of physical meetings and improving the planning efficiency
of out-of-work activities.

Fixed trips with recurrent characteristics (i.e., trips to work/school) can
be recorded more easily enabling the central transport authority to act
on smoothing congestion and the individual agent to act on reducing
his/her travel costs via changing the transport/working schedules
or shifting the departure times respectively. In contrary, leisure trips
have a non-recurrent nature which complicates the implementation of
control actions for the relief of congestion.

In the case of recurrent trips, travelers observe the repeated congestion
patterns since they keep experiencing them on a daily basis while
traveling over similar origin/destination points. Therefore, they have
enough information for adapting their schedules in order to reduce
their waiting times. For instance, travelers are well-informed regard-
ing the traffic conditions for trips to/from work due to their prior
experience on traversing the same path on a daily basis, while they are
less aware of the feasible set of trip-selection options when planning
their out-of-work or other non-recurrent trips. Consequently, the lack
of information yields three main inefficiencies:

» Fluctuation of Travel Demand: Out-of-work trips cannot be eas-
ily predicted from the transport network operator due to the
significant day-to-day variation

®
2.1. Literature Review .. ... .. 5
2.2. Data Processing and Methodol-
OZY v v e vt i 14

[1]: (2014), Transport for London, Travel in
London, London Travel Demand Survey

[2]: (2014), New York Regional Travel
Survey



6 2. Background Theory and Methodology

FIGURE 2.1.: The three dimensions of
Information Flow for Trip selection at
the individual level

[3]: Gonzalez et al. (2008), “Understand-
ing individual human mobility patterns’

» Interpersonal Activities Loss: Not aware of the daily schedules
of other individuals, one examined agent is either not able to
schedule a joint leisure activity or schedules an inefficient one
with high opportunity cost and limited participants

» Trip Selection Inefficiency: Individuals enumerate a number of
possible trips and select a most-preferred option via simple per-
mutation or perceived utility-maximization without being per-
fectly informed during the decision-making process

At this point, it should be stated that the individual-level planning of
trips in metropolitan areas cannot be perceived as fully inefficient since
it is based on a perceived utility-maximization approach; however, the
lack of perfect information on the decision-making phase affects the
efficiency of trip selection. Failure to construct a utility function which
corresponds to the real-world conditions leads to the maximization of
an ill-defined problem.

The utility function is perceived correctly if the individual is well-
informed during the trip-selection via holding information over three
separate dimensions (refer to Fig.2.1):

» The current traffic on the road network and delays on public
transport services

» The exact location of all places of interest for leisure activities
in the examined metropolis (i.e., location of bars, restaurants,
cinemas)

» The daily schedules and the preferences of all friends and ac-
quaintances of an individual with whom a joint leisure activity
can be organized (the degrees of freedom might differ depending
on the social network of the examined individual)

Road Network
Traffic Location of Places

of Interest

Public Transport
Delays

Trip selection
Algorithm

Daily Activity Schedules
of Friends and Acquaintances

Several attempts have been made to define special laws for modeling
the movement of people (refer to [3] ). However, the lack of information
at the trip-selection phase hinders the maximization of utility. At this
stage, the utilization of new information streams can be seen as a valu-
able resource for improving the awareness over the three dimensions
of the decision-making process. In an example of improving a service
via raising the level of information dissemination, early research based



on bus riders demonstrated various positive effects such as increased
ridership and traveler satisfaction attributed to enhanced information
availability. That showed that easy access to relevant travel informa-
tion is a decisive factor for the success and adoption of public transport
systems (refer to [4] ).

Given the above, the state-of-the-art in the area of non-recurrent trips
is examined with the aim of improving the mobility efficiency related
to such activities with the use of insights from user-generated data.
Attention is given to studies on utilizing near real-time user-generated
data (i.e., data from smartphones, smartcards, PDAs) for tackling trans-
portation problems. The aim is to formulate the problem of optimizing
leisure travel considering the provision of user-generated data, present
the direction of the state-of-the-art, understand why user-generated
data has not been used for increasing the volume and the efficiency
of joint leisure activities and propose actions to move towards this
direction.

Utilizing Cellular Data in Transportation Problems

Cellular data is the form of user-generated data which have been
studied the most for predicting individuals” mobility patterns even
if the positioning via cell towers is not as accurate as the GPS po-
sitioning. Regardless the posed challenges, cellular data have been
utilized to improve the understanding of human mobility and develop
individual-level models for capturing the mobility and activity habits
of individuals. Since cellular networks need to know the approximate
location of all active phones to provide them voice and data services,
location information from Call Detail Records (CDRs) can be used
for characterizing the mobility patterns of hundreds of thousands of
people.

The most common individual-level models for predicting the mobility
of individuals -which are not based solely on spatio-temporal travel
pattern recognition- are the activity-based models (refer to [5] , [6],
[7], [8]). Those models are the basis for forecasting individuals” daily
trip schedules from cellular data and perceive each trip as a mean to
participate at pre-scheduled activities.

In the literature, [9] utilized Cellular data logs for correlating the mo-
bility patterns of an individual with the mobility patterns of his friends
and acquaintances. The underpinning theory of the correlation process
includes the assumption that users’ travel patterns do not depend on
time and space, but also on the travel patterns of other individuals
inside their social network. The findings of the research showed that
the mobility patterns of one examined agent can be predicted more
accurately when the mobility patterns of his/her social network are
considered as explanatory variables. [10] worked also on the same
direction using data from the Nokia Mobile Data Challenge dataset.
The work of [9] can provide some evidence on the theoretical con-
cepts developed by [11], [12] and [13] on predicting agents” mobility
based on their social networks. Those theoretical concepts place the
traveler at the center of decision-making (ego-centric approaches) and

2.1. Literature Review 7

[4]: Ferris et al. (2010), ‘OneBusAway:
Results from Providing Real-Time
Arrival Information for Public Transit’

[5]: Axhausen et al. (1992), ‘Activity-
based approaches to travel analysis’

[9]: Musolesi et al. (2007), ‘Designing
Mobility Models Based on Social
Network Theory’
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[14]: Calabrese et al. (2011), ‘Estimating
Origin-Destination Flows Using Mobile
Phone Location Data’

[21]: Sohn et al. (2008), ‘Dynamic
origin—-destination flow estimation using
cellular communication system’

[23]: Song et al. (2010), ‘Limits of
Predictability in Human Mobility”

[28]: Hui et al. (2005), ‘Pocket Switched
Networks and Human Mobility in
Conference Environments’

offer a new framework for microsimulation where harvesting large-
scale user-generated data is expected to facilitate the implementation
phase.

In addition, [14], [15], [16] and [3] utilized cellular data for predicting
the mobility patterns of individuals in urban scenarios over time and
space. Those studies, including studies of [17], [18], [19] and [20], at-
tempted to exploit the emergence of the mobile positioning technology
and the market penetration of mobile phones by developing methods
for estimating the OD matrices in study areas. In the same way, [21]
used the cellular communication system and cell phone towers to
transfer information and estimate OD matrices.

In a practical example, in the work of [14], an algorithm for estimating
a population’s travel demand in terms of ODs from aggregating the
trips of individual mobile phone users in the Boston Metropolitan
area was developed. During the validation, it was shown also that
the estimated OD flows were close to the US Census estimates. [22]
proceeded further on comparing the mobile-phone-based mobility
traces against data from odometer readings from the annual safety
inspections in the Boston Metropolitan area to check the validity of
mobile phone data in characterizing individual mobility and to identify
the differences between individual mobility and vehicular mobility.

The limits of predictability in human dynamics by analyzing mobility
patterns of mobile phone users were also analyzed and evaluated by
[23] . More recently, [24] and [25] proposed a methodology for using
mobile phone data to analyze the mechanism of trip generation, trip
attraction and the OD information with a pilot study in Beijing via
using the K-means clustering algorithm to divide the traffic zones. In
addition, [26] worked on a method for separating trips (capturing the
starting and ending points of a trip) on the basis of GPS data collected
by smartphones after considering that even when the subject stays
into a place, the collected GPS coordinates are not always exactly the
same according to the surrounding environment (precision is 81% and
recall rate is 62%). Apart from detecting departure and arrival times,
methods for classifying automatically modes of transportation on the
basis of smartphone GPS data were also proposed by [27].

Finally, in another set of studies from [28] and [29], Bluetooth devices
were distributed to people to collect mobility data and study the char-
acteristics of co-location patterns among people.

To summarize, works on utilizing cellular data in transportation have
been focused on different areas:

» Estimating the OD matrix in a study area

» Exploring the mobility patterns of one individual based on the
mobility patterns of his/her social network

» Extracting the current mode of transportation

» Extracting the starting and ending time of a trip

However, there are no works in the area of activity-participation anal-
ysis which can facilitate the development of new applications for
suggesting common activities to users with social ties based on their



willingness to participate simultaneously in similar activities being
held in nearby locations.

User-generated data from Social Media and its
applications in transportation

The research on data from social networks on understanding users’
mobility is in its early stages. The first studies focused on the power
of micro-blogging on offering near real-time insights on crisis events
when all other means of communication have failed. Routinely, the
importance and the volume of the crisis event is captured through
the magnitude of micro-blogging messages and their content infor-
mation. A study from [30] explored crisis informatics using Twitter
data after the Oklahoma Moore tornado demonstrating the potential
of social media data on extracting relevant information during natural
disasters.

In a similar fashion, social media data from social networks like Face-
book, Twitter, Foursquare and the image sharing service, Flickr, have
already been used in research works describing crisis or natural disas-
ters such as Virginia Tech shooting ([31]), Southern California wildfires
([32] ), major Earthquakes in China ([33], [34]), Red River floods and
Oklahoma grassfires ([35]).

In another set of works, [36] utilized the Internet as resource to cap-
ture the crowd levels during planned special events. In general, local
events are not tracked from transport authorities since manual, labor-
intensive tracking is needed. [36] utilized the Internet as a resource for
contextual information about special events and developed a model
that predicts public transport arrivals in event areas. The results were
demonstrated with a case study from the city-state of Singapore using
public transport tap-in/tap-out data coupled with local event infor-
mation obtained from the Internet after performing primitive data
fusion.

In another work, [37] focused on developing and testing analytic tech-
niques for fusing user-generated data from Social Media and smart-
cards in order to capture the mobility patterns in urban areas. Auto-
mated methods for retrieving users” mobility patterns from historic,
user-generated data logs, comparing user’ profiles based on the sim-
ilarity of their observed mobility patterns and categorizing users in
clusters were developed. During the testing phase, user-generated
data from London Smart Card and Social Media users were utilized
to cluster users based on their mobility-activity pattern similarities.
Results showed that it is possible to integrate data logs from multi-
ple sources to capture the main mobility-activity patterns observed
in an area. However the topic of joint participation in non-recurrent
activities has not been addressed until now.

Social media have also been used for capturing the activity types per-
formed by users at different locations via advanced spatio-temporal
analysis and educated rules (refer to [38] ). In the same work, tech-
niques for estimating individuals” daily schedules and the sequence of
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[41]: Noulas et al. (2011), ‘An Empirical
Study of Geographic User Activity
Patterns in Foursquare.’
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activities were developed. [39] focused also on the same topic introduc-
ing a probabilistic model for modeling individuals” daily schedules
based on input data from several sources (i.e., Social Media, Cellular
Data). Along the same lines, new techniques to detect urban mobility
patterns and anomalies by analyzing trajectories mined from publicly
available geo-positioned tweets were presented by [40].

A set of recent methods for capturing the geographic user activity
patterns based on Foursquare have also been developed in the works
of [41], [42], [43] and [44].

Summarizing, social media data which is individualistic in nature has
been utilized for:

» Capturing the volume and the effects of crisis events

» Estimating individuals’ mobility patterns and correlating them
based on observed patterns from other datasets

» Retrieving activity types of users

» Capturing the arrival times and the expected demand at local
events

User-generated data from Smart Cards

With the deployment of automatic fare collection systems, large-scale
data becomes available for real-world transport usage [45] . As more
and more sensors have been integrated into public transport infras-
tructures, large-scale transport data is produced at high rates [46].
Nonetheless, studies of estimating individual travel patterns with
smartcard data are sparse in public transport research compared to
studies on cellular data and social media.

In the past, research has mainly focused on aggregate demand forecast
[47] . Based on a gravity model, [48] showed that some of the variation
in mobility flows is influenced by distance and population of local
residents via analyzing smartcard data, while [49] analyzed time series
of AFC data to identify events of overcrowding at public transport
stations. [50] and [51] also measured the transit use variability with
smart-card data.

The potential of smart card data for travel behavior analysis in Britain
was studied by [52] where the pensioner concessionary pass in South-
port, Merseyside, and the commercially operated scheme in Bradford
were examined. There was stated that the nature of smart card data
puts an emphasis on concept definition and rule-based processing;
but limitations were also recognized such as the trip lengths which
are not recorded on systems. The latter implicates also the efforts on
performing individual-level analysis and predicting individuals” daily
travel schedules.

[53] addressed the above-mentioned issue by measuring the variability
of mobility patterns after analyzing a full-week smart-card dataset
from Singapore. In spite the limited study period, it was possible
to demonstrate that the number of trips and mobility patterns vary
from day to day but the overall spatial structure of urban movements



remained the same throughout the week. However, this finding cannot
be generalized due to the limited period of the analysis (only one
week).

[54] utilized travel card data from a large population of bus riders
from Lisbon, Portugal. The main intention of the work was to pre-
dict the future bus stops accessed by individual drivers and it was
demonstrated that accurate predictions can be delivered by combining
knowledge from personal ride histories and the mobility patterns of
other riders. In another work, [55] utilized smart card data from a bus
line in Singapore for developing a modeling platform for testing bus
transportation.

Several research works such as [56] and [57] had a special focus on
collecting spatial travel information provided by AFC systems for
estimating Origin-Destination Matrices from smart card data; whereas,
[58] focused also on the high-level analysis of travel behavior in Singa-
pore with the use of one-day EZ-link data.

Finally, as discussed before, in the work of [37] a more individual-based
approach was considered for identifying users’ mobility patterns from
historic smart card data logs. For that case study, data from 200 Oyster
card users in London were utilized.

It is evident that smartcard data offers less qualitative information
compared to social media or cellular data generating problems on
predicting the daily schedules and the social networks of individuals
since it represents only public transport mode passengers.

Use of GPS traces from personal navigators and
smartphones in transportation

Recent research studies have also focused on the utilization of user-
generated global positioning system traces generated from personal
navigators and smartphones in the transportation domain. For in-
stance, applications request from the user of a GPS-enabled device to
record his/her geo-location of any record travel/sports experience,
and then upload, visualize and browse their GPS data on a Web map
(specific implementations at [59] , [60], [61]). Further, users are en-
abled to exchange life experiences by sharing GPS logs in the Web
community. [62] attempted to estimate the activity patterns of smart-
phone users based on GPS tracking data. They developed a method
for classifying "indoor", "outdoor static", "outdoor walking", and "in-
vehicle" status. Similarly, [63] developed a special device, called a
behavioral context addressable logger (BCALs), for collecting vari-
ous kinds of data such as GPS coordinates, acceleration, atmospheric
pressure, angular velocity, UV index, direction, and loudness. BCALs
can distinguish situations in which smartphone users are classified as

"o

"walking", "up/down-staircase", "bicycling", and "in-store".

There are also studies on trip-separation methods (mainly by utilizing
a series of user-generated GPS-traces from GPS-enabled devices for
capturing the starting and ending time of a trip) from [64] , [65], [66],
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[68]: Witayangkurn et al. (2013), “Trip
Reconstruction and Transportation
Mode Extraction on Low Data Rate GPS
Data from Mobile Phone’

[67]. For instance, [64] utilized users’ location histories from their GPS-
enabled devices for implying their interests and deriving the level of
similarity among users based on their geo-location histories. Among
those studies, only [68] reported an evaluation of a trip-separation
method. The basic idea forming the basis of their method is to find
the so-called "stay points". They regard consecutive GPS coordinates
as stay points if they satisfy the following two conditions: (i) they fall
within a circle with diameter of 196 meters; and (ii) the time difference
between the first and last stay points is more than 14 minutes. The
key idea behind this stay-point detection is the elimination of outliers
that can cause mis-detection. This trip-separation method achieved
precision of 92.4% and recall rate of 90.5%.

Given the above, one can conclude that geo-location data from smart-
phones or personal navigators have been mainly utilized for:

» Estimating OD matrices

» Capturing the type of utilized transportation
» Activity-pattern estimation

» Separation of trips

Discussion on Background Theory

Studying the background theory was an attempt to investigate how dif-
ferent forms of user-generated data (cellular, social media, smart card
and personal navigator data) have been utilized so far. The objective
was to examine if the data sources and the developed techniques have
some potential on increasing the efficiency of joint leisure activities in
today’s metropolis.

In a first attempt to summarize the results, Table 2.1 provides ag-
gregated information on the utilization of user-generated data from
different sources according to the state-of-the-art studies.



Cellular Social Smart Card GPS  Posi-

Media tioning
Estimating OD matrices Yes No Yes No
Extracting the utilized Yes No Yes No
mode of transportation
Capturing the Trip Separa- No No Yes Yes
tion
Real-time Traffic estima- Yes No No Yes
tion
Estimating the daily No Yes No No
schedule of agent’s social
network
Crisis Events Analysis No Yes No No
Capturing  Individuals” Yes Yes No No
Mobility Patterns
Retrieving the performed  Yes Yes No No
activities by users
Forecasting the expected No Yes No No
demand at local events
Separating Trips Yes No No Yes
Activity-pattern estima- Yes Yes Yes Yes

tion

During the exploration of non-recurrent activities, three information
dimensions were considered for assuming that an individual is per-
fectly informed for making an optimal decision on selecting a leisure
joint activity. In Table 2.2, it is shown which kind of information is
expected to be retrieved from different sources of user-generated data.
From Tables 2.2, 2.1 one can observe that although the full informa-
tion for forming a decision-making objective function is obtainable,
research works have not been focused on that direction.

Cellular Social Smart GPS  Posi-
Media Card tioning

Real-time traffic No Yes Yes Yes
Real-time  public No Yes Yes Yes
transportation
arrival times at stops
Location of Placesof Yes (with  Yes No Yes
Interest low accu-

racy)
Daily Schedules of No Yes No Yes
agent’s Social Net-
work

Due to the above, the importance of developing new models for tap-
ping the potential of user-generated data for improving the efficiency
of joint leisure activity planning is highlighted. New models and tech-
niques are recommended to focus on the following:

— Data processing tools
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— Algorithmic tools for data aggregation and fusion

— Processing tools that can calculate the optimal point(s) of the
utility function and return an optimal joint leisure activity to the
traveler

Proceeding towards this direction, the aim is to influence the ~70% of
out-of-work trips in metropolitan areas for improving the trip planning
and operations; thus, yielding significant gains for both the individual
traveler and the central transport authorities.

2.2. Data Processing and Methodology

Discussion on Methodology

To improve the joint leisure activity trips in metropolitan areas, a set
of different problems are considered that focus on the (1) location
selection, (2) starting activity time, (3) transport mode selection and (4)
route selection. The scope of this multi-stage approach is the reduction
of the commuters’ travel costs and the improvement of the transport
network performance.

This multi-stage approach is detailed in the following chapters of this
thesis when different methodological strategies are introduced. How-
ever, a brief overview of the introduced methodologies is provided
in this section for offering a general guide for this thesis. This section
presents the introduced methodologies at a higher level and justifies
the content and the structure of the following chapters of this thesis
that attempt to provide a holistic system for the optimization of joint
leisure trips.

The basic pillars of this thesis are the methodologies related to (a)
capturing users’ willingness to travel certain distances for participat-
ing at different types of activities based on user-generated data; (b)
optimizing the location and time of joint leisure activities; (c) adapt-
ing the public transportation timetables to the joint leisure activity
demand and, finally, (d) planning multi-modal journeys for the joint
leisure activity participants based on personalized preferences. Those
methodologies are summarized in Fig.2.2 and each of the (a-d) topics
are analyzed in the thesis chapters 3-6.

At first, the utilization of user-generated data for mobility purposes is
analyzed at the literature review section considering user-generated
datasets from Cellular Data, Social Media, Smart-Cards and GPS-
enabled devices (i.e., personal navigators, smartphones).

In Chapter 3, methodologies are introduced for utilizing user-generated
data in order to capture users’ willingness to travel certain distances
for participating at different types of activities. One of the introduced
methods is a daily pattern recognition model that analyzes historical
user-generated data and derives the daily mobility-activity patterns of
individual users. For achieving this, a secondary model is introduced
for associating re-visited locations with users’ activities. Finally, indi-
vidualistic utility-maximization models are introduced that capture
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Utilization of User-generated data for Mobility
purposes from:

Cellular Data

Social Media

Smart-Cards

GPS-enabled devices (i.e., personal navigators,
smartphones)

Analyze historical user-generated data and
derive a daily pattern recognition model
Associate re-visited locations with users’
activities

Develop a Utility-Maximization model for
capturing users’ willingness to travel

Cluster a sample of 65 Twitter users from
London based on the similarities of their Utility-
Maximization models

Introduce a Stochastic Annealing search
method for solving the joint leisure activity
optimization problem

Validation of the Stochastic Annealing Search
with 14-month user-generated social media
data from 75 users and comparison against
state-of-the-art Hill Climbing or Genetic
Algorithms

Introduce a nonlinear, discrete optimization
Model for Adapting the Arrival Times of Public
Transport Modes to Joint Leisure Activities
Develop a Sequential Evolutionary Algorithm for
adjusting the Public Transport Arrival Times in a
demand-responsive manner

Demonstrate the potential passenger waiting
time improvement in a case study of two bi-
directional bus lines at Stockholm, Sweden

Model the multi-modal journey planning
problem considering users’ preferences
Introduce a label-setting algorithm and a label-
pruning method for computing multi-modal
optimal paths for joint leisure activities

. Validate the computing cost and the accuracy
of the algorithm on finding the optimal path in
simulated networks of up to 2,800 nodes

users’ willingness to travel certain distances for participating at joint
leisure activities based on their historical user-generated data. Those
models are validated with the use of a sample of 65 Twitter users from
London who shared their geo-location information while tweeting
over a period of fourteen months.

In Chapter 4 the models that return the willingness of each single user
to travel certain distances for participating at different types of joint
leisure activities given the time of the day are utilized for optimizing
the location and time of joint leisure activities. Given the complexity of
such optimization at a metropolitan area with hundreds of alternative
places of interest, a problem-specific stochastic annealing heuristic
search is introduced and it is implemented in an expanded set of 75
users from London while a set of comparison tests against state-of-the-
art Hill Climbing or Genetic Algorithms is performed.

After determining the optimal location and time of joint leisure activ-
ities, the effect on public transport services is analyzed. Attention is
given to demand-responsive public transport services that can change
their timetables, and more precisely the departure times of their trips,
for adjusting to the joint leisure activity demand without deteriorat-

FIGURE 2.2.: Methodology of the Thesis
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ing the level of service or increasing the total operational costs. This
problem is modeled in Chapter 5 leading to a non-convex, discrete
optimization problem subject to a number of operational constraints
that is computationally intractable. For this reason, a sequential evolu-
tionary algorithm is introduced and the departure times of the public
transport services are adjusted to the joint leisure activities” locations
and times in a heuristic manner. The potential improvement of joint
leisure activity passengers’ waiting times is showcased in a case study
of two bi-directional bus lines in central Stockholm, Sweden.

Finally, the planning of multi-modal trips for the joint leisure activity
participants based on personalized preferences is modeled in Chap-
ter 6 with the use different layers that represent different modes of
transport that potentially merge at interchange stops. Given the com-
plexity of the multi-modal shortest path problem under users’ pref-
erences, the problem formulation transforms users’ preferences to
optimization constraints with associated threshold values for moni-
toring the constraints’ satisfaction and a label-setting method is intro-
duced. The label-setting method performs a shortest path heuristic
search by exploring the combination of different modes of transporta-
tion; however, this method fails to scale in vast networks. Therefore,
a label-pruning method is introduced that works together with the
label-setting method for searching more efficiently the solution space.
To validate the computing cost and the accuracy of this methodology,
optimal multi-modal paths of users were computed on vast simulated
networks of up to 2,800 nodes and 30,000 links that emulate potential
networks of metropolitan areas.

Data Requirements and Data Processing

After presenting the methodologies that are described in detail in
Chapters 3-6, the data requirements for applying those methodologies
are analyzed. The main objectives are to indicate:

» which are the minimal data requirements for optimizing joint
leisure activities and implementing the methodologies described
in Chapters 3-6

» which are the potential data sources (including all alternative
options)

» which data sources are used in this thesis and why those data
sources are selected

» which were the obstacles on selecting the appropriate data

» how this data has been processed and what is the structure of
the utilized datasets

The data requirements for optimizing joint leisure activities and imple-
menting the methodologies described in Chapters 3-6 are presented in
Table 2.3.
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Capturing users’ willingness to travel cer-
tain distances for participating at differ-
ent types of activities

Historical User-generated Data of all per-
sons in a study area (i.e., a city) contain-
ing their geo-location traces and the ac-
tivities performed at each location

Optimizing the Location and Time of
Joint Leisure Activities

Historical User-generated Data of all per-
sons in a study area including informa-
tion about their social networks (i.e., the
list of friends and acquaintances of each
user with whom he/she is probable to
participate at joint leisure activities)

Adapting the departure times of Pub-
lic Transportation services to the Joint
Leisure Activity Demand

Real Time GTFS data of Public Transport
Services and User-Generated Data of all
persons in a study area as described in
the two above-mentioned cases

Multi-Modal Journey Planning of Joint
Leisure Activity Trips subject to person-
alized preferences

Topology of a study area. Travel times
of all links in the study area for all al-
ternative transport mode choices (i.e.,
bus, private vehicles etc.). Link travers-
ing cost and fuel consumption of each
link given the utilized transport mode.
Preferences of users together with the
origin-destination points of their trips

In addition, the data sources (and the potential alternative options) that
can provide the required data for implementing the methodologies
described in Chapters 3-6 in a metropolitan area are presented in Table

24.

Capturing users’ willingness to travel cer-
tain distances for participating at differ-
ent types of activities

Social Media Data of all individuals
in the study area including their geo-
location changes or Smartphone or per-
sonal navigator geo-location data from
all users in a study area

Optimizing the Location and Time of
Joint Leisure Activities

Social Media Data of all individuals
in the study area including their geo-
location changes

Adapting the departure times of Pub-
lic Transportation services to the Joint
Leisure Activity Demand

GTEFS data of Public Transport Services
and their operational constraints and So-
cial Media Data, user-generated Data of
all persons in a study area

Multi-Modal Journey Planning of Joint
Leisure Activity Trips subject to person-
alized preferences

Topology of a study area. Travel times
of all links in the study area for all al-
ternative transport mode choices (i.e.,
bus, private vehicles etc.). Link travers-
ing cost and fuel consumption of each
link given the utilized transport mode.
Preferences of users together with the
origin-destination points of their trips

Finally, the utilized data in this thesis is presented in Table 2.5 which
is followed by a discussion on why this data is utilized.

Detailing further the data requirements for each chapter, in chapter
3 the main scope is to capture users” willingness to travel certain dis-
tances for participating at different types of activities. As presented
in Fig.2.4, Social Media data of all individuals in one study area in-
cluding their geo-location changes or Smartphone/personal navigator

Table 2.3.: Data Requirements for a
Holistic Use-Case Application

Table 2.4.: Required Data Sources for a
Holistic Use-Case Application
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Table 2.5.: Utilized Data Sources in this
thesis for Methodological Validation

1: a common practice on Facebook,
Foursquare

Capturing users’ willingness to travel cer-
tain distances for participating at differ-
ent types of activities

user-generated tweets with geo-tagged
locations from 65 twitter users in London
over a 14-month period

Optimizing the Location and Time of
Joint Leisure Activities

user-generated tweets with geo-tagged
locations from 75 twitter users in London
over a 14-month period

GTFS data from two bi-directional central
bus lines in Stockholm, Sweden together
with the list of operational constraints
and Social Media Data, user-generated
Data of 62 persons in the study area

Adapting the departure times of Pub-
lic Transportation services to the Joint
Leisure Activity Demand

Multi-Modal Journey Planning of Joint
Leisure Activity Trips subject to person-
alized preferences

Topology of a study area. Travel times
of all links in the study area for all alter-
native transport mode choices (i.e., bus,
private vehicles etc.). Link traversing cost
and fuel consumption of each link given
the utilized transport mode. Preferences
of users’” undertaking trips together with
their origin-destination points

geo-location data from all users is required. This user-generated data
is required at the level of each individual for developing daily pat-
tern recognition models for each user that derive the daily pattern
mobility-activity patterns of individuals from their historical user-
generated data. For this reason, the geo-location of each individual
at each time where he/she travels between successive activities is re-
quired for understanding what was the origin of each trip and what
the final destination. Such information-rich data that includes the geo-
location of individuals can be provided from GPS-enabled devices
that belong to those users. Those devices can be GPS-enabled per-
sonal navigators/smartphones that record any spatial movement of
the smartphone holder or social media posts that contain information
about the actual geo-location of the user when he/she posts. Espe-
cially for the social media posts, the user should utilize a GPS-enabled
smartphone that shares his/her geo-location when he/she posts or
should provide information regarding his/her location manually via
location tags! .

This data should be retrieved from all users in a study area and, ideally,
should include all their data logs over a considerable period of time
(i.e., one year) for deriving their most common daily mobility/activ-
ity patterns and preferred traveled distances. Apart from those data
sources, cellular data from all users in a study area can be utilized but
offers lower accuracy regarding the locations of the users compared
to GPS positioning; and thus cannot pinpoint the specific locations
when a user performs certain activities. In addition, public transporta-
tion smartcard logs from users where the location of each tap-in and
tap-out is recorded together with the ID of the user can be utilized.
Nevertheless, if someone utilizes solely smartcard data in a case study
and implements the methodologies described in this thesis he/she
should be aware that he/she optimizes solely the joint leisure activ-
ity trips that are related with public transportation users and a large
percentage of trips within the study area that are served from other
means of transportation (including walking) are not considered.

At this point, it should be stated that it is very difficult in practice to
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acquire the high-granularity, user-generated data including all geo-
location changes of all users within a study area over a significant
time period (i.e., 1 year) based on the logs from GPS-enabled personal
devices. At first, only a very small fraction of users in a study area is
expected to use a personal navigator or a GPS-enabled smartphone
that tracks his/her moves all the time. Therefore, the approach of
utilizing posts from social media where individuals share also their
location information is preferred.

In this thesis, we considered the most commonly used social me-
dia such as Facebook/Instagram and Twitter as potential input data
sources for applying the methodologies of Chapter 3. Regarding Face-
book, each user is obliged to use a location tag when he/she posts
instead of providing his geo-location from a GPS-enabled device. More
importantly, mining the posts of users on Facebook in a data crawling
campaign requires the authentication token for each user’s profile.
This authentication token is private for each user and can be provided
only upon request limiting the potential of retrieving all posts from
all users of a study area. In contrary, posts on Twitter are publicly
available (all posts from a user can be seen from all other users and
there are no privacy restriction categories such as appearance of a post
only in a closed group of friends etc.).

Due to the above, this thesis focused on data crawling campaigns on
Twitter. The methodology for retrieving automatically users” willing-
ness to travel certain distances for participating in different activity
types over different days and times is tested for 65 twitter users resid-
ing in London after processing their publicly available, user-generated
data including geo-tagged locations and time stamps of their inter-
actions. The dataset contains a sum of 6,400 interactions collected
through a crawling campaign from November 2012-January 2014. Ide-
ally, all twitter users within the study area (London) should have been
included in the data but in this thesis only 65 users were utilized. The
reason behind this is that many twitter users post tweets without in-
cluding their geo-tagged locations. Therefore, one cannot use those
tweets to understand where the user is at the moment of tweeting and
when he/she moves from one location to another to establish a set of
mobility /activity patterns.

In practice, even if a large portion of Londoners tweet only a small
fraction of them satisfied the two basic principles for the inclusion
in the data sample. Those two principles are (1) the activeness (one
individual should be an active twitter user with several tweets on an
average day for at least a 4-month period for tracing his/her location
at different times of the day and start developing his/her daily mobili-
ty/activity patterns) and (2) the geo-tagging of the posting location.
Especially the last requirement of accepting only users with a vast
majority of geo-tagged tweets limited a lot the number of Londoners
which were included in the data sample because only a small portion
of twitter users tweet from a GPS-enabled smartphone and permit the
location of their tweet to be posted along with their tweet. The main
reason is that each twitter user has to navigate his twitter account and
select manually the option that permits the sharing of the geo-tagged

19



20 2. Background Theory and Methodology

FIGURE 2.3.: Users can share publicly
the geo-tagged location of their tweet
when utilizing a GPS-enabled smart-
phone by selecting "Add a location to
my tweets"

FIGURE 2.4.: Data Mining and Filtering
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location of his/her tweets in public which is not common because
most users are unaware of that option or are concerned about their
privacy (refer to Fig.2.3).

Based on the upon criteria, a set of twitter users in London were
scanned and 65 of them were initially selected for implementing the
methodologies of Chapter 3. For the data mining part, a script written
in Python 2.7 is developed. Several libraries for authentication and data
conversion are utilized (json, simplejson, oauth?2, httplib2). In addition,
Python Twitter, which is a Python wrapper around the Twitter API, is
utilized.

The Python script is able to get the user Timeline information and
return the most recently published 250 tweets. Each user’s Timeline
is stored later on in a csv file. The entire information of one gener-
ated tweet is stored (namely: "User’s Name"; ‘Latitude’; "Longitude";
"Place Name"; "Message ID"; "Source (i.e., smartphone, web, instagram
etc.)"; "Timestamp (time, day, month, year)"; "Embedded Text (pub-
lished micro-blogging content)"). Only the samples of active Twitter
users who tweeted actively for at least 4 months and shared their

geo-location information were considered.

Python 2.7 script Twitter API

Filtering

Agent_1 Agent_65

A

Name; Lat; Lon; Place; MessagelD; Source; Timestamp; Text
Name; Lat; Lon; Place; MessagelD; Source; Timestamp; Text
Name; Lat; Lon; Place; MessagelD; Source; Timestamp; Text

At least 4-month data

Row 90

All 65 London are selected for analyzing individuals from only one
region (i.e., city) which serves as a test zone. Focusing on the 65 twitter
users who share geo-location information publicly, the followings are
achieved: 1) by knowing the coordinates of a visited place from a
user, the place is labeled and one knows the frequency and the exact
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times when a user returns at the same place; so one can categorize
the place into home location, fixed, quasi-fixed and flexible activity;
2) the Point of Interest associated with the re-visited place can be
retrieved with the use of maps (i.e., location coordinates reveal that
it is an office, shopping center, university etc.) thus facilitating the
validation of associating locations to activities; 3) the distance (either
great-circle distance or traveled distance) between different places can
be computed via using their geo-location.

However, limiting the search into users who share fully their geo-
location information at all times introduces limitations to the sample
collection. For instance, although Londoners use Twitter, it was ob-
served that only a small fraction 3-5% had enabled the Tweet Location
Feature on his/her Smartphone for sharing geo-location information
while tweeting as described above. In future, the number of studied
individuals can be increased via anticipating more Twitter users to
activate the geo-location information sharing feature or by fusing user-
generated data from smartcard logs and personalized navigators for
increasing the sample representativeness. By working on a targeted
sample of users with information-rich data though, one can draw gen-
eral conclusions about their joint leisure activity participation and how
it can be improved even if drawing general conclusions at the city
level is not possible? .

After the data requirements of Chapter 3, in Chapter 4 methodologies
for optimizing the location and time of joint leisure activities are de-
veloped. Those methodologies are based on optimizing the utility of
activity participants; therefore, data sources from Chapter 3 can also
be used in Chapter 4. Nevertheless, there is a significant difference that
reduces the alternative data source options. Chapter 3 focused mainly
on capturing individuals willingness for traveling certain distances to
participate at different types of activities which requires individual-
level geo-location data over a significant time period from the users
in the study area. In Chapter 4, the optimization of location and time
requires further information about the social networks of each user
(the full list of friends and acquaintances of each user) because users
should have some form of relationship to participate at joint leisure
activities. For defining the social network structure of each individual
and understanding with whom he/she has high chances to participate
at common activities more qualitative information is needed. For ex-
ample, smartcard logs provide information about the geo-location of a
user and how he/she moves in the city with the use of public transport
but they fail to provide any information about his/hers friends and
acquaintances with whom he/she can participate in common activities.
The same is true if we utilize solely the geo-location traces of users
from their personalized navigators or their GPS-enabled smartphones
since there is no information about potential friends with whom they
participate at joint leisure activities. In contrary, Social Media have the
advantage of providing richer qualitative data about the user because
they hold information about the demographic characteristics of the
user, the list of his friends and acquaintances and the level of close-
ness of the relationship of each user with his/her friends. In addition,
oftentimes social media posts include tags of two or more persons

2: Given the length of the 6400 posts that
are collected from the 65 users over a 14-
month time period, only a sample from
the posts of one user is presented to pro-
vide an idea about the structure of the
data.
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3: 10 more users compared to chapter 3

indicating that at a specific geo-location a joint leisure activity took
place.

Therefore, for optimizing the location and time of joint leisure activities
with user-generated data the need of Social Media data sources is
stronger that it was for simply capturing the utility satisfaction of
users at participating at activities at different places and times of the
day.

As described before, twitter was selected among the different social
media options as a main data source because a number of users post
geo-tagged tweets and there are no authentication requirements for
retrieving those tweets with the use of the Twitter API. The Python
Twitter, which is the Python wrapper around the Twitter AP, is also
utilized at chapter 4 for getting the user Timeline information and
return the most recently published 250 tweets. Among all the retrieved
information of users, raw data processing was performed in the same
lines with chapter 3 with the additional requirement that the selected
users have some kind of relationship (have exchanged tweets and
are tagged together at similar locations). London is again selected as
the study area and a more intense data crawling campaign resulted
to the selection of 75 twitter users that satisfy the above-mentioned
requirements® .

At this point, it should be noted again that the utilized raw data for
implementing the developed methodologies in chapters 3, 4 do not
cover all users in the study area (London) but a small fraction of them
because of the very demanding data requirements. Nevertheless, there
is no loss on generality due to that and the developed methodologies
can be implemented in other study areas/cities in the exact same
manner. For instance, if in future more twitter users share their geo-
tagged locations publicly and tweet more actively in some study areas,
then one can form bigger data samples with several more users and
implement the same methodologies described in chapters 3, 4. This is
very important because there is no need for generating a new set of
methodologies for serving the specific needs of each study area.

After that, the data requirements in Chapter 5 are linked with the
developed methodologies for adapting the departure times of pub-
lic transportation services to the joint leisure activity demand. For
this purpose, as described in Fig. 2.4, GTFS data of public transport
services and their operational constraints are required together with
user-generated geo-location data of all persons in the study area. For
changing the departure times of public transport services without
affecting the operational constraints, information regarding all those
operational constraints should be provided (for instance, the manda-
tory resting times of drivers after each trip completion, the lowest and
highest acceptable levels for the service frequency). In addition, GTFS
data regarding the examined public transport operations should be
provided for deriving the scheduled arrival times of the trips at each
stop over the day and the topology of the network.

Given the above data requirements, in this thesis GTFS data from
Sweden including the planned schedule of public transport modes
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File Name Size File Name Size

agency.txt 5KB stop_- 242,000KB
times.txt

calendar.txt 17KB stops.txt 6,384KB

calendar_dates.txt 890KB transfers.txt  1,020KB

routes.txt 218KB trips.txt 11,628KB

for the period 13 February 2016 - 17 June 2016 is utilized. The data
includes the files of Table 2.6 and also information about the lowest
and highest starting headway limits between successive trips. Working
on the same study area in all chapters provides more homogeneity,
but:

» the diverse and demanding data requirements of each chapter
» the nature of the methodologies of this thesis which can be ap-
plied at different study areas without loss of generality

led to the selection of another study area (Stockholm, Sweden instead
of London, UK) for implementing the methodologies of chapter 5.
The reason behind the selection of Stockholm is the publicly available
API for downloading files in the standard GTFS format of all planned
public transportation trips throughout Sweden* .

To derive the planned schedules of public transport modes, a library
was developed in Python 2.7. The library processes .txt files and con-
verts/stores them to an SQL database. This facilitates data queries
and enables web-based visualization of the public transport opera-
tions with the use of OpenStreetMap (via OpenLayers, an open-source
JavaScript library® ). The developed Python GTFS library: i) converts
.txt files to sql database tables, ii) can query public transport routes
from the database tables, iii) creates new files containing the planned
trips for each route in ascending order (starting from the earlier morn-
ing trip to the latest night trip).

After applying the Python GTEFS library, the planned trips for every
public transportation service are sorted and for each trip one can
get the planned arrival time at every station. In particular, the the-
sis focuses on two key central bus lines in Stockholm which are bi-
directional (lines 1 and 4) and can be seen as 4 independent services
because every line direction has another structure and another set of
constraints. Those are bus service 1 (bus line 1, direction 1 (Essinge-
torget to Stockholm Frihamnen)), bus service 2 (bus line 1, direction 2
(Stockholm Frihamnen to Essingetorget)), service 3 (bus line 4, direc-
tion 1 (Gullmarsplan to Radiohuset)) and service 4 (bus line 4, direction
2 (Radiohuset to Gullmarsplan)). In Fig.2.5 the stops of the central bus
lines in Stockholm are presented for reference purposes.

Apart from public transportation data, the data of travelers that are
heading to joint leisure activities is also retrieved with a twitter crawl-
ing campaign in the study area of Stockholm. For those users, the
geo-tagged locations of their tweets should also be known and, finally,
only the geo-location information from 62 individuals from Stockholm
is selected. Those 62 individuals are selected according to the following

Table 2.6.: GTFS data files and size (total
size: 0.25GB)

4: Tt can be accessed at https://www.
trafiklab.se/api/gtfs-sverige-2.

5: http://www.openlayers.org/api/
OpenLayers.js
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FIGURE 2.5.: Central Bus lines in Stock-
holm - Network Representation of bus
lines (source: http://sl.se/ficktid/

karta/vinter/SthlmInnerstad.pdf)
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criteria: i) they change geo-location outside working hours (from 15:30-
19:30); ii) the location they are heading is not related to work/home,
but it is a leisure activity location for them; iii) their travel origin is
within walking distance from at least one bus station of lines 1 and 4;
iv) they arrive at the location of the joint leisure activity within a time
variance of less than 25min.; therefore, it is assumed that they partic-
ipate in the same activity. Criterion (iv) is the strongest assumption
since multiple joint leisure activities can occur nearby concurrently.
However, by depending solely on Twitter data one cannot justify the
potential splitting of a joint leisure activity into multiple concurrent
ones with a high degree of confidence. The assumption (iv) would
have been avoided if users were always tagged together at the same
post at the joint leisure activity location, but such tags are not very
common. For this reason, revealed-preference surveys could have been
used for those 62 individuals in order to elicit information regarding
the number of the common activity participants and avoid assumption
(iv). However, one should be aware that revealed preference surveys
are labor intensive and cannot scale up for covering the entire study
area population.

Finally, the data requirements of chapter 6 are related with the multi-
modal journey planning of individuals who are willing to travel be-
tween two points for participating at a joint leisure activity. In this
chapter each transport mode is modeled via a layer-based system and
the entire study area transport network is represented with the integra-
tion of different layers of a GIS system. For this reason, the topology
(i.e., location of intermediate stops) and schedules of different trans-
port modes should be provided for the development of such system.
Based on that, the transportation network is modeled as a set of nodes
(stops) which are connected with links. One important characteristic
is that one might be able to travel from one node to another with the
use of different modes (walk, drive, use public transport etc.). There-
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fore, there is not only one link that connects two nodes because there
might be multiple transport mode options that connect the same nodes
and each transport mode connection is represented by a different link.
The main data requirement for implementing this layer-based system
that utilizing nodes and link connections is the additional travel time
information of each link for different times of the day and the fuel
consumption while traversing that line. In addition, for considering
also the user’s preferences on selecting the optimal path, each user
should also provide data regarding:

» the maximum distance that the he/she is willing to walk

» the maximum distance that the he/she is willing to travel

» the maximum transfers between different transport modes that
he/she is willing to perform

» any potential transport modes that he/she is not willing to use

Therefore, there is a broad set of information regarding the (a) transport
network of the study area (the travel times and the fuel consumption
while traversing each link) and (b) the users’ preferences such as the
maximum walking distance, the maximum number of transfers and
the exclusion of transport modes. The challenge behind solving the
joint leisure activity multi-modal trip optimization subject to the set of
traveler preferences is computational as described in chapter 6 given
the the vast set of alternative links in a study area that can be combined
for performing a trip. As a result, the methodologies of chapter 6 are
focused on this direction and are general enough for enabling their
application to different study areas (i.e., different cities) with the only
requirement to modify the data input accordingly.

Given the large and heterogeneous data requirements of chapter 6 from
both the transport network’s topology /operations and the travelers’
preferences, several validation tests are implemented on randomized
networks that contained 100, 200, 300, 400, 500, ..., 3000 nodes-stations.
In order to minimize the effects of the optimal multi-modal journey se-
lection due to the networks’ topology, both sparse and dense networks
were examined. The execution environment of each randomized net-
work test is described by its number of nodes, the number of links, the
level of density, the number of transportation modes and the number of
constraints (Table 2.7 summarizes the details of the utilized networks
in this thesis). Each link connects an origin with a destination node via
a distinct transport mode and more links than one may connect the
same origin-destination pair. The traveler preferences are also set with
the use of randomized maximum values (constraints) regarding the
total travel’s fuel consumption, covered distance, walking time and
number of transfers. Those maximum values that represent the users’
preferences can be simply updated in practical applications with the
use of individual-level data from revealed preference surveys.

25
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Table 2.7.: Density of Randomized net-
works and Users’ Preferences (repre-
sented by Constraint Values)

Randomised Network

Network Purpose- Ratio of Number Number Limits of Con-
Nodes Built Nodes/Links of of Con- straints (units)
Links Modes straints

100 1000 10.00% 2 4 15.6/135/19/1
200 2009 9.95% 3 4 13.6/115/17/2
1000 11000 9.25% 3 4 15.4/1229/15/5
1400 14000 10.57% 4 4 22.5/186/13/4
1600 16000 10.38% 4 4 31/285/25/2
1800 18000 10.18% 5 4 66/470/34/3
2600 26000 10.41% 5 4 200/1550/18/2
500 26000 1.98% 3 4 10.7/91/11/3
300 20400 1.47% 3 4 2/12.4/21/2
400 24000 1.67% 4 4 6/39.6/23/3
2800 28000 10.25% 6 4 89/540/14/4
3000 30000 10.08% 6 4 161/1040/28/3
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Regardless the posed challenges, user-generated data can be utilized to
improve our understanding on human mobility and develop individual-
level models for capturing the mobility and activity habits of individu-
als.

Building on top of the basic assumption of Activity-based models

(refer to [5] , [6], [7], [8]): "individuals’ trips are means to participate [5]: Axhausen et al. (1992), ‘Activity-
in activities and are not undertaken without purpose due to their based approaches to travel analysis’
inherent dis-utility", the potential of utilizing more detailed, user-

generated data for understanding users’ willingness to travel in order

to participate in different sets of activities during different day times

and day types (i.e., weekdays/weekend) is examined.

In a first stage, users’ data logs are examined and their mobility and
activity patterns are retrieved automatically after a learning phase.
Later on, a utility-maximization model is developed for capturing
users’ willingness to travel a certain distance for participating in dif-
ferent types of activities via an individualistic, utility-maximization
model. Finally, users with commonalities are clustered based on their
willingness to travel similar distances for participating in certain types
of activities.

In the literature, [69] utilized SM data for capturing the demand vari- [69]: Pereira et al. (20141), ‘Using data
ation during special events and [9] utilized MP data for correlating from the web to predict public transport
the mobility patterns of an individual with the mobility patterns of arrivals under special events scenarios
his friends and acquaintances. In the study of [28] and [29] Bluetooth

devices were distributed to people to collect mobility data and study

the characteristics of co-location patterns among people. In addition,

[14], [15], [3], [18], [19], [17] and [70] , utilized MP data for predicting [70]: Shang et al. (2012), ‘Predicting

dynamic transportation demand with
mobility data’
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FIGURE 3.1.: Work Structure
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Model for Clustering users with similar activity-participation profiles

the mobility patterns of individuals. However, little has been done in
the area of activity-participation analysis which can facilitate the devel-
opment of new applications for suggesting common activities to users
with social ties based on their willingness to participate simultaneously
in similar activities being held in nearby locations.

Real-time processing

In more detail, there is no systematic way for utilizing BigData for cap-
turing and later on modeling individuals” willingness to travel certain
distances for participating in activities over different time periods. At
first, an individual-level analysis on the potential of user-generated
data towards that direction is required and this work contributes on
that via introducing models for unfolding individuals’ decisions based
on pattern recognition and models for estimating the distances individ-
uals” are willing to travel for participating in certain types of activities
via utility-maximization techniques which facilitate the identification
of similarities among travelers. Another contribution is that apart from
analyzing HBW trips which are usually captured by household sur-
veys, new activity types can be investigated since user-generated data
offers continuous feeds that can be utilized for analyzing more detailed
trip purposes.

In view of the above, a set of techniques for processing user-generated
data in order to capture the willingness of users to participate in certain
types of activities are introduced (refer to Fig.3.1).
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3.1. Daily Pattern Recognition Model

Forecasting Individual’s Mobility based on Pattern
Observation

Continuous updated, user-generated data is utilized to capture less
frequent trips and improve the understanding of individuals” mo-
bility behavior. Revealed preference surveys are typical methods for
capturing individual’s mobility patterns over time. Nevertheless, the
information provided from surveys is static - even if the form of the
survey is detailed including questions about mobility variations from
day to day. Although static information is adequate for capturing
individuals” main trips (i.e., trip to and from work), it fails to cap-
ture the change on users’ behavior over time and the participation to
non-recurrent activities.

In general, user-generated data includes geo-tagged locations and the
time stamp of users’ interactions. In this section, a Pattern Recognition
Model (PRM) is proposed with a dual scope: a) to process automati-
cally mass volumes of user-generated data and capture users’ mobility
patterns; b) to link activity types to geo-tagged locations based on
spatio-temporal analysis of users’ interactions. The PRM utilizes data
from one individual’s interactions over a significant time period and
retrieves his/her preferences. New data feeds are also handled auto-
matically by the PRM yielding an improvement of capturing users’
patterns.

The PRM of one individual is a model that describes the mobility
patterns of an individual in a probabilistic form, considering also the
activity dimension and not only the location information. The values
of the parameters of one individual’s PRM are defined after a learning
phase by utilizing user’s data logs. The spatio-temporal mobility and
activity patterns of a user during different day types (week-weekend
days) are defined after a learning phase:

N([/ kl t/ Lml An)

P, k,t, Ly, Ap) =
( " Vl) ZAneA ZL,,, en N(I/ k/ z, Lmr An)

(3.1)

, where N(I,k,t,L,,,A,) is the number of times that user / was in
location L,, and participating in an activity A,, at time ¢ and day type
k.

Matrix P has [I x k X t X L,,, X A,] elements showing which is the prob-
ability of a user to be in a location and participate in an activity for
different times and different day types. Those probabilities are cal-
culated after accumulating the mobility footprint of a user over time
derived from his/her SM interactions.

Ower time refers to the aggregation of time instances at which the user
generated social media content. This is not a static time period and its
duration differs from individual to individual. This thesis studied user-
generated data which was consistently generated over more than one
year’ forming a time period of 14 months. Nevertheless, a portion of

7: November 2012 — January 2014
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individuals remained inactive for some time periods and their mobility
patterns were constructed from a condensed dataset. To that point, it
should be mentioned that two threshold values were introduced to en-
sure the quality of data when retrieving individual’s mobility footprint.
The first threshold was the time period of interactions (all individuals
who were active for less than 4 months were excluded). Hence, the
lower bound was set to a 4-month period of interactions. The second
criterion was the volume of data. In that case, each individual should
have more than ninety (90) interactions at which he/she shared also
his/her geo-location; otherwise, the individual was excluded from the
sample.

Having calculated one individual’s probability of being at a particular
location and participating in a particular activity for a time ¢ and day
type k, the daily activity plan of the individual can be generated via
deterministic modeling by using single point estimates, where the
output is a sequence of states (refer to Fig.3.2).

Nevertheless, even if there is a high probability for a user, I, to be
present in a location L,, at time ¢, his/her previous location should
also be taken into consideration without resulting though to a pure
no-memory process (Markov Chain). If the user was at location L,,_;
during the previous simulation time step and there is no observed
travel history from location L,,_; to L,,, then the user cannot be as-
signed to location L,, at time 7. To model that effect, the transition
probability over two consecutive time instances is introduced:

ajj = P(S;41 = qj1S: = qi) (3.2)

where the transition probability returns the probability to transfer from
state g; to state g;.

Let assume that the individual is at location L,, and participated in
activity A,, at time 7. At time ¢ + 1 the individual is highly probable to
be at location L,,;; and participate in activity A,.+1 according to the
probability matrix; hence, this option might be the current single point
estimate. Nevertheless, if the transition probability for transferring
from L,,,, A,, to L,,41, A,41 at time ¢ is zero such transfer is not allowed
and the next candidate is selected. Therefore, the transition probability
is utilized as a check point for re-assuring that the proposed transition
is feasible.

Linking Activity types to visited Locations

Deriving the activity type performed in a particular location by a user
is another issue. Based on one individual’s interactions on different
locations and at different day times and day types, users” mobility
patterns can be identified. For instance, Fig.3.3 shows one user’s in-
teractions over time (x-axis), space (y-axis) and level of re-currency
(z-axis), where F; is the distance of a location from the home of the
examined user in km.
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FIGURE 3.2.: Simulating the Mobility
Trajectories of a Random Individual over
two Weekdays
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0 ) als” mobility patterns over time, where
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Individuals depart and arrive at locations to participate in activities.
However, the same location can be the home for one user, the work
place for another and the location of a flexible activity for a third. Due
to that, users’ interactions over a significant time period are analyzed
and for each user, I, every visited location, Ly, is assigned to an activity
type:

AL L) = Ap, (3.3)

, where

A1 : Home

A : Fixed Activity

Az : Quasi-Fixed Activity
Ay : Flexible Activity

, I is the ID of the examined individual and L,, € A is the identification
number of the location.

Fixed activities are recurrent activities such as work, school, university,
language classes, gym, etc. Quasi-fixed activities have a recurrent
nature with lower frequency (i.e., the location of a favorite restaurant,
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park etc.) while flexible activities are linked to non-habitual, recreation
activities.

In order to associate a location with the "home activity" of a user,
A(l, L) = Ay, let:

1 if an individual generates data at time ¢ and day
Ak = X
0 if there is no interaction

Letalso Y = {yi'k, Vo e ¥}, where

. 1 if an individual is at location L; at time ¢ and day
=1k
0 in all other cases

Moreover, let

ik {1 if k is a weekday
0 if k is weekend day

If someone examines the temporal variations of SM users’ interactions,
he/she will observe that there is a time period at which users are
inactive. After analyzing users’ data from many weekdays, the time
period of in-activeness for each user can be estimated. During that
period, we assume that the user is located at home and performs an
activity that does not require action (i.e., relaxing/sleeping).

A lower bound Maxr is set as the latest time at which an individual
generated content and is derived after examining his/her interactions
over time. Furthermore, Miny is set as the upper bound and it is the
earliest time in the morning at which an interaction is observed.

For deriving the location linked to home activity automatically, it is
assumed that individuals interact more from locations close to their
home early in the morning and late at night during weekdays. There-
fore, if location L; is assigned to the home activity of a user, then it
should satisfy the following inequality:

k=Dpny t=Mint +2hr k=Dpy t=Maxr

Z Z Yf’kwt'k + Z Z y;’kw”k >

k=D t=Minr k=D; t=M axt-3hr

k=D t=Min+2hr k=Dpy  t=Maxt (34)
Z Z yf’kwt’k + Z Z yl”kw”k VYL € A

k=D t=Minr k=D t=M axt-3hr

This rule is derived after applying computational learning to the users’
datasets and is modifiable based on the observed data of citizens when
studying different cities/areas. In this work, the rule was generated
after studying Social Media data from 65 users in London collected
from November 2012-January 2014 containing 6,400 interactions. This
rule had an accuracy of 92% on assigning users’ home activity to
the correct location. Results are presented in Fig.3.4 where the y-axis
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shows the distance between the estimated and the real home location
in km.

To calculate the distance of other locations from the locations linked to
the home activity, the Haversine formula is utilized. Therefore, the dis-
tance between the location L; of a location and the Home location, L,
is set as F; (in km) after its computation with the Haversine formula.

The Harversine formula is utilized in order to introduce a method for
distance calculation and comparison of distances willing to be traveled
by users to participate in different activities. This work proposes also
a simple categorization into four generic activity groups in order to
link locations with activities while maintaining a high level of accu-
racy. Fixed-activity centroids are recurrent locations that satisfy the
following criterion:

k=Dps t=tn k=D t=tnN
DY k=010 Y Atk (3.5)
k=D; t=t k=Dy 1=y

Similarly, quasi-fixed activity centroids are locations that accumulate
less than 10% but more than 5% of the total number of the user’s
interactions and flexible activity centroids those accumulating less
than 5%.

3.2. Utility Maximization Model for capturing
users’ willingness to travel a certain
distance in order to participate in
different activities

Individuals select to participate in different types of activities at dif-
ferent times of day based on a decision-making mechanism that seeks
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FIGURE 3.4.: Home Activity Estimation
Errors
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Table 3.1.: Density of Randomized net-
works and Users’ Preferences (repre-
sented by Constraint Values)

to maximize their level of satisfaction. In an attempt to model the
decision-maker’s choice of traveling a certain distance for participating
in a certain type of activity, a utility function is defined. To decompose
the activity selection model, a time discretization scheme is adopted
where each time step lasts for one hour. Time is indexed by ¢ = {1, ..., T’}
and the choice options are indexed by j = {1,...,J} where F; is the
traveled distance between two consecutive activities.

: F; < 250m

:250m < F; < 500m
:500m < F; < 750m
:750m < F; < 1km
:1km < F; < 1.5km
: 1.5km < F; < 3km
:3km < Fj < 5km
:5km < F; < 10km
: Fj > 10km

~
Il
O 0 N N U W N e

For each day type, an index of satisfaction for participating in different
activity types with respect to their distance from the previous location
is defined in the form of a linear utility function:

Vij(k) = aj(k) + Bj(k)A: (k) (3.6)

In the above notation, A,(k) varies across different times of the day
and represents the activity type (home, fixed, quasi-fixed or flexible)
in the form of a categorical variable. In addition, « is a scalar utility
term representing individual’s preference for alternative ;.

For modeling the qualitative attribute, A,(k), a 0 — 1 attribute scheme
is introduced with coding convention as presented below.

Za 7] 2y
Home 0 0 0
Fixed 1 0 0
Quasi-fixed 0 1 0
Flexible 0 0 1

and Eq.3.6 results in:

Vij(k) = a;j(k) + Bj1(k)za,i (k) + Bj2(k)zp (k) + B 3(K)Zy,. (k) (3.7)

The random utility of alternative i, U;(t, k), for an individual can be
described by a random utility model:

Uij(k) = Vij(k) + € (k) (3.8)
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where (k) is the unobserved component of the utility function and
can be represented as a random variable since it includes the impact
of all the unobserved variables which influence the utility of selecting
a specific alternative.

With the assumptions that errors follow a Gumbel distribution, are
independent and identically distributed, the probability of selecting
an alternative P;;(k) can be expressed via a multinomial logit model:

Pii(k) = P{Vyi(k) + (k) 2 maxjeq,. 1y Vie(k) + €;(k)
Vii(k) (3.9)
Z«]’:zl thj(k)

Other assumptions, such as Thurston assumption which leads to a
probit model can be utilized. In our case though, it is assumed that
errors follow a Gumbel distribution yielding a multionomial logit
model which has been also used extensively in problems related to
transport mode choice. In more detail, it is assumed that alternative
options are different to users and that a newly introduced alternative
expanding the choice set will not change the preference of a prior
alternative towards other prior alternatives. In other words, the rela-
tive probabilities of selecting a quasi-fixed or a fixed activity do not
change if a flexible activity is added as an additional possibility. This
case might not hold if the individual pre-plans not one, but several
inter-correlated activities at once; however, in this analysis we are
not considering that instance since in each time index is selected one
activity.

The parameters to be estimated are the terms «;(k), 8;(k) for each indi-
vidual. Since the entire set of users’ interactions is not available, the
parameters can be estimated by maximizing the likelihood function.
To estimate the MNL model, the maximum-likelihood estimator is
required and it is the same regardless of whether one maximizes the
likelihood or the log-likelihood function, since log is a strictly monoton-
ically increasing function. The log-likelihood of user’s activity-mobility
observations at time ¢ and day type & is:

-

U(a;(k), Bi(k)) = yejln(Pyj(k))

(3.10)

~

1~ LD~
~
Il
N

yej (Vej(k) = In Z Vi ®))

J=1

-

~
Il

iy
~
1l

—_

where y;; = 1 if the individual chose alternative j at day type k and 0
otherwise.

The observed values of the traveled distance by the examined user
are computed by calculating the distance between user’s location
at time instant  and day type k and the observed location at time
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[71]: Berndt et al. (1974), ‘Estimation and
inference in nonlinear structural models’

t—1et={1,..T}and at the same day using the Haversine formula.
Then, parameters a;(k), B8;(k) are estimated as the values that maximize
the log-likelihood function:

ojhax £(aj(k), Bj(k)) (3.11)

resulting to a non-linear optimization problem for which the optimiza-
tion algorithm BHHH proposed by [71] is applied. BHHH estimates
coefficients through optimization when a non-linear model is fitted
to data. The coefficient values are updated in an iterative approach
beginning with a starting set of values and iterations continue until
convergence.

3.3. Clustering Users based on their Utility
Model Similarities

After deriving users’ patterns and their utility models, user profiles
are clustered based on their willingness to travel similar distances to
participate in certain activities.

In the clustering phase, users’ are treated as entities with no personal
information via utilizing a randomized ID as the only identification
label for each user.

In order to compute the distance between two users, we compare the
distance between their utility-maximization models over time. The
distance represents the similarity of users’ willingness to travel similar
distances for participating in similar activities.

For instance, the probability of traveling a distance (0.25km, 0.5km]
for participating in a quasi-fixed activity at time ¢ and day type & is
calculated based on the utility-maximization model of each user. Then,
the probability is compared with the same probability calculated for
another user and the observed divergence is the distance between
those two users (user-couple). Comparing the probabilities of a couple
of users for traveling a certain distance range for participating in a
similar activity over time t+ = {1,...,7} and different day types, k,
returns the probability distance between that couple:

2

|Am | Vllftj (k) Vlz,rj(k)
e ¢ (3.12)

1 T J
CLnp, = |A, T ZZ Z

k=0 1=0 j=1 A,y=0

J Vi) T Vi ek
Zr:1 e Il/”( ) Zr:l e 12,rr( )

, where I and I are the pseudo-IDs of the compared users, k the day
type (in our study we consider two day types: week-weekend), ¢ the
time and T = 23 if an one-hour time discretization scheme is applied,
A the activity type and:
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a;(k) - if A,, = Home

a;j(k)+ Bj1(k)zq,(k) : if A, = Fixed

aj(k) + Bj2(k)zg (k) : if A,y = Quasi-Fixed
(k) + Bj3(k)zy (k) : if Ay, = Flexible

Vij(k) =

The distance CL;, ;, can be computed for all user couples I;, I, € I
resulting to a N x N square matrix:

CLoo CLyy -+ CLgna
[CL]=| CLjo CLj, CLj N1 (3.13)
CLy1po CLy1 -+ CLy-1na1

On a second stage, the Density-based Spatial Clustering of Applica-
tions with Noise (DBSCAN) proposed by [72] for users’ clustering
based on probability distance is utilized (refer to Alg.1).

Algorithm 1: Modified DBSCAN for users’ Clustering based on CL
distance
Set a threshold CL distance value, T below which users are
assigned to the same cluster;

Set a counter i=0;
Initialize an array Q = @ for tracking users’ IDs;
for each user u ¢ Q do
0 =0U{u};
Seti=i+1;
Initialize a new Cluster C; = @ and set C; = C; U {u};
for every user v|CLy, < 7 do

C=GuU{v};

0=0u{vy
end
end
In the second stage of DBSCAN implementation, clusters that

include similar users are merged;

while G;NCj = @ foralli, j do

if user v e C; and v € C; then

| Merge clusters: C; = C; UC;;

end

end

The results of clustering depend on the sequence of the selection of
SM users, u € Q, in Alg.1. The optimum set of clusters can be selected
automatically via setting a threshold value m € Z, which terminates
the implementation of Alg.1 if more than m clusters are generated.

[72]: Ester et al. (1996), ‘A density-based
algorithm for discovering clusters in
large spatial databases with noise”
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8: at least 4 months

3.4. Retrieving users’ willingness to travel for
participating in different activities

The model system for retrieving automatically users” willingness to
travel certain distances for participating in different activity types over
different days and times is tested for 65 Social Media users residing
in London after processing their publicly available, user-generated
data including geo-tagged locations and time stamps of interactions.
The dataset contains a sum of 6,400 interactions collected through a
crawling campaign from November 2012-January 2014 and the gender
and age categories of the sampled SM users is presented in Fig.3.6.

London was selected for analyzing individuals from only one region
(i.e., city) which will serve as a test zone. In future, one can test also
whether user-generated data, generated at the same region from ex-
ternal sources (i.e., Smart Card logs) can be fused with Social Media
data logs to increase the sample size of the analysis. Nowadays, the
open-data policy of Transport for London offers the collected Oys-
ter Card data logs to the public, but they miss the characteristics
of user-generated data feeds since they are pre-processed to ensure
anonymization. Oyster Card data logs are stored as scattered trips
among public transport stops without linking them to the passengers
who undertook those trips. This hinders the analysis of travelers’ daily
patterns since there is no information regarding trips” ownership.

By restricting the research area to London, the main focus is placed
on Social Media users who share geo-location information publicly
because this was vital for the scope of our activity for the following
reasons: 1) by knowing the coordinates of a visited place, the place
is labeled and one knows the frequency and the exact times when a
user returns at the same place; so one can categorize the place into
home, fixed, quasi-fixed and flexible activity; 2) the Point of Interest
associated with the re-visited place can be retrieved with the use of
maps (i.e., location coordinates reveal that it is an office, shopping
center, university etc.) thus facilitating the validation of associating
locations to activities; 3) great-circle distance among different places
can be computed via using their geo-location.

However, limiting the search into users who share fully their geo-
location information at all times introduces limitations to the sample
collection. For instance, although Londoners use Twitter, it was ob-
served that only a small fraction 3-5% had enabled the Tweet Location
Feature on his/her Smartphone for sharing geo-location information
while tweeting. The Tweet Location Feature on Smartphones is off by
default, and the majority of Twitter users are not aware of its existence
at all or they refuse to activate it for mitigating data privacy risks. Due
to that, the main focus was on active Twitter users from London who
had a GPS-enabled Smartphone and had the Tweet Location Feature
activated when tweeting. On a second step, only users who tweeted
actively over a significant time period® more than ninety (90) times
were considered in order to obtain enough historical data for pattern
recognition. Since the research scope was focused on understanding
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mobility at the individual level, only healthy samples of information-
rich user-generated data were gathered instead of crawling Social
Media blindly and storing information with little relevance to the
topic. In future, the number of studied individuals can be increased
even by anticipating more Twitter users to activate the geo-location
information sharing feature or by fusing user-generated data from
Oyster Card logs with Twitter data for increasing the sample repre-
sentativeness. Hence, by working on a targeted sample of agents with
information-rich data one can draw general conclusions about individ-
uals and their pattern similarities towards activity participation while
avoiding drawing general conclusions at a higher level (i.e., insights
on mobility patterns in London).

For the data mining part, a script written in Python 2.7 was developed.
Several libraries for authentication and data conversion were utilized®
. In addition, Python Twitter, which is a Python wrapper around the
Twitter API, was utilized.

The Python script was able to get the user Timeline information and re-
turn the most recently published 250 tweets. Each user’s Timeline was
stored later on in a csv file. The entire information of one generated
tweet is stored (namely: "User’s Name"; ‘Latitude’; "Longitude"; "Place
Name"; "Message ID"; "Source (i.e., smartphone, web, instagram etc.)";
"Timestamp (time, day, month, year)"; "Embedded Text (published
micro-blogging content)"). As discussed before, only the samples of
active Twitter users who tweeted actively for at least 4 months and
always shared their geo-location information were considered. There-

fore, the collected data has the form of Fig.3.5.

Python 2.7 script Twitter API

Filtering

Agent_1 v Agent_65

Name; Lat; Lon; Place; MessagelD; Source; Timestamp; Text
Name; Lat; Lon; Place; MessagelD; Source; Timestamp; Text
Name; Lat; Lon; Place; MessagelD; Source; Timestamp; Text

Row 90

For each social-media user, a PRM model capturing his mobility /activ-
ity patterns and a Utility-maximization Model is developed showing
the distance he/she is willing to travel to participate in different types
of activity during the day based on the methods described in Section
3.1.
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9: json, simplejson, oauth2,
httplib2

FIGURE 3.5.: Data Mining and Filtering
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FIGURE 3.6.: Gender and Age Cate-

gory of Social Media Users

Male(20 — 35)

Male(35+) .. ‘ Male(15 — 20)
13%
Female(35+)

Female(20 — 35)

Female(15 — 20)

The results of the automatic generated Utility-Maximization model of
one individual (in this case, Social Media user #31) are presented in
Fig.3.7, 3.8. For each time of day ¢ = {0, ..., 23} the distance willing to
be traveled by the user for participating in an activity (home, fixed,
quasi-fixed, flexible) is represented with an arrow. From Fig.3.7, 3.8
one can observe that user #31 is willing to travel more to reach home or
participate in a flexible activity at late night times. In addition, he/she
is willing to travel more km to participate in fixed activities (i.e., work)
during early morning hours (7-9am). Similar figures can be derived
for all users showing their willingness to travel certain distances for
participating in different activity types during the day as they were
calculated from their utility-maximization models.

FIGURE 3.7.: 2D representation of the
distance willing to be traveled by SM
user #31 for participating at a specific
activity type at late night and early
morning hours retrieved from his Utility-
Maximization model

Fixed ome Fixed ome
10km 10km
Flexible Quasi-F Flexible Quasi-F
Fixed ome Fixed ome
10km 10km
Flexible Quasi-F Flexible Quasi-F
t=2h t=7h
Fixed ome Fixed ome
10km 10km
Flexible Quasi-F Flexible Quasi-F
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Fixed ome Fixed ome
10km 10km
Flexible Quasi-F Flexible Quasi-F
t=13h t=14h
Fixed ome Fixed ome
10km 10km
Flexible Quasi-F Flexible Quasi-F
t=16h t=17h
Fixed ome Fixed ome
10km 10km
Flexible Quasi-F Flexible Quasi-F
t=18h t=20h

After calculating the distances willing to be traveled for participating in
different activity types during the day for all users, the CL divergence
matrix is computed:

CLyy CLp1 -+ Clyg
[CL] = CLjo CL; CLje4 (3.14)
CLz1o CLn-11 CLn 1,64

revealing users’ willingness to travel similar distances for participating
in certain types of activities as it is presented in Fig.3.9.

41

FIGURE 3.8.: 2D representation of the
distance willing to be traveled by SM
user #31 for participating at a specific
activity type during lunch time and
late afternoon retrieved from his Utility-
Maximization model
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Having computed the CL divergence matrix, the modified DBSCAN
Alg.1is applied to cluster users. The generation of at least five clusters,
m =5, is set as a threshold criterion and Alg.1 ran several times until
the threshold criterion was satisfied leading to the generation of 5 or
more clusters. For performing the above, a computer program was
developed in Python 2.7. and the running time was 59min and 12sec
using a 2.5GHz CPU and 4GB RAM. The results of the clustering are
presented in Fig.3.10 including the number of SM users contained in
each cluster.

In a future step, defining a PRM for predicting individual’s mobility
patterns from user-generated data and a utility-maximization model
for capturing user’s willingness to travel certain distances for partici-
pating in different types of activities offers the possibility of suggesting
a common meeting place for multiple users who are willing to partici-
pate simultaneously in a similar activity type and are in close proximity.
In Fig.3.11, a single-point estimate simulation is performed to construct
step-by-step the daily mobility schedule of SM users # 17 and # 22 for
a typical weekday based on their PRMs. At this figure, the focus is
on the simulated timeframe from 15p.m. to 18p.m. since more flexible
activities are expected to occur during that period. Users are placed
in one location based on the simulation results and they can travel
different distances that are represented with the diameter of a circle in
order to participate in different types of activities according to their
utility-maximization models. In Fig.3.11 the probability of performing
ajoint activity for users # 17 and # 22 is presented. Therefore, by simple
inspection one can observe a feasible joint activity which has a flexible
type and occurs at 17p.m.

The PRM model captures users” willingness to travel certain distances
for participating in different types of activities for different day times
and types (an example of implementing the model was presented in
Fig. 3.7,3.8). The model learns automatically the users’ habits from
historic data and offers valuable insights that can be used as source of
information for suggesting common activities to multiple users. For
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performing such action, users were clustered to capture the similarities
on their mobility and activity patterns along with their willingness
to travel similar distances to participate in certain types of activities
(Fig.3.9). In Fig.3.9 was shown that most SM users have a CL dis-
tance below 0.5 while most users are concentrated in the range 0-0.2;
however, there are several outliers.

Run Clusters m

S

I 3 5
11 2 5
111 4 5
v 6 5

In the end, users were clustered in 6 clusters after setting 5 clusters
as a threshold containing from 4 to 21 users. The variance on clusters’
size depends on the volume of concentrated users in the range 0-0.2.
By simulating individuals’ daily schedule with a step-by-step single-
point estimate approach, one can identify automatically locations for
performing joint activities as it is presented in Fig.3.11. This approach
can be used for developing an application in order to suggest automat-
ically the time and the location for performing a joint activity among
users (i.e., restaurant which is located in the joint region).
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FIGURE 3.10.: Modified DBSCAN run-
nings until satisfying the threshold crite-
rion and number of users at each gener-
ated Cluster for Running #IV



44 3. Capturing users’ willingness to travel certain distances

FIGURE 3.11.: Part of the mobility traces
simulation with the use of single point
estimates of users # 17 and # 22 from 15
to 18 p.m. Users’ utility-maximization
models show how far they are willing
to travel to participate in different activ-
ity types given the location and time. At
17p.m., it is feasible to perform a joint,
flexible activity




Optimizing Joint Leisure
Activities” Locations & Starting
Times

The complexity of organizing joint leisure activities emerges from the
need of satisfying simultaneously several activity participants with dif-
ferent preferences. This complexity is increased in urban environments
with numerous places of interest due to the abundance of alternatives.
For instance, if a group of x individuals with some form of social ties
decides to organize a joint leisure activity, the selection of place and
time will be based solely on the developed consciousness of individu-
als from prior experiences of attending leisure activities. Consequently,
the solution space of alternative leisure activity places and starting
activity times is not fully explored since individuals are not able to
comprehend and re-call the whole set of alternatives for searching an
optimal solution. With numerous groups of people organizing joint
leisure activities on a daily basis, the problem scales up at a city level
and the organization of joint leisure activities based solely on individu-
als” accumulated experiences leads to sub-optimal selection of activity
destination and arrival times.

The importance of optimizing joint leisure activities is higher in urban
environments since up to 60% of the conducted trips are related to
leisure activities and the complexity of transport, social and activity
networks leaves more room for optimization. For instance, as already
noted, [1] posed that 29.2% of all daily trips are related to leisure activ-
ities, while 28% were conducted for shopping and personal business
and 10.7% for other activities including escort. Similar results were
observed on the New York Regional Travel survey [2] .

Selecting a location and individuals” arrival times for joint activity
participation among multiple individuals is not a trivial task due to
the problem of scalability and the lack of knowledge regarding users’
preferences.

The real-time optimization of a joint leisure activity includes the selec-
tion of the location of the joint leisure activity, the starting time of the
activity and the arrival time of all activity participants at that location.
This requires the maximization of the perceived utility of all activity
participants and depends on the a) current locations of individuals;
b)the time of the day; c) the disutility of traveling from a current lo-
cation to the location of the joint activity; d) the arrival time of each
user to the joint activity location and the waiting time until the activity
starts. The final suggestion of the location and starting time of a joint
leisure activity can be provided at each individual via a smartphone
application (refer to Fig.4.1).

The optimization of joint leisure activities requires strong analytics
for identifying and modeling users’ preferences from historical user-
generated data and scalable optimization techniques for the suggestion

4.1. Users’ willingness to travel in
order to participate in leisure activ-

ities . . ... oL 46
4.2. Joint Leisure Activity Optimiza-
tion................. 48

Problem Description . ... 48

Stochastic Annealing Search 50
4.3. Computing the Location and
Starting time of Joint Leisure Ac-

tivities . . .. ... o L 53
4.4. Potential of Problem Approxi-
mation with Centroids . . . .. 61

[2]: (2014), New York Regional Travel
Survey
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FIGURE 4.1.: Suggesting location and
time of a joint leisure activity via mobile

Apps

- Location
—|- Starting Time

=

of the activity location and the arrival times in real-time. In the previ-
ous chapter, a utility maximization model derived from social media
data (analysis of historical data from more than 4 months for each
individual with automated pattern recognition techniques) for repre-
senting users’ willingness to travel a certain distance for participating
in leisure activities at different times of day was introduced. This needs
though to be linked with a scalable optimization solution method for
suggesting the preferred location of a joint leisure activity and the
arrival times of individuals in near real time.

4.1. Users’ willingness to travel in order to
participate in leisure activities

New data feeds are handled automatically by the pattern recognition
model described in the previous chapter yielding an improvement on
capturing users’ patterns.

That probabilistic model is adopted for describing the mobility pat-
terns of an individual considering both the location and the activity di-
mensions. That probabilistic model was formed after a learning phase
with the use of user-generated historical data and is user-specific:

N(k/ t/ Lm/ An)
ZAn €A ZLm eA N(k/ 1y Lm, An)

P(k,t, Ly, Ay) = 4.1)

,where N(k,t,L,,, A,) is the number of times user k was in location L,,
and participated in an activity A, at time 7.

Matrix P has [k Xt x L,,, X A,] elements and represents the probability
of a user, k, to be in a location and participate at an activity for different
times and different day types. Those probabilities are calculated after
accumulating the mobility footprint of an individual over time.

The transition probability over two consecutive time instances was
also defined as:

aij = P(Se+1 = ;15 = qi) (4.2)

where the transition probability returns the probability to transfer
from state ¢; to state g; at time ¢ (refer to Fig.4.2). Eq.4.2 derives the
probability of transition between two states S; = ¢; — S;+1 = g; where
each state is described by a location/activity /time combination. States
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S:, St+1 represent the location and performed activity of an individual
at a specific time instance and the same location/activity pair can be
observed over two consecutive time instances of the same day. In that
case, the individual evolves from one state to another but both states
have the same activity /location pair attributes (¢; = g;).

In the scenario of joint leisure activity participation, several partici-
pants should arrive at the joint activity location within a reasonable
time window for avoiding excessive delays. For this reason, the state
evolution timestep should be in many cases shorter than the approxi-
mate length of the typical activity in order to be synchronized with the
possible arrival times of different travelers arriving at the joint leisure
activity. In those cases, the shorter timestep can lead to a state evolu-
tion to a new state that has the same location/activity pair (¢; = ¢;) as
described above.

qi,(t =t +n)

giy(t=1+1) RN
ar qiy(t =t +n)
.J

qi, (t =0)

Day Start

qiz(t =0)

qis (t=0)

Single-Point Estimates

In an attempt to model the decision-maker’s choice for moving from
his/her current state and travel a certain distance for participating in
leisure activities, a utility function is defined. To decompose the activity
selection model, the available choices are indexed by j = {1, ..., J}
where F; is the traveled distance between the current location of the
user and the choice ;.

1:F; <xo, xo:distancein km

2:x0 < Fj <x1, xp:distance in km

J:F;>xj-0, xj-:distance in km

Individual’s utility U;;(k) from traveling a distance j for participating
at a leisure activity (A;(k) = leisure activity) at time ¢ is further defined
as presented at the previous chapter. D;;(k, ) is also introduced as a
new variable and denotes the dissatisfaction of user kK when he has to
wait for / minutes until all other participants arrive at the location of the
joint activity. Disutility D,;(k,[) represents the degree of individual’s
dissatisfaction and is related to the decisions of other participants at
the joint leisure activity regarding their arrival time.

47

FIGURE 4.2.: Estimating the Daily Evo-
lution of States over a day with the use
of the probability matrix P(k, t, L., Ay)
and the transition probability a; ;
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The estimated utility function for participating at a leisure activity
given the current location of on user, the suggested location of a joint
leisure activity, the time of the day, and the disutility of individuals
while waiting I minutes at the activity location for all other participants
to arrive are utilized for solving the joint leisure activity optimization
problem.

4.2. Joint Leisure Activity Optimization

Problem Description

Let assume that a set of users with social ties, Ng, would like to par-
ticipate at a joint leisure activity. At the starting time ¢ all individuals,
k € Ng, are at different locations. Let also assume that there is a set of
candidate locations, N for joint leisure activities. Choosing an optimal
location and time for the joint leisure activity requires the search of a
broad spatio-temporal solution space where the perceived utility of
individuals and the disutility due to the excess waiting time affect the
solution.

For instance, if all individuals, k € Ng, decide to participate at a joint
leisure activity at location A € Ng and their arriving times to that
location are #, € Ny, where Ny is a temporal set of possible arrival
times, then the overall perceived utility and disutility for participating
in such activity is:

f(Ul‘kA(k)/ DtkA(k/ l)) (43)

, where k | A, (k) = leisure activity, #, € Ny is the arrival time of each
individual k at the location of the activity and Dy, A (k, I) the disulity of
each individual k given that he/she has to wait / minutes before the
activity starts. For each potential location of a joint leisure activity, A,
the perceived participation utility and disutility at a particular time
of day is represented in eq.4.3. Initially, in eq.4.3 all individuals, k, are
considered. However, the probability of several individuals to perform
a leisure activity at location A is equal to zero given their historical
spatio-temporal patterns. In addition, other individuals might visit
location A but not perform leisure activities there. Thus, the condition
(k | Ay, (k) = leisure activity) is added in eq.4.3 for considering only the
utility of individuals who perform a leisure activity A,, (k) at time 7 in
location A and not the utility of all others who are not visiting location
A or performing other activity types there.

From the objective function, ® = f(U; a(k), Dy a(k, 1)), the optimal
location and arriving times of each individual for participating at the
joint leisure activity are determined (refer to Fig.4.3):

U8 RN F(Uya(k), Dyn(k, 1)) (4.4)
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To solve this optimization problem, the computation of the effect of
different arrival times € Ny to the disutility of users due to the exces-
sive waiting times and the perceived utility of all individuals while
attending a leisure activity candidate location requires:

| Ns | x| Ny |IVe] (4.5)

computations with base computational cost C, where | Ns | is the
cardinality of the set of location candidates for a leisure activity Nz,
| Ny | is the cardinality of the set of available arrival times of each user
at the location of the activity and | Ng | the number of the participants
at the joint activity. The computational cost of calculating the global
optimum solution grows exponentially with the number of individuals
and the cardinality of the set, Ny, from which the arrival times can be
selected; hence, the system fails to scale up -in its early phase already-
as it is shown in Fig.4.4 where more than 1 hour is required for | Ny |> 3.
This leads to the inability of optimizing the location and the arrival
times of all participants at a joint leisure activity in practice even in
small-scale scenarios.

Eq.4.4 returns the location for performing a joint leisure activity and
the arrival times of each individual given their current locations and
their perceived utility /disutility functions. The selection of the joint
leisure activity location is not considering the future activity chains
of the joint leisure activity participants. However, not considering the
future activity plans of the joint leisure activity participants might lead
to a significant deviation from their daily schedules; thus, reducing
individuals” acceptance level of the suggested joint leisure activity.

To confront the above issue, the effect of selecting a joint leisure activity
location based not only on the current locations of activity participants
but also on their future state evolution probabilities is modeled in

FIGURE 4.3.: Schematic View of the
Search for the optimal location A €
Ns and arrival times of all individuals
ti, Yk € NE for the next Joint Leisure
Acivity
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FIGURE 4.4.: Scalability Test in a Sim-
plified Use Case with 12 activity partic-
ipants and 60 leisure activity location
candidates. The computational cost
of calculating the objective function
via a simplified model was C =
0.084675milisec. on a 2556 M Hz pro-
cessor machine with 1024M B RAM.
The number of alternative arrival
time options that each individual
can select from, [Ny, is the horizon-
tal axis variable

Eq.4.6.
Ui a(k), Dy a(k, 1
arg, max . FWyn(k), Dy a(k, 1))
lq]
subject to: Z Pk, tg,q |k, tx, A, Ap) =0
g=1
q# (A, Ap)
(4.6)

where leqz‘l P(k,t;,q | k,t, A, Ay) is the probability of each leisure
activity participant k to move at any other location/activity pair g €
{1,..., 19} and g # (A, A,) during his/her state evolution at time #;
given that he/she departed from the location/activity pair (A, A,) of
the joint leisure activity at time #.

If the probability of transition at a different location/activity pair for
an activity participant k is higher than a threshold value ¢ € (0,1],
then the selected location/activity pair (A, A,) for the joint leisure
activity does not constrict the activity participant from moving to
another location/activity pair and continuing his/her daily activity
plan. Therefore, the location/activity pair (A, A,) is a feasible joint
leisure activity option for participant k. This constraint guarantees that
only location/activity pairs (A, A,) that allow the joint leisure activity
participants to continue their daily activity schedules are selected.
Threshold 9 refines the optimization solution space and if one sets a
high threshold value (¢ =~ 1), then he/she ensures that the selected
joint leisure activity pair (A, A,) will provide more alternative future
activity options to the activity participants and the joint leisure activity
suggestion will have more chances to be unanimously accepted.

Activity Participants: 12

L B L o A
. i —e— Comp. Cost ||
5 L —— Time Threshold |
S 300 H
m |- -
8 - :
S 200 1
| I ]
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Stochastic Annealing Search

To address the scalability problem, a set of enhancements that reduce
the complexity of the problem while ensuring that the final set of
solutions is close to the optimal one are introduced. The main enhance-
ment is the selective choice of arrival times from the set Ny for each
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individual for limiting the solution space via a "stochastic annealing"
search method.

Following this approach, one reaches a final solution which is close to
the optimum of the objective function ® within a reasonable number
of computations | Ns | x | N} [IVelinstead of | Ns | x | Ny |IVEl; thus
reducing the selection attempts on the set of arrival times | Nf’ ||
Ny |.

At an initial search step, all candidate joint activity locations A €
Ng are identified. Let assume that one candidate location A € Ng is
examined. Starting from the first individual in the set Ng and following
a successive order, ® is optimized taking into account the arrival
times of each individual. Then, the same approach is repeated at the
next examined location until the exhaustion of all locations in Ns.
Nevertheless, the computational cost is still not scalable if the set of
arrival times that each individual can select from has more than 3
elements as shown in Fig.4.4.

For performing the problem-specific "stochastic annealing" search, the
objective function, ©, is computed with the assumption that all indi-
viduals arrive at the joint activity location at the fastest time possible
given their current location (x = t,Yk € Ng). In the initial search,
the first individual is allowed to arrive at the location of the leisure
activity at time 7 € Ny which optimizes the @. For performing this
action, | Ny | computations are required. If one repeats the same for
the second individual assuming that all other individuals arrive to the
activity location at the earliest possible time, the cost is again | Ny |
and if this is repeated for all individuals at all locations the number of
computationsis | Ny | X | Ng | X | Ns |.

Let assume that the available set of arrival times, N, of one individual
k at a leisure activity location is Ny = {7, 1, .., tn, oo T, ooy TN |}
where 7 is the earliest possible arrival with a computed performance
cost O, . 7y is also the arrival time from the initial search that optimized
the performance cost @, given that all other individuals arrive at the
location as fast as possible. The stochastic annealing search starts by
picking the next arrival time from the Ny set of values for ensuring
that the solution space is efficiently explored given that the number of
available selections is only | Ny |< 3 where | Ny || Ny |.

At a first selection step, the arrival time m,. € Ny with the highest
selection probability based on the already computed performance
of my and ny is picked. 7., has the highest probability of selection
among all other arrival times P(n..) > P(n,), 7« € Ny. Then, the O
is computed (refer to Fig.4.5). The selection probability of any control
measure 7, € Ny is defined as:

P(m,) =
(Ony /O, )7 + L (4.7)
an eNf(®7ro /®7{X )7+ L
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FIGURE 4.5.: Stochastic Annealing Se-

lection of Arrival Time from Ny

10, > Oy, 10y, > Oy,
Tyr € [0, Tx) "K*E[nx:”wﬂ]
‘ ‘ .............
o Ty Ty T TiNg|
where
L = W||(mx = mo)(7tx — 7tx)/| Ny | ] (4.8)

and the term W||(m, — mo)(mc — nix)/| Ny | || has a higher value when
the arrival time 7, is closer to other arrival times for which the O is
already calculated (i.e., mo and 7). W is a weight factor that increases
the probability of selecting an arrival time which is closer to the ones
that there is information regarding their performance.

At a second selection step, the probabilities of selecting the next arrival
time 7. € Ny are redefined based on the already computed O, O,
and O, Let assume that 7y < 4. < 7. Then, for all m, € Ny if 7 < 7y

P(m,) =
(®7r0 /®7TK*)7TK + W”(ﬂ'K - 7T0)(7TK - ﬂ'K*)/Nf” (4‘9)
Zﬂ'KENf(®7r0/®/7rx)7TK +L
Else if m, > 7y :
P(ﬂ-K) =
(®7r,(*/®7rx/ ) + W|(mre = i) (i = ﬂx)/Nf“ (4-10)

Z;r,( €Ny (®7r,, /®,ﬂx Y + L

After that, .. such that P(m...) > P(ny), Vi, € Ny is chosen and the
Op,.. is computed.

Ty

Finally, one more step follows and the outcome of the constrained
solution search returns a first direction towards the ® optimum. During
the computation, one arrival time € Ny is selected for each individual
at each examined activity location as it is summarized in Alg.2.

As shown more clearly in Alg2, the set of arrival time selection can-
didates {7+, s, Tiwns p 18 defined with the stochastic feature of the
annealing search before start applying simulated annealing at the re-
duced search space Ny for finding an approximation to the global op-
timum solution. At the stochastic step, the set of N = {7s, Mcxss Ticwsx }
solution candidates for each activity participant which shows his/her
strongest preferences in terms of activity arrival times is pre-selected
out of the entire Ny set and the simulated annealing search is focused
only at search space Ny; thus, truncating the size of the exploration
space.

This is the key differentiator of the proposed stochastic annealing
method; since, simulated annealing is applied at a search space with
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high chances to contain a solution close to the global optimum. Other-
wise, if simulated annealing was applied in the entire set Ny without
considering the stochastic set-selection feature, it would not be able to
explore efficiently the vast solution space for finding an appropriate ap-
proximation to the global optimum given the limitation of using only
3 search iterations due to the scalability issue described in Fig.4.4.

Algorithm 2: Stochastic Annealing Search with | Ng | x | Ny [INED 4|
Ng | X | Ny | X| Ng | computations

for all candidate locations A € Ng do

Compute ® when all individuals arrive at A as fast as possible;
for each individual k = {1, ...,| Ng |} do
Select the optimal arrival time #; € Ny for individual k:0,,
considering that all other individuals arrive at A as fast as
possible;
end
for each individual k = {1, ...,| Ng |} do
for each arrival time nr, = {mo, o TNy |} dO
Calculate P(r,(k));
Select m,.(k) such that P(r..(k)) > P(n.(k));
Recalculate P(r.(k)) and select my..(k) such that
P(rtgsn(k)) 2 P(mi(k));
Recalculate P(m,(k)) and select m...(k) such that
P(”K***(k)) > P(ﬂk(k)),
end
end
for m.(1),7ius(1), s (1) dO
for 7. (2), s (2), s (2) dO
for ﬂK*(Nf)/”K**(Z)/ﬂK***(I NE |) do
Calculate New.®;
if New.® > O then
| ©=New.®;
end
end
end
end
end
Return the selected arrival time for each individual and the

location of the joint leisure activity;

4.3. Computing the Location and Starting
time of Joint Leisure Activities

In practice, the user-generated data from 75 Smatrphones that post
on Twitter and the Utility-maximization model for each user was
generated representing the distance he/she is willing to travel for par-
ticipating in different activity types during the day. A short summary
of the generated Utility-maxization models is presented in Fig.4.6
where only the maximum distance that one user is willing to travel
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FIGURE 4.6.: Plot of 75 Users’” Maxi-
mum Travelled Distance (in meters) for
participating at leisure activities at dif-
ferent times of day. The utilized user-
generated data comes from 75 Smatr-
phones that post on Twitter
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Social Media User 2000

for participating at a leisure activity at different times of day is plotted
due to the immense amount of data.

The stochastic annealing optimization algorithm is tested after retriev-
ing the Utility-based models of each individual from analyzing their
social media data. The objective of the joint leisure travel optimization
technique is to propose an activity location and the arrival times to
each individual participating at the activity given their current loca-
tion. As described previously, the brute-force optimization requires an
exponential number of computations | Ns | X | N |INEl of the objective
function ® = f(U; a(k), Dy a(l, k)) for retrieving the optimal value.

At this point, it should be mentioned that © is not a fixed function. For
instance, the value of ® for an examined activity location and set of
arrival times can be estimated via a micro or macro-level simulation
which offers higher granularity or via a simpler equation which asso-
ciates ® with the parameters of the examined location and the arrival
times. For the implementation of the stochastic annealing algorithm,
the following function for calculating the objective function is used:

INELg, A(K) VLD, Ak, Ty — 1)

k=1 k=1
W
| Ng | | Ng |

®A,zl,12,...,zWE‘ = (4.11)
where #;, € Ny, T}, the starting time of the joint leisure activity and wy a
weight factor for individual k. Eq.4.11 includes the utility and disutility
of all individuals k at location A. However, only the utility /disutility of
individuals who perform a leisure activity A, (k) at time #; in location
A should be considered in the objective function. Therefore, the condi-
tion (A, (k) = leisure activity) is added as an additional constraint of
eq.4.11.

The proposed function serves as a reference and different functions or
more detailed simulation-based approaches can be utilized. Neverthe-
less, in any case, a computational cost of C is required for estimating
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O for a given location and a set of arrival times; thus, requiring a
computational cost of Cx | Ns | x | Ny |INEl.

Departing from this point, optimizing the leisure activity locations and
the arrival times of 75 social media users solves an unrealistic problem
since such activity participation levels of users with social ties occur
only in the rare case of special events (i.e., sport events, pre-organized
social events) where the location of the activity is already known. To
tackle this issue, one needs to use the generated clusters from the
examined users from the previous chapter based on the observed
distance between the utility-mazimization models of users over time.
This distance represented the similarity of users” willingness to travel
similar distances for participating in leisure activities.

For all users in each cluster, their daily mobility /activity plans based
on their evolution of states described in Fig.4.2 were derived from
Eq.4.1,4.2 at the learning phase. The states of all users are evolving in
a rolling horizon and if at some point in time all users that belong to
the same cluster are at the same location and this is a leisure activity
type location, it is assumed that this is a Joint Leisure Activity Instance.
Then, the values of the activity starting time, the activity location and
the arrival time of each individual are stored and the perceived utility
of the users that participated to the joint leisure activity is calculated.

While the evolution of states continuous, the users of one cluster can
meet again at another location which is again the location of a leisure
activity; thus, assuming that this is a 2nd joint leisure activity instance.
The evolution of states for each individual can continue until exhaus-
tion; however, at an initial stage of analysis, the state evolution pro-
cedure is terminated for all users that belong in a cluster when the
occurrence of nine (9) joint leisure activity Instances is observed.

The nine observed Instances of Joint Leisure Activities at each cluster
have occurred without external interference and form the basic sce-
nario ("do-nothing" scenario). The values of the perceived utility of all
clusters for the "do-nothing" scenario at each Instance of Joint Leisure
Activity occurrence are stored in Table 4.1.

Optimizing each joint leisure activity for each cluster at each Instance
of activity occurrence requires | Ins. | X | CI | X | Ns | x | Ny [INE
computations where | C/ |= 10 is the number of generated clusters,
| Ins. |= 9 the total Instances of joint activity occurrence and Ny the
number of alternative joint activity locations. In addition, Ny is the
set from which one can select different arrival times to the location
of the joint activity and it is formed based on the assumption that
the participant who arrives first cannot wait more than 80 minutes
until the arrival of the last participant due to the inconvenience caused.
For this test case, Ny contains 10 values; therefore for each user k, the
arrival time 7, € {1,...,| Ny |= 10}.

The proposed Stochastic Annealing heuristic was tested against the
exhaustive enumeration method that required | Ins. | x | CI | x |
Ns | x | Ny [INE computations in the case of | Ny |= 10, | Ins. |=
9 and | CI |= 10 clusters containing up to 9 users on a 2556 MHz
processor machine with 1024MB RAM and the computational costs of
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FIGURE 4.7.: Comparison of Compu-
tational Cost between Brute Force and
Stochastic Annealing Search. The Plot is
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both methods are shown in Fig.4.7. Fig.4.7 shows that the proposed
algorithm computes the optimization solution in linear scale compared
to the exponential behavior exhibited by the brute force approach and,
most importantly, the computational cost stays at lower levels that
allow the implementation of real-time applications.

The stochastic annealing method finds approximations of the global
perceived utility optimum for each cluster of users at each joint activity
instance. The global perceived utility optimum is defined with respect
to the group of individuals who have the potential to participate at
each joint leisure activity instance (decentralized approach) and not
with respect to the network conditions. After running the algorithm
for all test cases, new suggestions regarding the location of a joint
activity and the arrival times of all users at each cluster are calculated.
The optimization findings are suggested to users and their perceived
utility from participating at joint leisure activities at each instance is
calculated and presented in Table 4.1 and Fig 4.8. Table 4.1 and Fig
4.8, show significant increase on the perceived utility of users that
varies from up to 1.5 to up to 5 times compared to the observed utility
satisfaction from the do-nothing scenario.

FIGURE 4.8.: Perceived Utility values
for all clusters before [left] and after

[right] the Stochastic Annealing Opti-
mization
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Social Media User

13579
Activity Instance

Cluster Insqy Ins, Insy Insy Inss Insg Insy; Insig  Insg
Oy cal 061 061 065 081 1.00 1.06 136 145 145

1 Oopr. 1.71 098 248 237 211 269 283 248 274
Oprute 1.89 123 274 269 281 292 311 298 317
Oreal 034 041 055 061 061 068 059 059 0.59

2 BOopr. 191 267 300 222 139 312 28 187 1.68
Oprute 204 272 341 255 178 326 307 211 201

Oy cal 056 056 050 050 043 038 044 032 032

3 Oopr. 283 133 138 177 108 171 217 216 1.79
Oprute 299 156 154 201 137 179 245 237 201

O cal 063 055 049 033 027 018 -0.04 003 0.03

4 BOopr. 217 180 099 123 122 099 044 151 0.88
Oprute 234 202 117 156 142 159 046 162 096
Oreal 071 o071 071 071 071 071 071 071 071

5 Oopr. 1.69 224 135 178 148 151 1.73 109 193
Oprute 178 227 151 1.81 1.62 1.84 177 141 227

O eal 066 066 066 066 066 066 066 066 0.66

6 BOopr. 1.36 157 141 1.77 197 169 201 155 1.21
Oprute 1.51 193 146 201 207 187 203 167 142
Oreal 055 055 055 055 055 055 055 055 055

7 Oupr. 1.31 1.87 145 122 148 1.04 1.51 1.26 156
Oprute 1.71 194 165 142 158 127 159 141 1.63
Oreal 051 051 051 051 051 051 051 051 0.58

8 Oupr. 119 172 190 150 162 139 210 125 155
Oprute 132 179 194 176 187 161 217 139 171
Oreal 042 042 042 042 042 042 042 042 042

9 Oops. 243 222 127 231 254 208 1.86 252 198
Oprute 245 229 142 239 263 217 199 256 207
Oreal 069 069 069 069 069 091 1.06 1.06 1.06

10 Oups. 203 161 550 383 450 570 264 570 570
Oprute 211 227 550 447 496 570 291 570 570

For a more detailed insight on the performance of the stochastic an-
nealing optimizer, Fig.4.9 shows the deviation of the arrival times of
each couple of users at the location of the joint activity. A couple of
users is the set of two users who belong to the same cluster and one
arrives to the location of the joint leisure activity just before the other
at the "do-nothing" scenario (users with successive arrival times). After
the implementation of the optimizer, the deviation of arrival times
changed abruptly and were also observed changes on the order of
successive users when one user that arrived prior to another one at

57

FIGURE 4.9.: Arrival Times of each In-
dividual at each joint activity location
for each one of the nine instances. The
color bar shows the difference between
the arrival time of one user and the ar-
rival time of the next user who arrived
at the same location

Table 4.1.: Perceived Utility of each Clus-
ter of Joint Activity Participants at dif-
ferent times before, ©,..,;, after the op-
timization of the activity Location and
the Arrival Times, @, ., and with brute-
force Op,yre
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FIGURE 4.10.: Average Value and Stan-
dard Deviation of the Perceived Utility
of each Cluster of activity participants
over the 9-instance test case

the "do-nothing" scenario now arrives after him/her. This is shown in
Fig.4.9 where some user couples have negative values of arrival times
deviation. The higher deviation of the arrival times of successive users
{-3,...,+18min.} instead of {0, ..., +12min.} at the "do-nothing" scenario
case demonstrates the availability of valuable alternative options when
searching a broad spectrum of the solution space in limited time and
justifies the up to 5 times increase of the perceived utility (refer to the
perceived utility of users from cluster 10 at Fig.4.10).
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Fig.4.10 summarizes the results and shows the average perceived
utility of each cluster of users by averaging the perceived utility at each
one of the nine Instances of joint leisure activity occurrence. After the
optimization, cluster 10 had the most significant performance increase
(up to 5 times) but also had the highest perceived utility deviation.
This can be explained by the small size of the cluster (contains only 3
users). From all other clusters, there is a perceived utility increase of
up to 2.5 times that demonstrates the potential benefits of optimizing
leisure activities. At all cases, the optimized perceived utility had
higher deviation than the do-nothing one. The higher deviation is
partly explained from the selection of arrival times from an increased
set of values that leverages the benefits of arrival times rescheduling;
hence, in some cases extreme arrival time values are adopted while in
other more conservative options were selected.

Finally, the approximation of the perceived utility optimum derived
from the stochastic annealing optimization from the 1st and 2nd Joint
Leisure Activity Instance is tested against other problem-customized
optimization algorithms. The objective is to understand if the stochas-
tic annealing optimizer converges fast enough to find a solution close
to the optimum one; therefore, the main focus was on the 1st and
2nd Joint Activity Instance by running the stochastic annealing algo-
rithm 12 times to understand the level of dispersion of the solution
approximations that are computed at each run. Additionally, other
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problem-customized optimization algorithms were run 12 times at the
same scenario for performing the comparative analysis.

Here it should be mentioned that there are no works in literature
on optimizing leisure joint activities in a rolling horizon framework
for real-time applications since the most related works belong to the
area of ride-sharing optimization (refer to [73],[74]). Therefore, due
to the absence of alternative heuristics, well-known algorithms that
are used in the area of fleet management and belong to the algorith-
mic families of genetic algorithms and hill climbing were customized
for approximating global optimums. To reduce the comparison bias,
the customized hill climbing and genetic algorithm (GA) were also
allowed to select | Nf’ |=3 out of | Nf |=10 elements (i.e., 3 random
start ascent selections in the case of hill climbing and 3 population
evolution phases in the case of GA). Due to that, all three algorithms
require similar number of computations.

The KPI of the performance of each algorithm is the improvement of
the perceived utility of all users within clusters that participated at
a joint leisure activity. Fig.4.11 shows the performance of each opti-
mization algorithm after re-running it 12 times for approximating an
optimal solution to the scenarios of the 1st and 2nd Instance of Joint
Leisure Activity occurrence. The average value of the Perceived Utility
of each cluster after the use of Stochastic Annealing, the Genetic Al-
gorithm and the Hill Climbing method after aggregating the solution
approximation results from the 12 re-runs are finally summarized in
Fig.4.12.
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FIGURE 4.11.: Values of the Optimized
Perceived Utility for each cluster after
each re-run of the optimization algo-
rithms (12 re-runs in total). Each re-run
of the same algorithm finds another ap-
proximation to the global optimum and
the vertical axis demonstrates the disper-
sion of the approximated solutions.
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FIGURE 4.12.: Average Value and Stan-
dard Deviation of the Perceived Utility
of each Cluster after the 12 re-runs of
the Stochastic Annealing, the Genetic
Algorithm and the Hill Climbing opti-
mization algorithms for the scenarios of
the 1st and 2nd Joint Leisure Activity In-
stance.
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Due to the improved scalability, this approach can be used to develop
Web and Smartphone applications for suggesting automatically the
time and the location for performing a joint leisure activity. After
applying the stochastic annealing search for optimizing 9 Joint Leisure
Activity Instances, the perceived utility of users was increased up to 3
times compared to the basic scenario because of the rescheduling of
the arrival times of individuals and the activity locations as presented
in Fig.4.10,4.9.

From Fig.4.11,4.12, stochastic annealing found approximations to the
optimal solution that increased up to 2 times the perceived utility of
users in a cluster compared to the hill climbing and the GA. The Hill
Climbing method had the most weak performance on approximating
the global optimum while departing from the do-nothing scenario. It
showed significantly low dispersion among the approximated solution
values from the 12 re-runs and this is related to the inability to ascend
to the top of the hill when there are only | Ny |= 3 available iterations.
In addition, many times the solution search started from the wrong
hill and the algorithm was trapped in a local optimum without being
able to jump to another hill for continuing its exploration.

Finally, the customized Genetic Algorithm oftentimes failed to iden-
tify an improved new generation and after the crossover phase many
offsprings yield similar or worse solutions compared to their parents.
However, GA showed a consistently better performance compared
to the hill climbing method. In fact, due to the aggressive solution
space exploration, at some cases its performance was close to the per-
formance of the proposed stochastic search. The main problem though
was the huge performance dispersion among re-runs at the same sce-
nario. Given the threshold of 3 available population generations, there
were several runs that the GA did not provide any improvements to
the do-nothing scenario. Then, suddenly at one re-run the GA might
manage to find a significantly improved solution due to the aggressive
solution space search, even if such probability is low. Nevertheless, at
most cases the approximated solutions offered limited added value to
the activity participants and this was the key difference between the
GA and the stochastic annealing method.

To conclude, the stochastic annealing method proposed consistently
solutions close to the optimum without facing significant dispersion
among re-runs, due mainly to the stochastic feature of pre-selecting
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a solution space with high chances of finding a close-to-optimum
solution before start applying the simulated annealing search.

4.4. Potential of Problem Approximation with
Centroids

The initial computational cost of solving the location and time opti-
mization problem for each joint leisure activity was exponential and
required a set of | Ns | x | Ny [INEI computations. This set of com-
putations required the implementation of heuristics given the large
size of alternative joint leisure activity location options Ng in a city
environment and the set of potential arrival times Ny.

However, a two-stage approximation method of selecting the activity
location can be utilized for reducing the number of alternative activity
locations Ny; thus, reducing the initial complexity of the optimization
problem. In such approach, the city can be split in different areas with
the use of centroids (let say | N¢ | centroids) where each centroid
contains a number of locations | N¢, |. In such approach, the first
optimization stage can select the optimal centroid and activity time
for a joint leisure activity with a required number of computations
| Nc | x | Ny |INEI After that, the search of the optimal activity
location can be implemented within the centroid at a second-stage
optimization.

This computational cost is significantly reduced due to the replacement
of alternative locations, Ng, with alternative centroids, Nc. However,
it still remains exponential and assuming the split of a city into 10
centroids the brute-force computational cost of the problem as it was
defined in Fig.4.4 becomes the cost of Fig.4.13.
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From the above figure it is evident that the optimization cost is re-
duced significantly for more than 5 potential starting time options
with the use of centroids. However, due to the exponential computa-
tional complexity, even with the use of centroids the problem requires
the implementation of heuristics instead of simple enumeration for
more than 4 potential starting time options. The conclusion of the

FIGURE 4.13.: Scalability Test in a Sim-
plified Use Case with 12 activity par-
ticipants and 200 leisure activity loca-
tion candidates [blue dots] replaced by
10 centroids [green dots]. The com-
putational cost of calculating the
objective function via a simplified
model was C = 0.084675milisec. on
a 2556 M Hz processor machine with
1024M BRAM.
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above is that the problem complexity can be significantly reduced
with the replacement of potential joint leisure activity locations with
centroids, but that reduction is not enough for avoiding the utilization
of solution approximations with heuristics.

Lastly, one should be cautious regarding the approximation with cen-
troids because at the first optimization stage the optimal centroid is
selected and that bounds the search of the optimal location within
the limits of that centroid. The problem with the approximation with
centroids is that a centroid is not a specific location but a large ge-
ographical area that entails a series of locations. For resolving this
issue, the center of each centroid is selected as the representative of the
entire centroid. Therefore, the distance between the current location
of each activity participant and the center of the centroid is the key
factor for selecting the optimal centroid. However, within the centroid
itself the locations of the potential joint leisure activities might be far
away from the center of the centroid which leads to an inaccurate ap-
proximation of the problem. To resolve this issue and provide a better
approximation of the joint activity location optimization problem with
the use of centroids, each centroid should be constructed in a specific
way. Ideally, each centroid should: (a) contain a series of potential joint
leisure activity locations which are in close proximity with each other
yielding a low dispersion; (b) not contain several groups of potential
joint activity locations which are far away from each other. In case that
happens, those groups should be split and a new centroid should be
generated for representing each group; (c) the center of the centroid
should not be the geographical center, but the center of the potential
joint leisure activity locations. By developing centroids following the
above rules the inherent accuracy error of selecting the optimal joint
leisure activity location with the use of centroid approximation is re-
duced, but there is no guarantee that there can finally be no accuracy
loss.



Demand-Responsive Public
Transport Re-scheduling

Mode selection and the increase of public transport mode ridership
is the next challenge after the optimization of joint leisure activities’
location and starting time. The work of [75] focused on the selection
of transport modes for participating at activities from all members
of a household by utilizing the concept of Random Utility Maximiza-
tion (RUM) and adding constraints to the selection problem (i.e., pri-
vate mode availability subject to the use from another member of the
household). Although, the literature on dis-aggregate (e.g., [76]) or
tour-based (e.g., [77]) mode choice is vast, the work of [75] is one of the
closest prior arts since it tackles the problem of mode selection for a
joint activity from several household members. However, the transport
mode selection for a joint leisure activity has a higher complexity level
than the household-based activity planning because: i) joint leisure
activity participants start their trip from different origins and not from
a common location (i.e., not necessarily home-based), ii) the arrival
time punctuality at the location of the leisure activity matters since the
arrival time variance of all activity participants should be low to avoid
excess waiting before the activity starts.

The main challenge that arises is how to model and improve the
joint-leisure-activity ridership of demand-responsive transportation
via rescheduling the timetables of public transport modes subject
to a set of operational constraints. For this, the problem of public
transport service re-scheduling considering operational regulations
and the quality of service is modeled and a scalable heuristic search
method for dynamically re-scheduling the public transport schedules
of demand-responsive systems and increasing their ridership related
to joint leisure trips is introduced.

5.1. Public transport rescheduling for
increasing the passenger ridership related
to joint leisure activities

To increase public transportation ridership for trips related to joint
leisure activities, the planned schedules of public transport modes
should be adapted to the joint-leisure-activity travelers’ requirements.
Demand responsive public transportation (DRPT) has been viewed as
a mean of passenger communication with the transport operator in
a direct way allowing the transport operator to create custom routes
based on a priori knowledge of the passengers’ locations, destinations
and schedules ([78], [79]).

For tackling the public transport rescheduling problem, a first assump-
tion is that DRPT routes are fixed and only their timeschedules (i.e.,

5.1. Public transport rescheduling
for increasing the passenger rider-
ship related to joint leisure activi-
ties ....... ... ... 63

5.2. Demand responsive public
transportation rescheduling with

evolutionary optimization. . . 69
5.3. Optimizing the public trans-
portschedules . ......... 74

5.4. Discussion on the results . 80

[78]: Mauri et al. (2009), ‘Customers’
satisfaction in a dial-a-ride problem’
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[80]: Dickinson et al. (2014), ‘“Tourism
and the smartphone app: Capabilities,
emerging practice and scope in the
travel domain’

departure times) can change subject to spatio-temporal demand varia-
tions related to joint leisure activities. The key individual-based data
for deriving Joint Leisure activities demand variation in space and
time is obtained, as discussed in previous chapters, from Smartphone
apps that can open one-way communication channels between the
travelers and the public transport operator (i.e., social media apps). In
the past, smartphone apps have utilized for improving dynamic travel
decisions [80] . In this thesis, Smartphone data from Social Media Apps
is transmitted to the control center of the transport operator (either
via direct transmission or via a data crawling campaign) and provides
information of joint-leisure-activity demand for adapting the DRPT
operations to it via changing the planned timeschedules.

Let assume that over the time period of a day a number of public
transport trips 7 = {71, m2, ..., 1z} can serve joint leisure activity pas-
sengers. Those public transport trips belong, in general, to different
public transport services while, some of them, can belong to the same
public transport service (i.e., the bus service line). Let for instance a trip
n; € m to be part of a public transport service p. This public transport
service has a planned daily schedule (service timetable). If this service
serves S, = {Sp1,Sp2, -, Sp,Is,|} public transport stations and has a
number of n, trips during the day, where the trips are denoted as
Ky ={Kp1,Kp2, .., Kp,k, |}, then the planned daily schedule of service
p is represented by a D: |K,| x |S,| dimensional matrix with integer
elements denoting the planned arrival time of each trip K, ; € K, to
each station S, ; € 5.

Let S,; € S, be the station of trip K,,; = m; € K, where one or more
boardings from joint leisure activity passengers can occur and S, ; € S,
be the alighting station of the joint leisure activity passenger/s which
is the closest station to the location of the joint leisure activity A. The
joint leisure activity passenger will be more tempted to use this public
transport service if the alighting at the destination station occurs close
to the time of the joint leisure activity. Given the joint leisure activity
location A and the starting time of this activity ¢, a utility score for
using the public transport service is introduced:

z= (t - - DKp,irSp_,- )2 (51)

which is zero at the optimal case (alighting at station S, ; occurs at the
same time with the starting time of the joint leisure activity r minus the
walking time required from the station to the location of the activity
denoted as t") and it progressively increases its value if trip K, ; arrives
much earlier or later to that station.

During the rescheduling phase of this public transport service, the de-
parture times of the daily trips are subject to change. Those changes are
the decision variables ("unknows") of the rescheduling problem and
are denoted by x = (XK, 10 XK pr s XK, K| } whichis a |K,,|-dimensional
vector of the problem variables and represents how many minutes
the departure time of each trip of public transport service p can de-
viate from the planned one. Vector x is not allowed to take values
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from the Euclidean space R¥»| but only from a discrete set of val-
ues (¢ = {-5,-4,...,0,...,+4, +5}minutes) because the re-scheduled
timeplan should be expressed in minutes (decimal values are not al-
lowed to planned schedules). Therefore, the utility score for the joint
leisure activity participant towards the public transport service can be
expressed by a scalar function z : N¥»| — RR:

2(xk,,,) = (=1 = (DK, .5,

3k, (5.2)

Realizing that an entire re-scheduling of all daily trips is unnecessary
and will create many changes without reason, variables xg, , € x are
allowed to change only if the planned arrival time D, o/Sp,; of the trip
K4 at station S, is within the range of +60minutes from the joint
activity starting time minus the expected walking time to the activity
location:

XK - .
P otherwise

(5.3)

One might reasonably claim that rescheduling the public transport
service timeplan for adapting to the joint leisure activity demand
might penalize other regular passengers of the public transport service
who are not involved in leisure activities. In practical terms, it in not
feasible to monitor the effect of the rescheduling phase by continuously
surveying the passengers of the public transport service. However,
one can ensure that i) the operations are better of, or at least not
deteriorated, for all passengers of that public transport service at a
system-wide level and ii) no passengers are over-penalized from those
changes.

Joint leisure activity spatio-temporal demand variations have greater
impact to the services of dense metropolitan areas due to the volume
of leisure demand changes that justifies the public transport reschedul-
ing efforts. Those services in metropolitan areas are high frequency
services and they are regularity-based (their Key Performance Index
(KPI) is the service-wide Excess Waiting Time (EWT) score instead
of punctuality-based On-Time-Adherence (OTA) of operations to the
planned schedule). Regularity-based services dictate that the daily
trips of one public transport service should keep a certain, pre-defined
time deviation (headway) when passing by each station of the service
which should not be too small (bunching) or too high leading to excess
waiting times for passengers that wait at the station for that service.

The operational performance of the public transport services are as-
sessed through this EWT scheme at high-frequency services, and, in
some cities, such as London and Singapore, the public transport oper-
ators receive monetary penalties or bonuses depending on the daily
EWT score of each service. In many other cities, the EWT score of the
public transport service indicates the performance of the service and

' {e qg=1{-5-4,..,0,..4,5} if |DKp,</~Sp,- —t—1t"| < 60minutes
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the service operator can have his contracts terminated if the daily EWT
scores of that services are below average.

The service-wide EWT of one public transport service is a linear
function of the EWT scores observed at several stations of the trans-
port service during different periods of the day (morning peak, af-
ternoon peak, etc.). Those time periods have starting and ending
times: (7, TY) AT, T5 ) (T, T5)). By definition, the EWT at each station,
Sp,j € Sp is calculated from the planned arrival times of consecutive
trips for every time period ((T, Ty )) and since it is a variance from the
expected waiting time for passengers cannot take a negative value:

EWT;T;'Tgf) = max|0; Ztl'l—{lil_l_fkpmsp,j((DKp,ifSp,.f +3K,,) = (DK, i,8p, * XKy
e 2% 0k,i5,,((Dk, s, + XK, ) = (DK, 1,5, + XK, 1))
B Z,lff i O0K,i,5p.: (PKy Sy + ¥Kpi) = (DK, 11,5, + XK, 1))
2 Zzlfé) - OK,1,5p,;
(5.4)
where

3 S e

0 e if DK,,8,; + XK N DK, 1,8, + XK, € (Tg, Tg)

Kp,irsp,j .
0 otherwise

(5.5)

The EWT score at station S, ; for public transport service p is then
derived by aggregating the EWT scores from different time periods of
the day:

@37
2oL EWTGE
(5.6)

EWTs,, = .

o
g=1

In a similar fashion, the service-level EWT which is the main KPI for
every regularity-based services is then derived by adding the EWTs
computed at different stations (in some cases some stations might have
higher weights than others):

1Sp |
j:q EWTSP,./'

1Sp |

AR

2

EWT, = (5.7)

For satisfying condition (i): "the operations are better of, or at least not
deteriorated, at the service-level after the rescheduling of the service",
the first objective is to reduce the EWT score at the service level or
at least ensure that it is not increased. In addition, for not increasing
operational costs, it is not allowed the insertion of new, additional
transport modes at each re-scheduled public transport service and the
number of planned trips is kept the same as before (no inclusion of
additional trips). Changing however the departure times of some trips
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might lead to operational cost changes such as fuel consumption due to
traffic condition changes but those costs are omitted from the analysis
because they are of minor importance especially since our re-scheduled
trips change departure times within the range of ¢ = {-5, +5}minutes
resulting to small changes (no morning trips are shifted to afternoon or
from peak to off-peak conditions where the network traffic is expected
to change significantly).

Finally, for satisfying condition (ii) and not allowing any regular pas-
sengers to get over-penalized because of the re-scheduling, the fre-
quency constraint rule is adopted which is also used for the tactical
schedule planning from public transport operators. This rule is the
outcome of the tactical frequency setting phase and dictates the range
of minutes where successive trips can depart from the departure sta-
tion for covering adequately the passenger demand at every station
of the planned service. The frequency range changes over different
time periods of the day (morning peak, etc.) and if the time periods
of the day are: {1,2, ..., 0}=((T}, T)) (T3, T5) (T}, Ty)), then for each time
period g € {1,2,...,0} there is a minimal frequency value /(g) and a
maximal frequency value A(g) which should not be violated by any
couple of successive trips within that time period. This rule indirectly
ensures that any re-scheduled timeplan that does not violate the fre-
quency range for every time period of the day will cover the regular
passenger demand in a satisfactory manner and no regular passengers
of the service will be over-penalized.

For instance, if one trip K}, 4 is subject to re-scheduling and belongs to
the time period g, then the departure time deviation xg, , should be
such that:

I(g) < Dk, 4,5,1 T XK, 4) = (DK, 4 1,Sp1 T XK, 51) < 1) (5.8)

While re-scheduling the planned public transport service p that con-
tains a joint leisure activity trip K, ; € K,,, the objective is to: (a) min-
imize the utility score of joint leisure activity passengers (¢ — " —
(DK, 1,5, + xk,,))?, (b) disturb only the planned trips which are at
the close vicinity of trip K,; € K,: xk,, = 0 if |DKp,¢,5pj —t—1" >
60minutes, (c) minimize the service-wide EWT score, (d) do not vi-
olate the planned frequency range of successive trips derived from
the tactical planning phase, (e) ensure that the new EWT will at least
not be worse than the service-level EWT of the original timeplan. It is
important to note here that points (c) and (d) are also the objectives
for the public transport authorities when they plan their daily time-
plans (timeschedules). If the service-level EWT of service p before the

re-scheduling was EWT, /", then the above objectives result in the
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following optimization program written in the standard form:

min  f(x) = (1 =1" = (DK, .5, + XK, )2 + EWT,(x)
st EWT, “EWT,(x) 20

(DKp,dnSp,l + pr,:b) - (DKp,¢71,5p,1 + xK,M/;fl) - l(g) >0

’VDKp,tP'Sp,l +pr,¢ S (Tgs, T;), Vg (S {0, 1, 2,..., 0} (59)

h(g) - (DKp,;/;,SI,,] + -pr,q)) + (DKI,,¢_1,SI,,1 + -pr/¢_1) >0

’VDKp,abrSp/l +Xk,, € (T;;,V,T;),Vg € {0, 1,2,.. 0}

xeqg={-5-4,..,0,..4,5}minutes

xK,, =0,V : |DKp,¢fSp,~ —t—1"| > 60minutes

In this optimization problem, the objective function is nonlinear and
the service-level EWT constraint is also non-linear. This problem is
combinatorial and includes also a series of linear inequality constraints
for satisfying the allowed frequency ranges. Item (a) is covered by the
objective function. Item (c) is also covered by the objective function
whereas item (e) is covered from the nonlinear EWT constraint. Item
(d) is covered by the series of linear inequality constraints and item
(b) is covered by setting xk,,, =0,V¢ : | Dk, 0Sp; ~1 "] > 60minutes.
The computational complexity of this problem is exponential O(|¢|*)
where p is equal to the number of re-scheduled trips (i.e., trips for
which |Dg,, oSp, 1™ Y| < 60minutes); therefore, this problem is com-
putational intractable and an exact solution can be computed only at
small-scale scenarios. For instance, if within the 2-hour time period of
interest there are 20 planned trips from this public transport service
a minimum number of 6.727E+20 computations is required. In addi-
tion, if there is not one, but P public transport services that require
rescheduling for adjusting to the leisure activity demand, then the
computational complexity becomes O(P|g|’).

Finally, it is evident that if within the time range Dk, , s, ; + 60minutes
there is another trip K, ,, that belongs to the same public transport
service and can serve another joint leisure activity demand with S, ,,,
the closest station to that activity location and 7, #}" the starting time
and the walking distance from station S, ,, to the location of that
activity respectively, then the re-scheduling problem of this public
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transport service is transformed to:

+ XK, + EWTp(x)

m

i _ w 2 w
min - f(x) = (=" = (Dk,, ; 5, +*k, )" + (117 =(Dk, .S,

st. EWTpe/ore

(DKI’/'Z”SPJ + pr,(p) - (DKP/ll’—l’SP/l + XKI,,(/,,]) - l(g) = O/

Vg € {O, 1,2,.., 0}, VDKp,tbrSp,l + pr,¢ € (TS,Tg)

—EWTp(x) = 0

g) = (DK, 4,Sp1 ¥ *Kp ) + (DK, 4 1,5,1 + XK, 4 1) 20

Vg €{0,1,2,.., U}rVDKp,d,,S + XK, , € (TS,Tge)

1
xeq=1{-5-4,..,0,..,4, 5 minutes
XK, s =0,V : |DKp,¢/Spj —t—1"| > 60minutesU |Dg,, , 5, —t —t"| > 60minutes

(5.10)

5.2. Demand responsive public transportation
rescheduling with evolutionary
optimization

The proposed heuristic search method is a heuristic optimization
method which attempts to explore intelligently the solution space
and converge to the global minimum of the multivariate scalar function
f- Note though that heuristics do not guarantee a convergence towards
a globally optimal solution. The heuristic method is composed of the
following features: i) formulate a penalty function p(x) for including
the constraints to the objective function and penalize the objective
function score if any constraint is violated leading to the formation
of an unconstrained optimization problem where p(x) = f(x) when
all constraints are satisfied ii) generate two random parents and pro-
ceed to next generations with the formulation of an iterative Genetic
Algorithm (GA).

This global minimization method is heuristic and it is not possible to
determine if the true global minimum has actually been found. Instead,
as a consistency check, the algorithm can be run from a number of
different random starting points to increase the chances that one of
our solutions is close to the global minimum.

For notation simplification, let assume that the problem constraints
(the service-level EWT score nonlinear inequality constraint and the
frequency range linear inequality constraints) are denoted by c;(x) >
0,Vi where i represents every different constraint. For instance ¢(x) =
EWT,*/°"® — EWT,,(x) > 0. Then, the re-scheduling problem of Eq.5.9
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for service p can be expressed in a simplified manner as:

minimize f(x)

subject to c1(x) =0

Vg €{0,1,2,..,0} ca(x),c3(x), s c14m1(x) 2 0,VDk,, , 5,1 + XK, , € (Tg,Tg)

Vg €{0,1,2,..,0}  cm142(x), cm143(X), s C1am1em2(x) 2 0,VDk, 5,1 + Xk, , € Ty, Tg)
xeq=1{-5-4,..,0,..4, 5 minutes

XK, =0,V¢: |DK1,'¢/5,,J, —t—1"| > 60minutes
(5.11)

Introducing a penalty function, p(x), can transform the above con-
strained optimization problem to an unconstrained one:

1+ml+m2
minimize p(x) = f(x) + Z (min[—¢;(x), 0])?
i=1 (5.12)
xeq=1{-5-4,..0,..,4, 5 minutes

XK, =0,V¢: |DKP/¢’SPJ' —t—1t"| > 60minutes

The expression (min[—c;(x),0])? is the main addition to the penalty
function and dictates that if a constraint ¢;(x) is negative, then min[—c;(x), 0] =
—c;(x) and the constraint is violated for the current set of variables x;
therefore, the objective function is penalized by the term (min[—c;(x), 0] =
—ci(x))?. Otherwise, if ¢;(x) > 0 this constraint is satisfied for the cur-

rent set of variables x and is not penalizing the objective function since
min[—c¢;(x),0] = 0 and (min[—ci(x),0] = 0)> = 0.

The heuristic search has a dual scope. Starting from an initial solution
guess xo where p(xp) > f(xo) it should explore the solution space until
at some iteration k there is p(xx) = f(xx). At that iteration it is ensured
that all constraints are satisfied. However, the search should continue
to reduce further the score of p(x) until a convergence test is satisfied at
some solution x, which is also the approximate solution to the search
of the global optimum.

At the initial stage of the heuristic search, let assume that there is a pub-
lic transport service p which can serve a joint leisure activity that starts
close to station S, ; and a number of p trips belong to that service such
that |D’<p,¢/5p_,» —t—1t"| < 60minutes, V¢ € {1,2,...,p}. Then, one can
re-schedule the departure times of those p trips by selecting different

values from the discrete set g = {-5,-4,...,0, ...,4,5}minutes.

At the first stage two random sets (parents) of problem variables are
generated. Let the first random set (parent 1) be denoted as Pa. Pa is
a p-dimensional vector where each element of the vector contains a
random value from the set ¢: Pa = {Pay, Pay, ..., Pa,} and Pay, ..., Pa,
take random values from the set ¢. In addition, the second random
set (parent 2) has exactly the same characteristics with Pa, namely,
Pb = {Pb1,Pb2,..., Pbp} and Pby, ..., Pb, take random values from the
set ¢. Finally, another random set (child) denoted as C# is initialized for
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which also Ch = {Chq,Chy, ...,Chy} and Chy, Chy, ..., Ch, take random
values from the set g.

The heuristic search exploration is iterative and at the first stage the
penalty function performance of the parent 1 and the parent 2 (p(Pa),
p(Pb)) is computed by selecting the penalty function as the fitness func-
tion. The parent with the highest penalty function score is the ‘'weak’
parent and is the selected parent for replacement at future iterations.
At this stage, a sequential crossover phase is triggered starting from the
first element of both parents (Pa; and Pb1) and choosing randomly one
of those two values to replace the child value Chy. If Pa; is randomly
chosen, then the child vector becomes Ch = {Pay,Chy, ..., Chy,}. In addi-
tion, mutation is allowed by introducing a mutation parameter m,, « 1.
Then, a number a is randomly chosen from the integer set {0, 1, ..., 9, 10}
and if a < m,,, then the 1st child vector element is replaced again by a
random value ra from the set g: Ch = {ra, Chy, ..., Ch,}. In other words,
during the mutation phase there is a 10% probability to change the
randomly chosen element Pa; from the crossover stage with another
random value ra from the discrete set g.

The fitness of the new child vector is then assessed by computing
the penalty function for p(Ch) and (i) if p(Ch) < p(Pa) and p(Ch) <
p(Pb), then if p(Pa) < p(Pb) the Pb is replaced with Ch: Pb «— Ch
(elitism), (ii) if p(Ch) < p(Pa) and p(Ch) > P(b) then Pa is replaced
with Ch: Pa « Ch (the same holds also for the opposite, i.e., p(Ch) <
p(Pb) and p(Ch) > P(a)), (iii) if p(Ch) = p(Pa) and p(Ch) > p(Pb),
then the child has inferior performance and no parent is replaced. In
addition, the selected child value at this sequence is dropped. For
instance, if Ch = {ra,Cho,...,Ch,} after the crossover and mutation
phase, then Ch drops the change of this sequence and becomes again
Ch={Chy,Chy,...,Chy}.

The sequential crossover continues then with the second elements
of parent 1 and parent 2: (Pay, Pby) and the same crossover/muta-
tion/elitism replacement procedure continues for all trips {1,2, ..., p}.
When the crossover/mutation/elitism replacement procedure for the
departure time deviation of trips p is reached, then the procedure
re-starts again from the beginning performing another sequential GA
search. The first objective is to run this artificial evolutionary approach
repeatedly until a child which has a penalty function score equal to the
objective function p(Ch) = f(Ch) is found (something that guarantees
that all constraints are met for the departure time deviations denoted
by that child).

At some point, parent sets Pa, Pb might have become too similar after
their continuous replacement with better-performing children. Then,
the only way to generate a new child with different characteristics is
via mutation but this might take too long if the mutation rate m,, = 1.
For this reason, if at some point b € {1, 2, ..., p}, Pap = Pb;, the mutation
rate probability is increased to m,, = 7. The same applies when for too
many iterations (more than 500) there is no new child generation with
better performance than its parents. When this new child is finally
found, the mutation rate is restored back to m, = 1 for avoiding a
totally random generation of new children.
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FIGURE 5.1.: Generic representation of
the demand-responsive public trans-
portation subject to operational KPIs and
ridership maximization for joint leisure
activities

The final stage is the heuristic search termination criterion which is
controlled by two elements. The first is the maximum allowed number
of iterations max_it and the second is the convergence rate. For the
convergence rate criterion, if for many iterations there is not a new
child that performs better than its parents even if the mutation rate
is set to m,, = 7 and the previous children that replaced their parents
had too close performance while also p(Pa) = f(Pa) and p(Pb) =
f(Pb), one can assume that a minimum point (bottom of a valley) is
reached (that can be any of the local optimums or the global optimum).
Since there is no mechanism to justify that the minimum point is the
global optimum, the algorithm can be terminated. The heuristic search
method is summarized in the following algorithm:

The sequential heuristic search has computational complexity O(max_it x
p) and in the case of L public transport services that require reschedul-
ing, each service has a unique computational complexity depending
on the number of trips inside that service that need to be rescheduled.
With the sequential heuristic search the time complexity is reduced
from exponential to polynomial and a solution search is feasible even
for large values of p; however, the proposed solution converges to an
approximate global optimal which cannot be guaranteed that is the
real global optimal.

The re-scheduled departure times that improve the service-wide EWT
and adjust the service to the joint leisure activity demand should be
finally adopted by the Demand Responsive public transport service.
For this, a seamless operation Command Center receives information
from Smartphone Apps for deriving the current location of individuals
on the transport network and the location and arrival times of their
planned joint leisure activities. Later, the heuristic sequential search
solution method is applied for computing the desired departure times
of the public transport modes (Fig.5.1).
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5.2. Demand responsive public transportation rescheduling with
evolutionary optimization

Algorithm 3: Sequential Heuristic Search(p(x), f(x))

Setm, — 1,9 =1{-5,-4,...,0,...,4,5} and iteration<0;

With an initial random guess choose a parent 1 set
(Pa = {Pa1, Pay, ..., Pa,}) and compute p(Pa);

With an initial random guess choose a parent 2 set
(Pb = {Pby, Pby, ..., Pb,}) and compute p(Pb);

With an initial random guess choose a child set
(Ch = {Chl, Chz, ceey Chp}),'

while iterations < max_it (1st termination criterion) do

iteration«iteration+1;

foriin range {1,2, ..., p} do

Crossover: Set ¢ « random choice between Pa; and Pb;;

Mutation: if a < m,, where a is a random choice number
from the range {0, 1, ..., 9,10}, then ¢ « random choice
value from the set g;

Replace the i’ element of the Ch vector with c;

Compute p(Ch);

if p(Ch) < p(Pa) or p(Ch) < p(Pb) then

Elitism: Replace the parent with the highest penalty
function with Ch;

Setm, « 1;

Set failed_changes_counter < 0;

else

Undo the replacement of the i’ element of the Ch
vector with ¢ (set it back to its previous Ch; value);

Set failed_changes_counter «—
failed_changes_counter +1;

end

£ p(Pa) = f(Pa), p(Pb) = f(Pb), p(Pa) = p(pB) then

If for many generations no child had better;
performance than its parents:
(failed_changes_counter > 10000), assume
convergence and terminate (2nd termination criterion);

i o

end

end

end

return optimal solution x* where x* = Pa if p(Pa) < p(Pb) and
x* = Pbif p(Pb) < p(Pa);
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FIGURE 5.2.: Visualization after query-
ing bus services 1 and 4 from Sweden
GTFS data

Table 5.1.: GTFS data files and size (total
size: 0.25GB)

5.3. Optimizing the public transport
schedules

For the optimization, GTFS data from Sweden including the planned
schedule of public transport modes for the period 13 February 2016 -
17 June 2016 is utilized. The data includes the files of Table 5.1.

For deriving the planned schedules of public transport modes, a li-
brary was developed in Python 2.7. The library processes .txt files and
converts/stores them to an sql database. This facilitates data queries
and enables web-based visualization (Fig.5.2) of the public trans-
port operations with the use of OpenStreetMap (via OpenLayers, an
open-source JavaScript library: http://www.openlayers.org/api/
OpenLayers. js). The developed Python GTFS library: i) converts .txt
files to sql database tables, ii) can query public transport routes from
the database tables, iii) creates new files containing the planned trips
for each route in ascending order (starting from the earlier morning
trip to the latest night trip).

3
P~ N, Radiohuset

common _
bus stops -~ @
/

Frihamnen

= bus line 1
= bus line 4

Essingetorget

Gullmarsplan

After applying the Python GTFS library, the planned trips for every
public transportation service are sorted and for each trip one can get
the planned arrival time at every station. In particular, the study focus
is on two bi-directional central bus lines (1 and 4) in Stockholm which
can be seen as 4 independent services because every line direction has
another EWT score and another set of constraints. Those are bus ser-
vice 1 (bus line 1, direction 1 (Essingetorget to Stockholm Frihamnen)),
bus service 2 (bus line 1, direction 2 (Stockholm Frihamnen to Essinge-
torget)), service 3 (bus line 4, direction 1 (Gullmarsplan to Radiohuset))
and service 4 (bus line 4, direction 2 (Radiohuset to Gullmarsplan)). In

File Name Size File Name Size
agency.txt 5KB stop_times.txt 242 ,000KB
calendar.txt 17KB stops.txt 6,384KB
calendar_dates.txt 890KB transfers.txt 1,020KB
routes.txt 218KB trips.txt 11,628KB
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Fig.6.4 the stations of services 1, 2, 3, 4 for both directions are presented
together with the EWT at each station calculated from the planned
arrival times according to the Eq.5.4.

" Line 1, Direction 1: Station IDs 4 Line 1, Direction 2: Station IDs

Apart from public transportation data, the data of travelers that are
heading to joint leisure activities is also retrieved following the meth-
ods described in the previous chapters and utilizing social media data
from Stockholm. For the targeted data mining of Twitter, a platform
in Python 2.7. is utilized. From this data, the geo-location information
from Ny, = 62 individuals from Stockholm is collected. Those individu-
als were traveling from their current location to other locations of joint
leisure activities. Those 62 individuals were selected according to the
following criteria: i) they change geo-location outside working hours
(from 15:30-19:30); ii) the location they are heading is not related to
work/home, but it is a leisure activity location for them; iii) their final
destination is close to one of the interchange stations of bus lines 1 and
4 (namely, bus stations 7446154, 7446095, 7421661, 7445964, 7445967
and 7445952); therefore, they have the option to use bus line 1 or bus
line 4; iv) their travel origin is within walking distance from at least
one bus station of lines 1 and 4; v) they arrive at the location of the joint
leisure activity within a time variance of less than 25min.; therefore,
it is assumed that they participate at the same activity. Criterion (v)
is the strongest assumption since multiple joint leisure activities can
occur nearby concurrently. However, by depending solely on Twitter
data one cannot justify the potential splitting of a joint leisure activity
into multiple concurrent ones with a high degree of confidence. The
current locations and the final destinations of groups of individuals
who are heading to the same leisure activity location are presented in
Table 5.2.

FIGURE 5.3.: EWT at every station and
service-level EWT for every service ac-
cording to the planned schedule of daily
trips for bus lines 1 and 4 in both direc-
tions for the afternoon EWT phase (time
period 2:10pm-7:30pm)
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Table 5.2.: Nearest stations to individu-
als who are performing a joint leisure

activity
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Individuals (Ng = 62:individual trips from  Trip Destination =~ Event
who are per- current station to Joint Leisure = Bus Station  Time
forming similar  Activity Station) (Joint  Leisure
joint leisure Activity Station)
activities
Trip Departure 7445462, 7446157, 7421658, 7446154 17:00
Bus Station 7469180, 7401541
Trip Departure 7445961, 7401541, 7445964, 7445967 16:30
Bus Station 7421665, 7421657, 7446075,

7446028, 7421661
Trip Departure 7446095, 7446026, 7446025, 7445964 16:00
Bus Station 7445954, 7421649, 7421661,

7446177, 7445976, 7445974,

7446026, 7445955
Trip Departure 7446108, 7446075, 7445992, 7445964 19:30
Bus Station 7421705
Trip Departure 7446108, 7446177, 7446160, 7446095 17:00
Bus Station 7421657, 7446011, 7469180,

7446156, 7446109, 7446177
Trip Departure 7446007, 7445972, 7445465, 7446095 18:30
Bus Station 7445952, 7446150
Trip Departure 7446090, 7445964, 7421661, 7421661 15:30
Bus Station 7446154, 7445952, 7446160,

7446157
Trip Departure 7446029, 7421705, 7420741, 7421661 18:00
Bus Station 7469180, 7421705, 7421665,

7445992
Trip Departure 7421667, 7445976, 7446095, 7445952 17:00

Bus Station

7446095, 7445967, 7421655

From the above, there are A = 9 different joint leisure activity loca-
tions and each one has the following number of participants who are
heading there from their previous location: N = 62, where N =
Ne(A1) + Ng(A2) + ... + Ne(Ag) and Np(Aq) =5, Ne(A2) = 8, Ne(Az) =
11, Ng(Ag) = 4, Ne(As) =9, Ne(Ag) = 5, Ne(A7) =7, Ne(Ag) = 7, and
Ng(Ag) = 6.

On another note, Python GTEFS library was utilized to query the
database tables and select the number of public transport trips, =,
that can serve those joint leisure activities. First, all planned trips
from 14:10(850min.) - 19:30(1170min.) of bus lines 1, 4 on both direc-
tions together with their planned arrival times at every bus station
are presented in Fig. 6.5. Then, those trips, 7, that can be used from
the N = 62 individuals for arriving at the locations of joint leisure
activities are selected (refer to Table 5.3).
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Line 1, Direction 1:

90656299, 90656481, 90656480, 90656293, 90656392, 90656601, 90656605,
90656408, 90656408, 90656613, 90656613, 90656607, 90656607, 90656409,
90656409, 90656615, 90656337, 90656725, 90656801, 90656271, 90656794

Line 1, Direction 2:

90655951, 90655947, 90655891, 90655953, 90655963, 90655963, 90655963,
90655886, 90655886, 90655886, 90655964, 90655824, 90655769, 90655903,
90655767, 90655938, 90655927, 90656128, 90656164

Line 4, Direction 1:

90661185, 90661816, 90661826, 90661821, 90660993, 90661189, 90661798,
90661808, 90661687, 90661832, 90661691, 90661835, 90661835, 90661519,
90661519, 90661519, 90661813, 90661693, 90661693, 90661428, 90660717,
90661426, 90660755, 90660756, 90661494, 90661651, 90661325

Line 4, Direction 2:
90661590, 90661059, 90660931, 90660962, 90661597, 90661585, 90661614,
90661616, 90661616, 90661037, 90661037, 90661588, 90661588, 90660956,
90660956, 90660956, 90661586, 90661586, 90661586, 90660939, 90661591,
90660946, 90660905, 90661035, 90660908, 90660977, 90661069, 90660918,
90661127, 90660920

7445972
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7421013
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7446154
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7446157 -
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7446090 -
7421705

7445462 4
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7446157
7469180
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7446025
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7445964 4
7446032

™ ™ ™ ™ ™ ™ ™ ™ 7445992 +
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Line 4, Direction 1: Planned Arrival Times at Stations Line 4, Direction 2: Planned Arrival Times at Stations

Those trips are planned to arrive at the joint leisure activity loca-
tions {A1, A2, ...., Aja|} at times which are close to the starting time
of the joint leisure activity. In Fig.5.5 the planned arrival times of
trips {71, 72, ..., mz=97} at every joint leisure activity station and their
deviation from the starting time of the joint leisure activities (which
should be as close as possible to zero after the re-scheduling phase)
are presented.

Table 5.3.: Trips IDs of 7=97 trips that
can be used from individuals for arriving
to the locations of joint leisure activities

FIGURE 5.4.: Planned arrival times of
trips at every station for bus services 1, 2,
3, 4 from 2:10pm (850min.) until 7:30pm
(1170min.)
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FIGURE 5.5.: Planned arrival times of
trips {m1, 7, ..., Tr=97 }at joint leisure
activity stations {A1, Az, ..., Aj5)p} and
their time deviation from the starting
time of the activity in min. A positive de-
viation means that the bus arrived min-
utes after the activity started and a nega-
tive that arrived before
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After optimizing the schedule for the bus services with the sequen-
tial heuristic search method, the new EWTs at every station and the
new service-wide EWT are presented in Fig.5.6 in comparison with
the planned schedule EWTs at the do-nothing scenario. While re-
scheduling each one of the public transport services that contain po-
tential joint leisure activity trips {m1, 72, ..., mz=97} the objective is to: (a)
minimize the deviation between the arrival time of each trip at the joint
leisure activity location and the starting time of the activity (presented
at Fig.5.5), (b) disturb only the planned trips which are at the close
vicinity of trips {m1, 72, ..., Tz=97} (less than 60minutes deviation), (c)
minimize the service-wide EWT score, (d) do not violate the planned
frequency range of successive trips derived from the tactical planning
phase, (e) ensure that the new EWT will at least not be worse than the
service-level EWT of the original timeplan.
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Table 5.4.: Re-scheduling Summary Re-

service-wide service-wide Computational .
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(time period 2:10pm-7:30pm)

In addition, the service-wide EWT score before and after the optimiza-
tion together with the value of the penalty functions at the convergence
state are presented in Table 5.4. In that table it is also shown how the
arrival time of trips 7 at the joint leisure activity locations has been ad-
justed to the joint leisure activity starting times by presenting the time
deviation scores (computed from Eq.5.2) before and after the reschedul-
ing. Those scores are the aggregated values of the squared difference of
the trips” arrival times to joint leisure activity locations and the starting
times of those activities represented by the abbreviation ASQ scores.

For demonstration purposes also, the re-scheduled arrival times of
bus trips n; € m which can be potential joint leisure activity trips
at the location of those activities are presented. The starting time of
those activities are also presented. The re-scheduled trips have closer
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FIGURE 5.7.. Starting times of
Joint Leisure activities and Re-
scheduled arrival times of trips
{m1, 72, ..., ix—97 }at joint leisure activity
stations {A1, A2, ..., Aj5)p} in minutes.
For every trip, the re-scheduling
improvement in terms of adjustment
closer to the starting activity time is also
expressed in minutes (negative values
indicate deterioration).

FIGURE 5.8.: Computing time for re-
scheduling public transport operations
related with joint leisure activities with
brute force (left) and heuristic search
(right). Only up to 7=10 trips were able
to be tested due to the exponential com-
putational cost of brute-force

arrival times to the starting times of the activities after optimizing
them with the sequential heuristic search method. How closer are the
re-scheduled trip arrival times to the activity starting times compared
to the planned arrival times is also presented in Fig.5.7.
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Finally, to show more detailed results on the computational costs, dif-
ferent scenarios with different numbers of public transport mode trips
m < 10 are also presented in Fig.5.8, since a brute-force computation
for m = 97 is not feasible due to the exponential time complexity.
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5.4. Discussion on the results

In a short summary, the public transport re-scheduling for covering
joint leisure activity passenger demand subject to the no-deterioration
of service quality and the adherence to a set of operational regulations
was modeled and optimized. A sequential heuristic search algorithm
was developed for this purpose in order to change the public transport
schedules in near real time (in a matter of minutes) for adjusting
to the arrival time needs of joint leisure activity passengers without
deteriorating the KPIs of public transport operations.

In Fig.5.6 the re-scheduling changes on the bus line 1, 4 EWTs were
presented demonstrating that the operational performance of bus
services had an EWT improvement at a service-wide level for all
services while only some stations from line 1, direction 2 and line 4,
direction 2 had a slight EWT deterioration(up to 0.6min.). In addition,
those under-performing stations did not affect significantly the level
of service of bus operations. After re-scheduling, joint leisure activity
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trips from all services enjoyed new arrival times to the joint activity
stations which were closer to the starting times of those activities.
Finally, the computational cost of the proposed heuristic algorithm
for public transportation re-scheduling was presented in Table 5.4
demonstrating that a convergence to the approximate global optimum
requires from 2-6 minutes.

A straightforward expansion of this application is the utilization of
the public transport mode optimization method for covering joint
leisure activity trips at the entire public transport operations of a city
(including bus, metro, trams and rail).






Journey planning optimization
of Joint Leisure Activity Travel-
ers under resource constraints

In previous chapters the main focus was on identifying users” mobili-
ty/activity patterns, optimizing joint leisure activities locations and
times and re-scheduling public transport mode schedules for covering
passenger demand related to those activities. After that, selecting the
optimal route for reaching the joint leisure activity location is the last
remaining step for optimizing joint leisure activities. Scientific research
has shown that the lack of real-time information and/or the deficiency
of communication mechanisms have prevented the optimal use of
transport infrastructure. An attempt to give an idea of the degree of
inefficiency was made in the experiment of [81]. In this experiment 188
routes between 91 Origin-Destination pairs were tested and only the
37% of the users chose the fastest path to their destinations due to lack
of information.

The need for information exchange is served in transport networks
by a range of communication technologies and Intelligent Transport
Systems (ITS). Yet, this is an increasingly developing field and there
is room for further improvements. In this thesis, the focus is mainly
on mobile devices that contain also navigation capabilities. From now
on, the term mobile device will be used to describe the new gener-
ation of smartphones with built-in Global Positioning System (GPS)
receivers.

In general, mobile phones have many advantages both from the per-
spective of an individual user and the perspective of a network’s
manager. Considering the former case, mobile devices serve the need
of practicality because not everyone wants a separate device for every
function, even if that makes each one perform its specific task better.
Moreover, mobile devices could be used for navigation purposes from
every user (i.e., pedestrians, cyclists) and not only from motorists. As
a result, mobile navigation opens new markets for different groups
of customers, and is currently considered as the new competitor of
in-vehicle satellite navigation. Until 2005, the navigation projects in
mobile phones came a long way along the priority list, after higher-risk
projects like mobile TV. However, the news from the global markets are
promising and a survey on the use of navigation devices by GfK retail
and technology (2010) stated that 53% of the respondents in Germany,
48% in UK and 39% in France articulated the belief that mobile phones
with new navigation features would compete in-car satellite devices
for market domination.

From a global perspective (i.e., system operator, traffic manager) the
mobile navigation is also beneficial. Firstly, mobile devices can be
used as data sensors by pinpointing the location of their user or pro-
viding information for other traffic parameters (i.e., average speed,
velocity and more). This concept has already been used for in-vehicle
navigation systems (probe vehicles), where the cost of the sensor was
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included in the price of the guidance system itself. The main differ-
ence though is that mobile devices are expected to saturate the market
which means that they would be able to provide larger amounts of
sensing data. Furthermore, more users will be equipped with naviga-
tion devices; hence, information about the real-time traffic conditions
of the network, emergencies or accidents etc. would be disseminated
to a larger audience.

Despite their advantages, mobile navigation systems suffer from sev-
eral drawbacks. The two major disadvantages of mobile devices are
their limited storage space and their low computing power. Never-
theless, the focus is on mobile navigation and how the comparative
advantages of mobile navigation can be used for proposing an ade-
quate mobile application for joint leisure activity journey planning.
For this purpose, 2 different architectures are presented which have
been used for route guidance systems and a set of requirements for
the suggested mobile application is formed.

6.1. Route guidance systems for in-vehicle
and mobile navigation devices

Regarding the provision of information to drivers, route guidance
could be either prescriptive or descriptive. In the first case, it provides
routes to the guided users, while in the second provides information
only about the network state, letting the users interpret this informa-
tion in their own terms.

The required data being used for navigation purposes may be con-
sisted of network topology information, historical average conditions
and real-time sensed data (either by stationary or mobile sensors).
Corresponding to the nature of provided information, route guidance
could be provided either just prior to departure or it could be con-
tinuously updated while the passenger is en-route. A proven way to
broadcast live-traffic information to users is the Traffic Message Chan-
nel (TMC) of the Radio Data System (RDS), which makes use of coded
traffic information transmitted with FM radio. However, considering
the case of mobile navigation, another way for the dissemination of
traffic information is the mobile Internet.

The location of the computational components categorize the route
guidance into centralized or decentralized. In centralized route guid-
ance exists only one central computational component which operates
on data from the entire network and provides detailed, individual
routes to its clients. On the other hand, in decentralized architectures,
the route selection function is located on in-vehicle or mobile naviga-
tion devices. Additionally, in the autonomous form of the decentral-
ized route guidance, all route guidance functionality is embedded in
the navigation system, and this yields a static route guidance appli-
cation. In decentralized dynamic architectures, link travel times are
broadcasted to travelers to provide real-time estimates of network’s
condition and each navigation system computes its client’s route.
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devices

Generally, decentralized systems are envisioned as reactive due to their
low computational burden and their quick response to changing condi-
tions (a good performance in the case of an emergency). Yet, they tend
to lead to an all-or-nothing traffic assignment because different naviga-
tion systems which compute a route for the same Origin-Destination
pair share the same disseminated information, and thus may propose
the same path to their users. Finally, they tend to be poorer at predic-
tion because they are not benefited from full data sharing. In contrary,
in centralized systems, predictive algorithms which use historical and
real time data together with models of network and user behavior are
used to estimate future network conditions. Their drawbacks are their
lack of reaction because they perform complex computational analysis
and the influence of the network’s conditions due to users’ reaction
to guidance. The latter is a complex problem being formed by the
mutually dependent relationship between the prediction of network’s
conditions and the effects of the users’ compliance to guidance (the
effects of this problem could be mitigated by a sophisticated algorithm
which predicts the future network state including the expected effect
of guidance). Due to their drawbacks none of those route guidance
methods has prevailed so far and new architectures, such as the Hy-
brid route guidance, have emerged to integrate those methods and use
their strengths. For example, in a Hybrid route guidance system the
predictive guidance is generated in a centralized layer and revised in
a decentralized layer (for a comprehensive description see [82] ).

Considering the provision of route guidance, a transfer from the au-
tonomous systems to the decentralized and finally to the centralized
seems to be the meaningful way of evolution. The Simulator of An-
ticipatory Vehicle Network Traffic Flow (SAVaNT) developed by [83]
was a first attempt to provide a predictive Decentralized Route Guid-
ance where the central server disseminated information to its clients
not only about the current link travel times, but also about the pre-
dicted link travel times within a predetermined time horizon. How-
ever, the anticipatory decentralized route guidance was superior to
the non-predictive one if the market penetration of navigation systems
(system’s clients) was less than 30%.

DynaMIT is another software tool for centralized, predictive route
guidance, first presented by [84] . This architecture enables a two-
link communication between the users and the central server, and
the external server itself provides route guidance to its clients with
the intent of influencing their decisions. This concept is known as
Consistent Anticipatory Route Guidance (CARG), where real-time
traffic conditions are used to make predictions of the evolution of
the network’s traffic conditions within a predetermined time period.
Hence, information provided to a user will reflect the conditions that
are expected to prevail at network locations at the times when he
will actually be there. One of the drawbacks in generating anticipatory
route guidance is that the system under consideration is affected by the
dissemination of information itself, thus the predictions on which the
guidance was based may be invalidated. This problem was introduced
by [85] while the first formulations of the CARG generation as a fixed
point problem have been proposed by Bottom, [86] and developed by
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[87].

6.2. Journey planning and guidance from
mobile phones

Problem Description

One of the advantages of new generation mobile devices is their ac-
cess to mobile internet. The online access could be used for multiple
purposes, but first the focus is on map downloading. In this case, an
external server encompasses digital map information which is dis-
tributed to mobile devices via mobile internet (e.g. Google maps). One
of the benefits is that the user does not need to purchase any digital
maps and then go through the process to install and retain them up-to-
date. In addition, this service could be provided anywhere (provided
that a mobile internet connection is established); hence, the user is
not relying on local, pre-installed digital maps, but enjoys access to
a digital map wherever he is. Finally, since the digital maps are not
directly installed to the mobile device but uploaded via internet, there
is no need for extra mobile storage space (the storage requirements are
shifted from the mobile device to the external server).

Another matter of concern is the quality of the provided traffic data. A
drive test by [88] (Where the route guidance performance of two mobile
and three in-vehicle devices where tested on field) demonstrated the
importance of real-time traffic data for the selection of the fastest path.
The device with the best performance was a TomTom HD 1000 (in-
vehicle navigation device) with online access to TomTom’s HD traffic
centre, and this is good news for the idea of collecting live traffic data
directly from mobile devices. However, live traffic data regarding the
location of vehicles in the network and their speeds (which infers the
travel time of network’s links) may be enough for in-vehicle route
guidance but is definitely not enough for the case of mobile navigation
and the reason is that a significant proportion of mobile users does
not hold a driver license or have a direct access to a vehicle. As a
result, the aim of a mobile application should be to provide real-time
multi-modal journey assistance for joint leisure activity travelers.

By the term multi-modal it is not described the provision of a fastest
path solely by car or through a combination of different means of
transport (which is already provided by Transport Direct, Google
Navigation for Mobiles and more), but instead, the provision of the
fastest route which integrates the use of car and other transport modes.
Hence, the user will be informed about where to drive, where to park,
what mode of transport to use, in which station should make a change
between different transport modes and how to continue until the final
destination. Of course, if the user does not have an access to a private
vehicle he will be only informed about the fastest path via different
modes of public transport. The real-time multi-modal journey assis-
tance empowers the user to realize his options more accurately and it
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might also enhance inter-modal routing by suggesting private vehicle-
public transport combined trips. However, in order to provide this
functionality, a large amount of real-time and historical data should be
provided to a central server via third party organizations. That data is
summarized in Table 6.1

Road Data Public Transport Data Parking Data

Restrictions and Speed  Public Transport Sched- Parking Spots

Limits ules

Incident Information Public Transport Routes  Parking Space Availabil-
/ Stops ity

Real Time Travel Time of  Real-Time Arrival and
Network Links Departure Times

Predicted Journey Times  Public Transport Inci-
dents Information

Considering the architecture of the mobile application, the anticipa-
tory route guidance is adopted. This architecture requires information
exchange between mobile devices and external servers, which will
be called Mobile Device-External Server Partnership (M-ESP). In this
architecture, the path-finding procedure is split in three distinct parts:
a) the user’s position is defined by the GPS receiver, b) up-to-date
digital maps are instantly downloaded from the central server using
a data plan tied to the device and c) the central server computes the
optimal route and communicates it to its client.

The centralized architecture is preferred because it mitigates the weak-
nesses of mobile navigation. Firstly, the solution of the real-time multi-
modal journey problem requires high computational power and this
function cannot be supported by the typical 1000-2000MHz processor
of a mobile device. Furthermore, the central server could provide dis-
seminated information to road users with the intent of influencing their
route choice decisions (this could yield a system-optimum traffic as-
signment, but this subject is not the purpose of this work). In addition,
the central server computes the suggested route considering the future
travel times at each link (concept of anticipatory route guidance). The
main problem is that the system under consideration is affected by the
dissemination of information itself, thus the predictions on which the
guidance was based may be invalidated. A first idea is to use a hybrid
architecture, where real-time information will be disseminated to the
mobile device recursively and if a new fastest path is found (because
the predictions of the server were not accurate) then a re-routing will
be performed. However, even if hybrid architecture could be used
to find the fastest path via a private vehicle, it is not recommended
for a multimodal journey planning because in that case the mobile
processor will not have the ability -in terms of computational power
and according to what is known today- to provide a solution to the
problem.

The computational power of the central server could be also used to
provide more complex routes to its clients. For example, possible add-
in functionality is the real-time multi-modal journey planning with
respect to a number of constraints. The characteristics of M-ESP enable

Table 6.1.: Data Requirements for the
proposed mobile application
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the development of a guidance system which not only offer travel
assistance, but also serve other customers’ preferences. The proposed
architecture aims to go one step forward and enable the conversion
of mobile devices from route assistants to personal travel guides. In
order to achieve that, every mobile device should communicate with
the external server and supply it with information about its owner’s
preferences (e.g. a user may not have a car or may prefer to walk less
than 5 minutes). This will be served most properly if users’ habits are
stored in databases and the information is automatically retrieved in
the future (i.e., every user would have a private account where his
profile is stored or may be constantly retrieved from his/her profile set-
tings that reside on the mobile device). Hence, the external server will
be supplied with the required information and will suggest personal
optimised routes based on each user’s preferences. Of course, the main
criterion for path-selection will still be the minimization of the total
travel time (based on real-time traffic data and predictions about the
links’ travel time in the future) and the users’ preferences (e.g., maxi-
mum fuel consumption, maximum walking time or maximum number
of transfers between different modes) will provide threshold values
which would lead to path rejection whenever they are violated.

Due to the creation of databases with observations about users’ behav-
ior, this architecture is expected to also benefit mass transit because
a more qualitative traffic data would be collected from users of the
application which could be used for transport modeling purposes. For
example, regression based trip-end mode choice techniques in a macro-
scopic level or utility based techniques in a dis-aggregate level could
be formed for the simulation of users’ behavior and these techniques
could be calibrated by comparing their results with data provided
by the new architecture. Furthermore, one can test the validation of
these techniques by studying different theoretical scenarios such as
enforcing speed limits, diverting directions, offering a new bus service
and explore possible users reactions to these measures. The service
platform of the mobile application is presented in Figure 6.1.

The multi-modal journey problem under constraints

Following the presentation of the mobile application in the previous
section, one should be cautioned that even if the required traffic data
is provided (refer to Table 6.1), the real-time multi-modal journey
problem under constraints requires high computational power and
its solution is not a trivial task. In this section, a brief description of
algorithms for route guidance will be provided in order to present the
methods which can assist the solution of the routing problem.

The first route guidance methods were focused on the solution of
the simple Point to Point Shortest Path Problem (PPSPP), and intro-
duced in the late 1960s. More recently, a number of heuristic solutions
have reduced that problem to one with an almost linear running time
complexity. [89] , [90] and [91] have presented various algorithms for
the solution of the PPSPP. Apart from the computation of the uncon-
strained fastest path, a new trend in route guidance considers also
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travel time uncertainty. [92] show that the link travel times in con-
gested networks have a high degree of unreliability and in many cases
the fastest path yields a worst solution compared to the more reliable
one. In the paper of [93] , travel time reliability was considered as
the objective function during the search for an efficient path and the
total travel time or trip length were secondary objectives (they were
regarded as additional constraints). In [94] a constrained risk-averse
A* algorithm which solves the same problem was presented. It is gen-
erally assumed that travel time follows a log-normal distribution, and
in the first step, the fastest path between two points is computed by
using an appropriate PPSPP algorithm. Then, the links with unex-
pected (non-recurrent) delays are penalized. The procedure terminates
when the computed route satisfies the constraints imposed. Follow-
ing this method, non-recurrent delays are avoided and the proposed
routes are not too circuitous, but it cannot be guaranteed that the new
sub-optimal paths will be accepted by the users.

The objective function of a route guidance problem still remains an
open field in transport research and empirical studies by [95] , [96] and
[97] indicated that unlike other problems -such as mode or destination
choice- route choice is very difficult to be described because apart from
the total travel time many other factors such as distance, reliability,
personal preferences and tolls also affect the final decision. Regarding
the proposed mobile application, the total travel time is considered
as the objective function of the problem because the provided real-
time traffic data mitigates the link travel times’ unreliability problem.
However, the other factors are not neglected and are considered as
problem constraints.

Considering the computation of the fastest path in a multi-modal net-
work -where transfers between private vehicles and public transport

FIGURE 6.1.: M-ESP Service Platform
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modes are allowed- the first step is to integrate the information about
multiple modes in a single digital map. This could be done with the
assistance of a Geographic Information System (GIS), where different
layers contain information about the link travel times, the intersections
and the stops and other attributes of each mode (e.g., layer 1 could
represent the road network and its attributes, layer 2 the rail network,
layer 3 the pedestrian network etc.). Following this idea, the mobile
application and its routing guidance function will be based on a GIS
system where each model will be represented by a different layer (for
a more comprehensive description see [98] and [99]).

The second step is to develop an algorithms for the solution of the
multi-modal travel planning problem with an acceptable running
time complexity. The work of [100] , [101], [102] and [103] provide
algorithms for the computation of the fastest path in a multi-modal
network. Most algorithms are based on a label correcting approach
that updates some labels associated with the graph nodes, where the
transport network and the corresponding data are modeled as a multi-
label graph. The objective function of the problem is the minimization
of the total travel time from the origin to the final destination and if two
paths have the same performance in terms of travel times the one with
the less number of transfers is selected. In most cases, the departure
times, the transport modes available in each node and the travel times
on each link of the networks are considered as fixed. In multi-modal
routing, one deals with the additional constraint of departure time
from each station which complicates the solution of the problem and
prohibits the use of the First-In-First-Out Principle (FIFO) principle;
hence, its complexity is highly affected by the chosen model describing
the transfers and their switching times. This problem is NP-Hard and
the developed algorithms treat only small scale networks. For this
reason, [104] focused on the modeling and the representation of data
in order to allow the direct execution of Dijkstra’s algorithm and other
algorithms for the PPSPP while other researchers used bidirectional
instead of unidirectional strategies to cover the graph or other heuristic
methods.

If one needs to compute a multi-modal fastest path which satisfies a
predetermined set of users’ preferences, the problem becomes even
more complicated. The simplest case of the PPSPP under Constraints
has been extensively studied and different methods for its solution
have been presented based on the different types of parameters which
demonstrate the users’ preferences. The most computational friendly
parameters have an assigned numerical value for each link, and are
assumed totalizable along a path (e.g., the total distance of a path is the
sum of the length of each link which consists the path). Hence, most
of the developed algorithms consider a set of totalizable parameters
which consists the users’ preference.

The challenging task of computing the fastest path with respect not
only to the travel time, but also to a number of constraints has been
addressed by many different techniques. One solution for this general
problem is to consider a generalised cost for every link of the network
and perform Dijkstra’s algorithm exactly as one would have done in
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the PPSPP. This generalised cost could contain the travel time of a link,
the length of a link, the required fuel consumption, the greenhouse-
gas emissions and other imposed parameters while each one of them
is multiplied by a numerical value (weight) according to the users’
preferences. The weight factor illustrates the level of user’s preference
for a distinct parameter. [105] proposed a utility measure for weighing
the links with their cost, time or other constraints. However, even if
the estimated function of the generalized cost simplifies the problem
to a classical PPSPP, this method is not extensively used because it
is indirect, it does not provide evidence that the selected path is the
optimal one according to the user’s needs and the weight factors are
determined on an empirical basis.

Another, more straightforward method, allows the user to set an upper
bound (threshold value) for each parameter which cannot be violated
(e.g., the user may select to consume less than 8 litres of petrol and
cover less than 65km during his trip to the joint leisure activity destina-
tion). In this case, the parameters are treated as secondary constraints
and the objective function is constructed by the links’ travel times. This
problem is known as the Resource Constrained Shortest Path Problem
(RCSPP) and is also an NP-Hard problem (see [106] and [107]); thus, it
cannot be solved for relatively complex systems, like realistic transport
networks. For this reason, the problem has been extensively studied
and researchers have presented heuristic algorithms, which can be
divided into the following two main categories:

Label Correcting Methods: These methods search exhaustively the
whole network for an optimal solution by using the principles of Dy-
namic Programming (DP) or other heuristic methods. Because the
network is exhaustively searched, pruning methods, such as the domi-
nance method, have been developed to reject a number of options that
cannot lead to an efficient solution with the intention of reducing the
number of iterations and the complexity of the problem. Algorithms
based on the principles of DP for the RCSPP were presented by [108],
[109] and [110], while in [111] a performance assessment of three DP
methods for the solution of the RCSPP is provided together with some
comparative conclusions.

Lagrangian Relaxation Methods: In these methods, the basic form of
the RCSPP problem is changed. Generally, the secondary constraints
of the RCSPP which form linear inequities are now introduced in
the main objective function after being multiplied by the respective
Lagrangian multipliers. Therefore, the objective function is changed
and encompasses all the parameters along with the travel times of
each link; therefore, algorithms for the PPSPP can be used to find a
solution which minimizes the new objective function. A first algorithm
which deals with the RCSPP under one constraint was presented by
[112]. A Branch-and-Bound approach based on a Lagrangian heuristic
for problems with many constraints was presented by [113] and was
based on the well-known Subgradient method. [114] suggested the el-
lipsoid method to update the Lagrangian multipliers. Moreover, [115]
investigated variants of the label-setting algorithm of [108] , and [116]
proposed a suboptimal solution for the large-scale RCSPP problems

[106]: Jaffe (1984), ‘Algorithms for
finding paths with multiple constraints’

[111]: Righini et al. (2008), ‘New
dynamic programming algorithms for
the resource constrained elementary
shortest path problem’

[108]: Desrochers et al. (1988), ‘A reopti-
mization algorithm for the shortest path
problem with time windows’
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based on the extension to the discrete case of an exponential penalty
function heuristic. [117] reduced the state space by aggregate resources
and proposed an adjustment based on Lagrangian and surrogate relax-
ations in a column generation framework, and finally, [118] designed
a three stage approach for column generation applications.

A final straightforward method is to consider the problem as a multi-
objective shortest path problem where there is not a primary objective
function (e.g., travel times) and secondary constraints which are ex-
pressed as linear inequalities, but a set of objective functions. The aim
is to find all the efficient paths with the property that none of the objec-
tives can be optimized further without worsening another one (Pareto
Optimal Set of Paths). To demonstrate the difference of the RCSPP and
the multi-objective SPP let consider the simple case of the bi-objective
SPP with two positive costs ¢;; = {Cilj’ Cizj} associated with each arc ij of
the network, where i is the origin and j is the destination node and cl.lj
denotes the travel time of an arc and Cizj the length of the same arc. The
length of an arc is a numeric totalizable parameter; hence if the user
sets an upper bound for this parameter (e.g., b = 50km total covered
distance), the RCSPP is formed as:

minimize E cl-lj

(i.j)ep
(6.1)
subject to Z cizj <bh
(i.j)ep
while the bi-objective SPP is formed as:
ep O
minimize z(p) = {Z(l’j Jep C‘ZJ (6.2)
2i.)ep Cij

where p is a distinct path from the origin node, r, to the final desti-
nation, s, and p € P(r,s), where P(r, s) is a set which contains all the
feasible paths from r to s.

For the solution of the multi-objective SPP an extensive search in
the network is also required and the problem is NP-Hard even in
its bi-objective form [119] . This search is facilitated with labels and
label-setting algorithms or label-correcting algorithms which have
been developed for that purpose (a multiple objective extension of
Dijkstra’s algorithm can be also used). [120] provide a label-setting
algorithm for the bi-objective SPP while the papers of [121], [122]
and [123] address the multi-objective case. Label-collecting algorithms
which are enumerate approaches are included in [124], [125] and [126]

In the proposed mobile application the real-time multi-modal journey
planning under users’ preferences will be considered as a real-time
multi-modal routing problem under a set of upper bounds for the
secondary parameters which are determined by the users and should
not be violated. As a result, the algorithms which deal with the users’
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preferences will address the RCSPP because: firstly it is computation-
ally difficult to solve a multi-objective problem, secondly the user has
always a predominant preference to select the fastest path and this is
not facilitated in a multi-objective problem where all the parameters
have the same value, and finally the proposed path is closer to the
user’s preferences if he denote precisely his will by setting an upper
bound to his secondary constraints (e.g., willing to have less than 2
transfers and travel less than 50km).

6.3. Modeling the multi-modal journey
planning under constraints

Let G{N, E} be an urban transport network which is the outcome of
the integration of different layers of a GIS system containing spatial
information about different modes of transport. The set of vertices
(intersections-stations) in the network is N and the set of arcs (links)
that connect different stations is E. Each arc, e € E, of the transport
network has the following attributes:

» It is directed and connects an origin node Or(e) =i € N with a
destination node De(e) =z € N

» It can be traversed only by one transport mode and belongs to a
distinct GIS layer: Layer(e)=k, where k = 1,2, ... is the number of
the corresponding GIS layer (i.e., layer 1: passenger arcs, layer 2:
private vehicle arcs, layer 3: rail arcs, etc.)

» It has an assigned travel time which varies according to the time
when is traversed, w(e,t — ) € IR*. Hence, if 1y is the current
clock time, the travel time of the arc is relying on the time of
traversing it (¢). For a future time t —7p > 0, where the travel time
of the arc is unknown, a traffic prediction tool is used

» It has a set of departure times denoting the time when the mode
departs from the origin node of the arc, ¢(AT). For instance, a bus
schedule which passes through an arc, e, is described as in Table
6.2

AT 1 2 3 4 5 6 7 ..etc.

E(AT) 12:00 12:10 12:18 12:35 13:01 13:18 13:36 ...etc.

This means that the arc e € E can only be traversed at a distinct time
given by the time set ¢(AT) and the users have to wait till that time (this
notation is especially used to describe the departure times of public
transport modes).

Before proceeding to the network’s description, it should be mentioned
that two arcs may connect the same origin with the same destination,
but the fact that they are describing the travel times and the departure
times of different modes of transport make them distinct. Let now

i € N be a node of the network with {a1, a2, a3, a4, ..., an} outgoing

h=total number of arcs
arcs.

Table 6.2.: Description of a bus schedule
passing through an arc e
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If a user arrives at node i € N at time D(i) and he wants to traverse
the arc a, € {a1, a2, a3, ay, ..., ap }, then the Switching Time (ST) cost for
the transfer from the current mode of transport to the transport mode,
Layer(a;), is:

SW = min{max{a,(A) — D(i); 0} }YAT (6.3)

where a,(AT) is the set of departure times for arc a,. Following the
above notation, if the user arrives atnode i € N | Or(e) = i at time D(i),
then the required time to traverse an arc e € E -including the waiting
time for departure- is:

min{maxa,(A) — D(i); 0} + w(e, min{max{a,(AT) — D(i); 0} } VAT (6.4)

A sequence of arcs P = (e!,¢?,...,e*, e}, ..., e%) , where Or(e**!) =
De(e*) define a path from node Or(e!) to De(e?). Generally, an optimal
path is acyclic and its nodes are visited only once because in transport
networks w(e, ) > 0.

Let assume a travel from an origin node r to a final destination f with
starting time 7). It is also assumed that P(r, f) is a subset of all feasible
alternative paths from the origin to the final destination. If p* € P(r, f)
is the multi-modal fastest path from r to f, then p* is derived by the
following optimization problem,

Minimise Z(min{max{ar(AT) —D(i); 0} } + w(e, min{max{a,(AT) - D(i); 0} }))
eep

(6.5)

where i = Or(e), p € P(r, f), D(r) = ty and D(De(e)) = De(Or(e)) +
min{max{e(AT)— D(Or(e));0}} + w(e, min{max{e(AT)— D(Or(e));0}}).

If the fastest intermodal path is p* € P(r, f) = (r,...,e*, e}, ..., f),
where Or(e¥*!) = De(e*), then if Layer(e*) # Layer(e**!) a switch is
made between different modes. Therefore, by performing that test for
all the subsequent arcs from the beginning till the end of the path, one
can derive the total number of transfers.

Description of the Multi-modal Journey Planning
Problem under Constraints

A multi-modal journey with respect to a number of constraints is
computed to satisfy the users” preferences or other potential local di-
rectives. In general, instead of providing data only for the travel times
of the network’s arcs to the central server, one can associate many other
attributes to each arc of the network (e.g. information about CO, emis-
sions in each arc of the network). In general, most of those attributes
have numerical values, and are generally assumed totalizable along
a path (e.g., an attribute of an arc describes the consumed amount of
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Transport Modes

—_—>

D(iy)

D(i,) = min{ min{max{e,(AT)-D(1):0}}+ w( e;, min{max{e, (4T) — D(r); 0}}) 7 min{max{e,(AT)-
D(1):0}}+ w( ey, min{max{e,(AT) — D(r); 0}}) }.
D(iy) = min{ min{max{e;(AT)-D(1):0}} + w( e, min{max{;(AT) — D(r); 0}}) : min{max{e,(AT)-
D(1);0}}+ w( e,, min{max{e,(AT) — D(r); 0}}) }.
D(f) — min{ max{min{es(AT)-D(i,):0}} + w( e5, min{max{es(AT) — D(i;); 0}}) : min{max{es(AT)-

D(i,):0} }+ w( es, min{max{es(4T) — D(i,); 0}}) 3.

fuel while it is traversed and the fuel consumption of a path is the
sum values of all arcs belonging to the path). Some classical totalizable
attributes are the length of an arc, its travel time, its travel cost and its
fuel requirements. Nevertheless, there are also variables with qualita-
tive values which are not totalizable and are known as indexed. The
fuel consumption and the covered distance are totalizable numerical
variables with real positive values. If the fuel consumption is the at-
tribute 1 of an arc and the total distance the attribute 2, then for an arc,
e € E, R} € R* represents the fuel consumption and R2 € R* represents
the covered distance while it is traversed. The number of transfers
between different modes is totalizable, but it is not an attribute of an
arc because it occurs after a transfer from one mode to another and
this phenomenon cannot be explicitly described by the arc’s attributes.
Finally, the walking time is totalizable, and if it is considered as the
3rd attribute of an arc, then

(6.6)

3 RS if Layer(e)=1 (1 : passengers’ layer)
0if Layer(e) #1

Initially, the more general form of the problem is considered, where
a user has more than three totalizable preferences: k = 1,2, ..., m. Let
also RX € R* be the consumption of the resource k = 1,2, ..., m while
traversing the arc e € E with mode Layer(e). The consumption of each
resource k while he traverses the path p by using a combination of
modes is,

R = Z RS k=1,..,m (6.7)

eep

and if p is the path p = (e, ..., e¥, e, .., "), where Or(elx + 1)) =
De(e*), then the total number of transfers, TR € Z*, is assumed initially
equal to zero and its final value is derived by the search: for each
I =1:h-1,if Layer(e!*') # Layer(e') then TR = TR + 1.

FIGURE 6.2.: Representation of an Inter-
modal Network with three Alternative
Mode Options



96

6. Journey planning optimization of Joint Leisure Activity Travelers

under resource constraints

FIGURE 6.3.: Network’s Representation
as a directed graph

20, 1), R¥(g(i, 1)), min{ max{g(i, )(AT)=D(r);0} } + w(g(i,1) , min{ max{g(i,])(AT)=D(r);0}}

Transport Modes : M(i)

2(i,2), R¥(g(i, 2)), min{ max{g(i,2)(AT)=D(r);0 }} + w(g(i,2) , min{ max{g(i,2)(AT)=D(r);0}}
2(1,3), R¥(g(i, 3)), min{ max{g(i,3)(AT)—D(r);0 }} + w(g(i,3) , min{max{ g(i,3)(AT)=D(r);0}}
Station: r
D(r)=t,
Vi) =4 ©
J=1234
2(i,4), R¥(g(i,4)), min{ max{g(i,4)(AT)=D(1);0 }} + w(g(i,4) , min{max{ g(i,4)(AT)=D(r);0}}

If one sets a series of upper bounds (thresholds), b*, where k = 1,2,3, ..., m
(e.g., maximum fuel consumption, maximum covered distance, max-
imum walking time, maximum value of other numerical totalizable
attributes and finally maximum number of transfers permitted) for
each one of the resources, then the resource consumption while travers-
ing the path p should not violate any of these limitations. Assuming
that a resource is consumed only if a link is traversed, then the Multi-
Modal Shortest Path under Resource Constraints is a path p* € P(r, f)
which is derived from the optimization problem,

minimize Z(min{max{e(AT) — D(i); 0}} + w(e, min{max{e(AT) — D(i); 0}}))
eep
subjectto ) RE < PN Vk=1,.,m-1
eEp.
TR < b™
(6.8)

A Heuristic Algorithm for the Mobile Application

Firstly, let define the outgoing arcs from each station i € N of the
network. This is a trivial issue since the function Or(e) determines the
origin node of each arc e € E and only an initial search is required.
Hence, for each node i € N its outgoing arcs g(i, 1), g(i, 2), ..., g(i, V(i)
are stored in a double matrix, g(i, j), where the first term i € N de-
notes the origin node, the second term is a pointer j € 1,2,..., V(i)
for the arc, and V(i) is an integer value which denotes the maxi-
mum number of outgoing arcs from node i. Finally, for each j €
1,2,...,V(i),0r(g@i,j)) =i.If an arc g(i, j) is traversed, an amount of the
totalizable resources k = 1,2, ..., m is consumed. Therefore, when an
arc is traversed the resource consumption equals R*(g(i, j)) for every
resource k = 1,2, ..., m. Moreover, when an arc is traversed after arriv-
ing at its origin node at time 1y, a travel time: min{max{g(i, j)(AT) -
D(i); 0}} +w(g(i, j) , min{max{g(i, j)(AT) — D(i); 0} } is required. In Fig.6.3,
which represents a sketch intermodal network with three modes, the
notation of each arc, the required resource consumption in order to
traverse it and its anticipatory travel time are presented.

Consider that every path is described by a label containing a number
of lists, where every list is a single dimensional matrix. The first list



6.3. Modeling the multi-modal journey planning under constraints

A Z* — Z7, contains the stations i € N which are reached from the
proposed algorithm during its computational procedure. Initially, the
real location of the user, r, is pinpointed by his GPS receiver and stored
in the list A(1) = r. The values of the list A(1), A(2), A(3), ..., A(j), ...
represent nodes in the network. The second list D(A(j)) € R*, con-
tains the aggregated travel cost from the origin node r to node A(j),
where A(j) € N. The other lists: RCK(A(j)) € R*,k = 1,2,...,m, con-
tain the total consumption of each totalizable resource k for the travel
r — A(j), A(j) € N. Finally, the list TR(A(j)) contains the total number
of transfers which were made during the travel from r to A(j). Gen-
erally, every label represents a different path from the origin station
r to a significant place in the network, A(j) € N. A typical label has
the form {u, A(u), D(u), RC*(u), TR(u)} where u € {1,2,3,...,j,..} is a
number which characterizes the label, A(u) is a station, D(u) represents
the travel cost from the origin node r to A(u), RC*(u), k = 1,2, ..., m rep-
resents the consumption of each resource k when this path is traversed
and TR(u) the total number of transfers. For instance, {1, r, 1,0, ..., 0}
is a label which represents the path r — A(u) = r where D(u) = 1o,
RC*(u) =0,k =1,2,...,mand TR(u) = 0.

Proposition 6.3.1 A label {ul, A(ul), D(ul), RC(ul), TR(u1)} dominates
another label identified as {u2, A(u2), D(u2), RC'(u2), TR(u2)} only if the
four below criteria are satisfied:

> A(ul) = A(u2) "same node”

» D(ul) < D(u2)

» RCi(ul) < RCI(u2Vi=1,...,m.
» TR(ul) < TR(u2)

Consequently, the second label can be permanently erased and this
procedure is known as the "Domination Step".

The theory of domination is used in almost all algorithms which
search for a solution on a problem via a label setting or a label cor-
recting method, and it is important because it eliminates infeasible
labels in the first place and reduces the storage requirements and
the computational time. In the present case, one knows that route
r — A(ul) requires less travel time, consumes less resources and has
less transfers than route r — A(u2). Furthermore, the same modes
depart from the stations A(ul) = A(u2). As a result, for every route
p ={AWl) = A(u2), ..., X¢, X+1, ..., s} from the new origin node A(ul) =
A(u2) to the destination node f, the route r — A(ul) + p costs less and
has lower resource consumption and number of transfers than route
r — A(u)+ p.

Description of a solution: The proposed algorithm starts from the
origin node and creates labels till the final destination is reached
for the first time after a best-first search. Initially, the first label is
{1,A(1), D(1), RC*(1), TR(1)} = {1,7,1,0, ...,0} and represents the loop
less path r — r. Firstly, a list Q = u is set which contains only one
element: u = 1. Afterwards, the process starts from the origin node
A(u) = r and creates a new label for every outgoing arc g(r, j) from
node A(u) = r, where j = 1,...,V(A(n)), and V(A(x)) is the number of
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outgoing links from node r. Hence, for every j = 1, ..., V(A(u)) is cre-
ated a new label with the form number of label, destination node of
arc j, travel time from origin to destination node of arc j, resource
consumption from origin till the destination node of arc j, number of
transfers from origin to destination node of arc ;.

Let g(A(u), 1) be the first egress arc from origin which creates the second
label. The destination node of arc g(A(u), 1) is A(2) = De(g(A(u),1). The
travel time from the origin to the destination of this arc is D(2) = D(u) +
min{max{g(A(u), 1)(AT) — D(u); 0} } + w(g(A(u), 1), min{max{g(A(u), 1)(AT) -
D(u); 0}}). The resource consumption of each resource y =1, ..., m from
the origin to the destination of arcis RC¥(2) = RC”(u) + R”(g(A(u), 1))Vy =
1,...,m. The number of transfers from the origin to the destination node

of arc g(A(u), 1) is T(2) = 0 because before the arc g(A(u), 1) there is no
other arc.

Hence, one derives the layer

{2, De(g(A(u), 1), D(u) + min{max{g(A(u), 1)(AT) — D(u);0}}
+w(g(A(u), 1), min{max{g(A(u), 1)(AT) — D(u); 0}}),
RC”(u) + R¥(g(A(u), 1)),Vy = 1,...,m, T(A(u))}

The same procedure continues for every j =1, ..., V(A(u)).

After this step, a new station A(j) # A(u) which satisfies the conditions
D(j) < D(i),VinQ = @ and RC(j) < »,Vy =1,...,mand TR(j) < b
is marked (b”,Vy = 1,...,m are threshold values for each one of the
resources and b is the number of permitted transfers).

The procedure is updated by setting u «<— j and Q = Q + {u}. The same
procedure is repeated for every outgoing link from the new station A(u)
and new labels are created. From the second iteration till the end of
the procedure a number of labels are eliminated if they are dominated.
Hence, for each new label {v, A(v), D(v), RC¥(v), TR(v)}, we search if
there is another label {v', A(v'), D(v'), RC*(v'), TR(v')}, where A(v) =
A(v) and D(v) < D(v'), RC¥(v) < RC*(V),¥y = 1,..,mand TR(v) <
TR(v') and if such a label already exists the new label is erased.

Finally, the procedure terminates when u « j, and A(u) = f, where f is
the final destination. The fastest path in an intermodal network under
resource constraints is represented by the label {j., f, D(j.), RC*(j.)Vy =
1,..,m,TR(j.)}.

Lemma 6.3.2 The multi-modal fastest path under constraints can be found
when the final destination node f' is marked for the first time.

Proof If the node A(j.) = f is marked for the first time during that
procedure, then D(j.) < D(i), Vin Q = @ and RCY(j.) < ¥Vy=1,...,m
and TR(j.) < b. In most cases there are several alternatives that connect
the origin with the destination and are represented by the labels j.., jos, ...
where A(jw) = A(jwx) = f. However, these paths have not been marked
yet. Therefore, D(j..), D(jiss), ... > D(ji) or RC*(jis), RCY (jsrs), . >
b, Yy =1,...,mor TR(j.), TR(jsus), ... > band, as a result, the fastest
path under resource constraints is represented by the label j..
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6.3. Modeling the multi-modal journey planning under constraints

Algorithm 4: Algorithm for multi-modal journey planning under
resource constraints
A label
{u, A(u), D(u), RC>(u),¥Vy = 1,2,...,m,TR(u)} = {1,r,1,0,...,0}
represents the path » — r, where
u=1,A(u)=r,D(u) =1y, RC’(u) =0,Yy =1,2,...,mand TR(u) = 0;
SetJ «— 0and g « 0;
while A(u) # f, where f is the final destination do

for every arc g(A(u), k) outgoing the node A(u), where
k=1,..,V(A(u)) and V(A(u)) is the total number of these arcs do
SetJ «— J+1;
Set E(J) « g(A(u), k);
RCY(J) « RCY(u) + R"(g(A(u), k)),YVy =1, ..., m;
if ¢ # 0 and Layer(g(A(u), k)) # Layer(q), then set
TR(J) < TR(u) + 1 then
if RCY(J) > b, foroney € {1,...,m}, or TR(J) > b then
one of the constraints is violated. Therefore, we set
J « J -1 and break the until loop, else set: then
A(J) « De(g(A(u), k));
D(J) « D(u) + min{max{g(A(u), 1)(AT) — D(u); 0}} +
Ww(g(A(u), 1), min{max{g(Aw), 1)(AT) - D(u); 0}}) ;
Seti={1,..J-1};
if thereisaz €i | A(z) = A(J) and D(z) < D(J) and
RCY(z) < RC*(J),Vy =1,..,mand TR(z) < TR(J),
then this path is dominated, so set J « J —1 and
return to the until loop, else:;
end
end
Create a new label: {J, A(J), D(J), RC>(J), ¥y =1,...,m};
end
SetH={1,..,J}-Q;
Find J € H for which D(J) < D(i)Vi € H and set ¢ < E(J) and
u—1J
end

Set Q «— O +{u};

The complexity of Algorithm 4 is O(¢J), where ¢ is the number of
total iterations and J the number of created labels. The values of these
two parameters depend on the number of stations in the network, the
number of arcs, the different modes and especially from the threshold
values of the secondary constraints; hence one cannot determine them
in the first place. For this reason, in order to minimize the running
time of the algorithm, the number of total iterations should remain in
low levels.

Pruning Labels

The total number of created labels could be reduced if one introduces
more criteria for the elimination of the created labels in the first place.
In the proposed pruning method, for each totalizable resource pa-
rameter k = 1,2, ..., m a simple PPSPP algorithm from every station
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heaps and their uses in improved
network optimization algorithms’
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of the network to the destination node is performed and the values
FR¥(i),Yk = 1,2, ..., m which represent the minimum possible resource
consumption for the travel from each node i € N to the final destina-
tion f are computed. If Dijkstra’s algorithm is used with a Fibonacci
heap data structure, as presented by [127], the pre-processing method
has a running time complexity of O(m(N((E + NlogN))), where m is the
number of totalizable resource parameters N the number of network’s
nodes and E the number of arcs.

Lemma 6.3.3 A label {ul, A(ul), D(ul), RC*(ul), TR(ul)} is eliminated
if the following criterion is satisfied: RC*(ul) + FR*(A(ul)) > b* for even
onek = 1,...,m., where b* is the upper bound of the k" totalizable resource
parameter.

Proof. The proof is straightforward because if the resource consumption
from the beginning till node A(ul), denoted as RC*(u1), plus the minimum
resource consumption required to complete the trip from node A(ul) till
the final destination, denoted as F RK(A(ul)), is higher than the upper
bound b* for even one of the constraints, then this path will violate the
upper bound (threshold) before it reaches the final destination and it can be
eliminated.

Reducing the Running Time by Minimizing the
Searching Space

The proposed method computes a real-time sub-optimal path in a
multi-modal network under a number of users’ preferences. The path
is called sub-optimal because it may not be the fastest path from an
origin to a destination. However, the structure of the method ensures
that the sub-optimal path will be either the fastest path or a path with
a small time difference from the fastest one. In this method a trade-
off between the complexity of the algorithm and the accuracy of the
solution is made, but it is ensured that the accuracy loss is minimum
whereas the computational benefit is high.

Firstly, the mean travel times for every arc in the network, is computed.
If a day period is considered, then the mean travel time for an arc, e,
is:

Zle w(e,t)

W(e) = 7

(6.9)
where 7 is the number of travel-time updates in arc e during a day. The
mean travel time of each arc could be also derived by historical data
which contains more measurements.

Then a pre-processing algorithm is used in order to compute the fastest
path from each node i in the network till the final destination f. Di-
jkstra’s algorithm could be used for that purpose and with a total
running time of O(N(E + NlogN)). The fastest path from each every
station, i € N, till the final destination is described by a value H(i)
which denotes the minimum possible cost for the travel from station i
till the destination f.
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The values H(i) are not computed via real-time data and the mean
arc travel times W(e) were used during their computation instead of
real-time travel times. Moreover, the switching times between different
modes were also ignored during that computation. The aim of this
pre-processing algorithm is to provide an estimation of the minimum
required travel time to travel from each node of the network till the
final destination. This estimation will be used at a later stage to reduce
the searching space of the main algorithm and minimize the number
of created labels.

Following the pre-processing algorithm, algorithm 4 is implemented
with the add-in label-elimination criterion which was described in
the previous section. However, pruning reduces further the search-
ing space because in every iteration it is not the closest station that
is selected from the origin D(u) = minD(i),Vi N Q = & for which
RCY(u) < »,¥y = 1,...,m and TR(u) < b, but the station which sat-
isfies the expression {D(u) + H(A(u)) = min(D(i) + H(A(})),Vin Q =
& for RCY(u) < b,Yy =1,...,mand TR(u) < b}, where D(u) is the min-
imum real-time travel time which is required to traverse the path
between the origin node r and the current station A(«) including the
switching times between different modes. After a number of iterations,
the final destination will be marked for the first time A(j.) = f, when
D(j.) + H(A(j),)) < DG) + H(A()),VinQ = @,RCY(j,) < PVy=1,..,.m
and TR(j.) < b.

In this stage it is known that H(A(j).) = 0, because A(j). is the final
destination f and the estimated travel time from node f to node f
is equal to zero by definition. Hence, that is a first multi-modal path
from origin to destination which satisfies the users’ preferences and is
denoted by the label {j., f, D(j.), RC*(j.)Vy = 1,...,m,TR(j.)}. It is not
certain that this path is also the fastest one, but the fact that exists a path
from r to f which requires a travel time D(j.) enables the elimination
of all the labels which have a higher travel time than D(j.), because
they have not reached yet the final destination and have a higher travel
time than D(j.).

In the following step, j. is added in the set Q, and the algorithm con-
tinues like before by selecting another label I/, where {D(l) + H(A(])) =
min(D(@) + H(A(i)),Vin Q = @ for RC¥(l) < b¥,Vy =1,...,mand TR(I) <
b. After a number of iterations, the final destination will be marked for
a second time A(j..) = f, when D(j..) + H(A(j..)) < D(i) + H(A(i)), Vi N
0 = T,RC(ju) < VW ,¥Vy = 1,...,m and TR(j.«) < b. If the real-time
multi-modal travel time D(}..) is less than D(j.), then it is assumed that
the fastest path is now denoted by the label {j.., f, D(j««), RCY (j«)Vy =
1,...,m,TR(j.)}. In the following step, j.. is also added in the set Q, and
the algorithm continues like before by selecting another label /, where
{D(l) + H(A(l)) = min(D(i) + H(A(i)),YiN Q = @ for RC*(]) < b’,Vy =
1,..,mand TR(l) < b.

The whole procedure continues iteratively until the final destination
is marked for the tenth time. After that the fastest path from a list of
ten candidates is assumed to be the one which required the less real-
time multi-modal travel time to reach the destination. If the procedure
continues more than ten times, one can be more confident that the
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proposed path is also the fastest path and the number of iterations is
related to the level of accuracy. However, the first iterations improve
markedly the level of accuracy and after a while the proposed paths
from additional iterations are too time-consuming. The accuracy of
the estimations H(i) plays also an important role to the final solution
because if they are similar to the real-time data outcomes, the fastest
path will be found only after a small number of iterations.

6.4. Numerical Experiments

This section summarizes the performance of the proposed algorithmic
framework for the selection of a real-time multi-modal fastest path
under a number of constraints for moving from an origin to a joint
leisure activity location. The algorithms were tested on a reference
2556 MHz-processor machine with 1024 Megabytes RAM. The tests
were implemented on randomized networks that contained 100, 200,
300, 400, 500, ..., 3000 nodes-stations. In order to minimize the effects
due to network’s topology, both sparse and dense networks were
examined. The execution environment of each test is described by
the number of nodes, the number of arcs, the level of density, the
number of transportation modes and the number of constraints. Each
arc connects an origin with a destination node via a distinct transport
mode and more arcs than one may connect the same origin-destination
pair.

In Table 6.3, detailed results are given with respect to one constraint.
Details are given for the number of nodes-stations (column 1.), the
number of arcs (column 2.), the density of the network (column 3.),
the number of different available modes in the network (column 4.),
the constraints upper bound (column 6.), the total travel time and
the resource consumption of the fastest path (column 7.), the running
time of algorithm 4 (column 8.), the number of created labels with
algorithm 4. (column 9.), the running time of algorithm 4’ (which is the
extension of algorithm 4 proposed at the previous section) (column
10.), the number of created labels with algorithm 4’ (column 11.) and
the accuracy of algorithm 4’ (column 12.). The accuracy, A, of algorithm
4’ is calculated as:

A=(1- %)100% (6.10)

where D is the travel time of the fastest path from origin to destination
and D' is the travel time of the path which is proposed by algorithm
4.

In Table 6.4, the results of several alternative networks are presented
with respect to four constraints (fuel consumption, covered distance,
walking time and number of transfers). On the contrary, the perfor-
mance of algorithm 4 is not presented in Table 6.4, for the simple
reason that its running time exceeds the predetermined running time
threshold of 200 sec.
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Table 6.3.: Running times and labels under one constraint

Randomised Network Number of Number of Constraint Travel time (min) Complexity
Intersections/ Purpose-Built Ratio Modes Constraints Limit (units) and resource Algorithm 4 Number of Algorithm 4° Number Accu-
Stations Arcs Nodes/Edges consumption Running Labels Running of Labels acy
(units) Time (sec) Time (sec)
100 1000 10.00% 2 1 670 54.78/488.23 0.717 1294 0.0321 472 97%
200 2158 9.27% 3 1 1540 139.72 /1486 11.844 5511 0.0349 2412 94%
600 49811 1.20% 3 1 430 12.3/2345 7.22 3014 0.1013 1158 100%
1400 13250 10.57% 4 1 1021.76 315/1011 >200 Out of bound 0.8512 23225 94%
1600 15420 10.38% 4 1 972.72 342/963.5 >200 Out of bound 0.4964 15942 92%
1800 17690 10.18% 5 1 861.85 369 /850.4 >200 Out of bound 1.325 17526 96%
2600 24980 10.41% 5 1 72761 358/716.1 >200 Out of bound 1.748 16954 9%
500 25200 1.98% 3 1 415.17 36/405.1 86.12 58241 0.1491 4223 100%
300 20434 1.47% 3 1 588.41 19/567.3 0.1748 2981 0.071 392 100%
400 23962 1.67% 4 1 427.22 27/421.11 0.336 3769 0.093 612 100%
2800 27312 10.25% 6 1 911.61 334/906.3 >200 Out of bound 0.896 9125 93%
3000 29762 10.08% 6 1 1052.8 315/1044.16 >200 Out of bound 0.847 7032 95%
Table 6.4.: Running times and labels under four constraints
Randomised Network Complexity
Intersections/ Purpose- Ratio Number of Number of Limits of Travel Time (min) Algorithm 4’ Number of Accuracy
Station Built Arcs Nodes/Edges Modes Constraints Constraints (units) Run. Time (sec) Labels
100 1000 10.00% 2 4 15.6/135/19/1 79 0.0321 2113 100%
200 2009 9.95% 3 4 13.6/115/17/2 58 0.0812 8051 100%
1000 11000 9.25% 3 4 15.4/122.9/15/5 61 0.1932 9736 100%
1400 14000 10.57% 4 4 22.5/186/13/4 228 34.11 379125 91%
1600 16000 10.38% 4 4 31/285/25/2 181 7.048 135209 96%
1800 18000 10.18% 5 4 66/470/34/3 439 2311 51611 92%
2600 26000 10.41% 5 4 200/1550/18/2 874 3.72 85236 95%
500 26000 1.98% 3 4 10.7/91/11/3 89 0.142 6948 100%
300 20400 1.47% 3 4 2/12.4/21/2 28 0.314 307 100%
400 24000 1.67% 4 4 6/39.6/23/3 49 0.307 811 100%
2800 28000 10.25% 6 4 89/540/14/4 412 21.49 192597 92%
3000 30000 10.08% 6 4 161/1040/28/3 617 4.07 51321 96%

In addition, as was already discussed, the running time complexity of
algorithm 4 is O(¢J), where ¢ is the number of total iterations and J
the number of created labels. The complexity of the algorithm cannot
be directly associated with the number of nodes or arcs because the
total number of created labels is affected by many other secondary
parameters (e.g. the upper bounds of constraints, the domination crite-
ria, the nature of the examined network and more). For this reason, in
Figure 6.4, a diagram is shown which demonstrates the relationship
between the algorithm 4 running time in sec. and the number of cre-
ated labels which implies a linear pattern between them. Figure 6.5,
shows a plot of the number of nodes multiplied by the number of arcs
versus the total number of created labels which suggests that a strong
relationship between them cannot be established because secondary
parameters play also an important role.

The proposed mobile application is based on those algorithms in order
to compute the optimal path of joint leisure activity travelers. The
numerical experiments showed that the algorithm 4 has an acceptable
performance for medium-sized networks (e.g., 600 stations, 49,811
links, 3 different modes in the network, 1 constraint or 500 stations,
25,200 links, 3 modes, 1 constraint), but the complexity of the prob-
lem and the technological constraints inhibit, as we speak, the use of
this algorithm for large networks with few constraints. As a result,
other heuristic approaches which have an acceptable performance in
larger networks with multiple constraints (such as algorithm 4’ that
includes also pruning) can be used as an alternative, even if they yield
sub-optimal solutions. Algorithm 4’, performs well in large networks
under multiple-user constraints (e.g. 2800 nodes, 28,000 arcs under
four constraints). Moreover, the level of accuracy falls between 90-
100%, which means that in the worst case, the sub-optimal path may
differ from the fastest one up to 3 minutes for small trips (from 20 to



104 .
under resource constraints

FIGURE 6.4.: Running time versus num-
ber of labels

FIGURE 6.5.: Nodes x Arcs versus num-
ber of labels
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30 minutes) and up to 9 minutes for a 90-minute trip which could be
considered near the upper limit for an urban network.



Car Sharing for attending Joint
Leisure Activities

At the previous chapter, we studied how the best journey from one
origin point to the destination of a joint leisure activity can be sug-
gested to each user considering multiple modes of transportation and
users’ preferences. At this approach, there is no collaboration among
the users that participate at the same joint leisure activity since ev-
eryone tries to optimize his/her travel based on his/her own needs
considering all available modal options.

In this chapter, a collaborative approach is explored where some of
the users who are willing to participate at a joint leisure activity own a
private vehicle and can pick-up some of the other users that will par-
ticipate also at the same activity. Under this collaborative car-sharing
scheme, the generation of unnecessary trips can be reduced.

Because users travel towards the same joint leisure activity destination,
trips can be spared only if multiple users share the same transport
mode (i.e., private car). For this reason, this chapter focuses solely on
the use of car-sharing from several users without considering other
alternative means of transportation (i.e., multi-modality).

7.1. Modeling the Car-sharing problem for
Joint Leisure Activity Participation

Let assume that a number of individuals i = {1,2,...,|i|} are willing
to participate at the same activity which is located at one point B and
a fraction of those individuals possesses a private car. To model the
car possession, a dummy variable y; is assigned to each individual
where:

{0 : if individual i does not posses a car
Yi =

1 : otherwise

The full list of sets, subscripts, parameters and variables used in the
modeling of the car sharing problem for joint leisure activity participa-
tion is presented below.

7.1. Modeling the Car-sharing prob-
lem for Joint Leisure Activity Par-
ticipation ............ 105

7.2. Dynamic Programming search
of the best car-sharing option . 107
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FIGURE 7.1.: Example of graph repre-
sentation G{N, E} with three (3) indi-
viduals willing to attend a joint leisure
activity
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B: Destination of
Joint Leisure Activity

the number of individuals participating at a
joint leisure activity

a dummy binary variable denoting the pos-
session of a private car for each individual
i

a graph representation of the urban road net-
work

the number of nodes at the urban network (i.e.,
road intersections)

the number of arcs at the urban network con-
necting nodes

a vector with |e| elements denoting the origin
node of each arc: O, € n

a vector with |e| elements denoting the desti-
nation node of each arc: D, € n

a vector with |e| non-negative elements denot-
ing the travel time (or travel cost) of traversing
each arg, ¢,

a vector with |i| elements denoting the ori-
gin location of each individual i from which
he/she has to start his/her journey towards
the joint leisure activity location B

a scalar positive value denoting the gained
utility in case joint leisure activity participants
share the same car for their journey

A representation of this problem is provided in Fig. 7.1.

In the simple case that one user has a private vehicle and is responsible
of picking up every other user who will participate at the joint leisure
activity with him, computing the optimal route is equivalent of solving
the well-known traveling-salesman problem. Nevertheless, some of the
users might not be picked up in the end if the traveling cost of picking
them up exceeds the gained utility benefit, U, of reducing the number

of trips.



7.2. Dynamic Programming search of the best car-sharing option

This leads to the introduction of an objective function of the form:
min )" lote =k XU (7.1)
e

where [, is an integer number denoting how many times arc e was
traversed from users traveling to the joint leisure activity destination
(it can be also I, = 0 if nobody traversed that arc) and & a scalar vector
that denotes how many trips were shared by the same car.

Finding the optimal values of the solution variables of the problem
(lc¥e and k) is not a trivial task since a number of secondary constraints
should also be satisfied at the same time (i.e., all paths should start
from the current location of one user i and end at the location of
another user in case of pick-up or at the location of the joint leisure
activity).

7.2. Dynamic Programming search of the best
car-sharing option

The well-known dynamic programming algorithm of Floyd-Warshall
is used for solving the all-pairs Shortest Path problem with computa-
tional cost O(n%), where n is the number of nodes. Then, Ti,; denotes
the computed minimum travel cost between each pair of nodes %, /.

After having computed the all-pairs shortest paths, the minimum cost
of each individual i traveling alone to the destination of the joint leisure
activity in case he/she uses a car is T4, g and the overall cost of all
journeys related to that joint leisure activity is:

C=-kxU+ Z TA,~,B
i={1,2,..,[i|}

(7.2)

where k is the number of shared trips, which in this case are equal to
zero because each individual traveled alone.

Starting from there, the objective is to find if the overall cost C can
be reduced further if a number of individuals share the same car. For
checking this, one should start from one location A; and check all
possible pick-up combinations requiring a total search of |i| x (|i| — 1)?
options in the worst case that all individuals have private cars and all
starting points should be checked.

For instance, let assume that one user i = 1 has a private vehicle and
one is willing to check the cost of the alternative of picking up another
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user i = 3. For this, the new total cost is:

C=-kxU+ Z TAL-,B + 2TA3,B + TAl,A3 (73)
i-{1,3}

where Ty, 4, is the minimum picking up cost of individual i = 3 from
individual i = 1 and Ty, 5 the remaining travel cost from location A3
to the location of the final activity. In addition, we have one joint trip;
thus, k = 1, and if the gained utility k X U is greater than the additional
inflicted travel cost: (Ta,,a; + Ta,,B) — Ta,,B, the new total cost is lower
than the previous case.

For checking all possible pick-up combination options, [i| x (|i| - 1)?, the
number of computations is at the polynomial level; thus, ensuring the
problem scalability. The proposed algorithm for suggesting the optimal
car-sharing option to joint leisure activity participants is presented
below together with its associated computational cost for different
number of participants (Fig.7.2).

Algorithm 5: Compute the best car-sharing option for a group of
joint leisure activity participants including the order of pick ups
with polynomial computational cost: O(|n|> + |i| x (|i| — 1)?)

SetT,, ., =+ forall zj, 22 € n;
foreache € {1,2,...,e|} do

‘ TO(),D() =1l
end
Use Floyd-Warshall algorithm to compute all-pairs shortest paths;
forall z1 € {1,2,...,|n|} do
forall zp € {1,2, ..., |n|} do
forall 3 € {1,2,...,|n|} do
‘ Ty = min(Tey 2y Tog 2y + T2y 23);
end
end
end

Compute C = -k x U + Zi:{m ..... lily Ta:,B;
for all users i willing to participate at the joint leisure activity do
if y; = 1 (user i has a private vehicle) then

for each alternative pick-up combination of user i do

Compute the new total cost C* and if C’ < C, then set
C«C(C/;

end
end
end
Return the car-sharing option (if any) with the lowest total cost C;
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Conclusion

8.1. Summary of Thesis Contribution

This thesis followed a holistic approach on the problem of trip op-
timization for participating at joint activities. The studied problems
were split in five interdependent categories which were rigorously
analyzed at the previous chapters:

1. Understand the SoA work on utilizing user-generated data for in-
creasing the efficiency level of joint leisure activities and propose
actions towards this direction.
thesis contribution: the utilization of (i) Cellular Data (ii) Social
Media Data (iii) Smart Card Data and (iv) Geo-location Data
from PDAs was rigorously studied together with the current SoA
applications. During the exploration of non-recurrent activities,
it was observed that although the full information for forming a
decision-making objective function is obtainable, research works
have not been focusing on that direction.

2. Capture users’ willingness to travel certain distances for partici-

pating in different types of activities
thesis contribution: a mobility pattern recognition model in-
troduced for retrieving automatically users’ mobility and activ-
ity patterns based on spatio-temporal analysis of historic user-
generated geo-location data (Twitter data from London over a
14-month period). The frequency level of visiting a particular lo-
cation was utilized to link locations with activity types and rules
for linking one revisited location with home were introduced
demonstrating an observed accuracy of more than 90%.
A utility-maximization model was also introduced for capturing
users” willingness to travel certain distances for participating
in different types of activities for different day times and types.
The model learned automatically the users’ habits from historic
data and offered valuable insights that can be used as source of
information for suggesting common activities to multiple users.
For performing such action, users” were clustered to capture
the similarities on their mobility and activity patterns along
with their willingness to travel similar distances to participate in
certain types of activities. A step-by-step single-point estimate
approach was also introduced for simulating individuals’ daily
schedule and identifying automatically locations for performing
joint activities.

3. Optimize the selection of locations and starting times of joint
leisure activities
thesis contribution: the problem formulation of the optimiza-
tion problem considering the willingness of users to travel cer-
tain distances to participate at different types of activities was
introduced for the first time. Then, evolutionary optimization
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was utilized for confronting the scalability problem of the Joint
Leisure Activity optimization. The problem-specific stochastic
annealing heuristic reduced the exponential computational com-
plexity and due to the improved scalability, this approach enables
the development of Web and Smartphone applications for sug-
gesting automatically the time and the location for performing
a joint leisure activity. In a practical use-case, after applying the
stochastic annealing search for optimizing 9 Joint Leisure Activ-
ity Instances, the perceived utility of users was increased up to 3
times compared to the basic scenario because of the rescheduling
of the arrival times of individuals and the activity locations.
Due to absence of alternative heuristics, the stochastic anneal-
ing method was compared against problem-tailored algorithms
from the areas of genetic algorithms and hill climbing. Stochastic
annealing was capable of finding approximations to the optimal
solution that increased up to 2 times the perceived utility of users
in a cluster compared to the hill climbing and the GA.

. Re-schedule public transportation in near real time in order to

adjust to the joint leisure activity demand without deteriorating
QoS for other passengers

thesis contribution: the problem of public transport re-scheduling
for different public transport services that can cover joint leisure
activity passenger demand subject to the no-deterioration of ser-
vice quality and the adherence to a set of operational regulations
was modeled. For this, a sequential heuristic search algorithm
for changing the public transport schedules in near real time (in
a matter of minutes) for adjusting to the arrival time needs of
joint leisure activity passengers without deteriorating the KPIs
of public transport operations was introduced.

In a test-case, GTFS data from Sweden focusing on bus lines
1 and 4 in Stockholm and Twitter data for deriving individual
trips to joint leisure activity locations in Stockholm were utilized
. Due to the schedule changes after optimization, the operational
performance of bus services demonstrated an EWT improve-
ment at a service-wide level for all services while only some
stations from line 1, direction 2 and line 4, direction 4 had a slight
EWT deterioration(up to 0.6min.); without affecting significantly
though the level of service of bus operations. At the same time,
after the re-scheduling, the joint leisure activity trips from all
services enjoyed new arrival times to the joint activity stations
which were more than 50% closer to the starting times of those ac-
tivities. Finally, the computational cost of the proposed heuristic
algorithm for public transportation re-scheduling demonstrated
that a convergence to an approximate global optimum requires
from 2-6 minutes.

. Optimize the journey selection of users” who are willing to travel

from one point of the network to another for participating at
one activity and, possibly, utilize multiple modes while also
satisfying their preferences

thesis contribution: a mobile phone application was described
for attempting to establish a unified approach for mobile navi-
gation with continuous data feeds from different sources. This
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application is based on complex algorithms in order to com-
pute the optimal path due to the multi-modal character of the
path selection problem and the resource constraints that emerge
from users’ preferences. For this, a fastest-path-tree algorithm
that converged to the global optimum under a set resource con-
straints that considers multiple modes with the use of GIS layers
was developed and demonstrated an acceptable performance
for medium-sized networks (e.g., 600 stations, 49,811 links, 3 dif-
ferent modes in the network, 1 constraint or 500 stations, 25,200
links, 3 modes, 1 constraint). However, the complexity of the
problem and the technological constraints inhibit, as we speak,
the use of this algorithm for large networks with few constraints.
As a result, a pruning extension was added to this heuristic ap-
proach which demonstrated an acceptable performance in larger
networks with multiple constraints with the drawback that it
cannot guarantee the finding of the global optimum. In prac-
tice, it performed well in large networks under multiple-user
constraints (e.g. 2800 nodes, 28,000 arcs under four constraints).
Moreover, the level of accuracy was above 90%, which means
that in the worst case, the suboptimal path may differ from the
fastest one up to 3 minutes for small trips (from 20 to 30 min-
utes) and up to 9 minutes for a 90-minute trip which could be
considered near the upper limit for an urban network.

The thesis offered an important gain to society as additional light was
shed on capturing users’ mobility patterns/preferences with the use of
user-generated data and optimizing non-recurrent trips which can be
more than 60% of the total number of trips in cities. Individual users
may become able to enumerate all potential activity alternatives in
the city and choose in space and time the ones that maximize their
utility without incurring high travel costs. They may also be able to
share transport modes when they participate to joint activities and
select the best journey option over a broad set of alternative paths
and modes according to the (i) total journey time and (ii) their specific
preferences. In addition, public transport operators may improve the
competitiveness of their services by following a demand-responsive
approach where they reschedule their operations for covering the joint
leisure activity demand without penalizing their overall QoS. Apart
from the transport operators, the transport network in urban environ-
ments may enjoy a significant improvement in traffic conditions if the
non-recurrent trips which vary broadly from day to day are tackled in
a more efficient way from travelers.

8.2. Discussion on Validation

The developed methodologies of this thesis were implemented with
the use of datasets from different study areas which are summarized
at Table 8.1. At this section the validation results are summarized in
order to discuss the practice readiness of the developed methodologies
at Chapters 3, 4, 5, 6.
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Table 8.1.: Utilized Data Sources for
Methodological Validation

Capturing users’ willingness to travel cer-
tain distances for participating at differ-
ent types of activities

user-generated tweets with geo-tagged
locations from 65 twitter users in London
over a 14-month period

Optimizing the Location and Time of
Joint Leisure Activities

user-generated tweets with geo-tagged
locations from 75 twitter users in London
over a 14-month period

GTFS data from two bi-directional central
bus lines in Stockholm, Sweden together
with the list of operational constraints
and Social Media Data, user-generated
Data of 62 persons in the study area

Adapting the departure times of Pub-
lic Transportation services to the Joint
Leisure Activity Demand

Multi-Modal Journey Planning of Joint
Leisure Activity Trips subject to person-
alized preferences

Topology of a study area. Travel times
of all links in the study area for all alter-
native transport mode choices (i.e., bus,
private vehicles etc.). Link traversing cost
and fuel consumption of each link given
the utilized transport mode. Preferences
of users’” undertaking trips together with
their origin-destination points

In Chapter 3, a daily pattern recognition model was introduced for
deriving the willingness of users to travel certain distances for partic-
ipating at different types of activities. The daily pattern recognition
model was tested with the use of a 14-month period Twitter data from
65 users and demonstrated a 90% accuracy on allocating re-visited
locations with meaningful activities. The daily pattern recognition
model is individual-based and is automatically updated when new
user-generated data is provided. On top of the daily pattern recogni-
tion model, a utility-maximization model of each examined user was
developed and it returned the level of willingness to travel certain
distances for participating at different types of activities. However,
there are two underlying assumptions on this generalization which
were not possible to be validated given the data at hand. The first
assumption was that the utility of the user depends on the perceived
utility at performing an activity type and the traveled distance; how-
ever, the real location of that activity might play an important role
(i.e., the user might not feeling comfortable with certain areas of the
city). This cannot be validated in practice though if revealed prefer-
ence surveys are not conducted. The second assumption was that all
activities that belong to the same activity type (i.e., all restaurants)
have the same effect on the perceived utility of a user. This assumption
again cannot be validated because the user should provide informa-
tion about how he/she ranks all the places of interest in the city. As
with most individual-based utility-maximization models though, there
should be some assumptions about the user’s behavior since the full
decision-making mechanism of an individual cannot be replicated
with 100% accuracy. Therefore, this method might require certain
modifications when utilized in practice based on the data that is
available at each practical implementation scenario.

Those utility-maximization models for deriving the willingness of
the users to travel certain distances to participate at different types
of activities given the time of the day were utilized in Chapter 4 for
selecting the optimal location and time of a joint leisure activity. Given
the vast number of alternative activity locations in urban areas, heuris-
tic search methods were developed such as the stochastic annealing
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search which converged at an optimal location and starting time for the
joint activity. The stochastic annealing search produced stable results
when tested with data from 10 user groups derived from 75 Social
Media accounts. However, it was not possible to define how close to
the global optimum were those results since the optimization problem
was computational intractable given its exponential computational
complexity. Given that, the stochastic annealing search method was
tested against other SoA heuristics such as Hill Climbing and Genetic
Algorithms and outperformed them by improving up to 2 times the
aggregated utility of all activity participants in a series of test scenar-
ios. Therefore, this method can be used as-is in practice without the
need of any modification.

In Chapter 5 was developed a sequential heuristic search algorithm for
changing departure times of public transport modes in near real time
(in a matter of minutes) for adjusting to the arrival time needs of joint
leisure activity passengers without deteriorating the KPIs of public
transport operations. The sequential heuristic search was validated
after the implementation in a test-case focusing on bus lines 1 and 4
in Stockholm and Twitter data for deriving individual trips from 62
users to joint leisure activity locations. Due to the schedule changes
after optimization, the operational performance of bus services demon-
strated an EWT improvement at a service-wide level for all services
while only some stations from line 1, direction 2 and line 4, direction
4 had a slight EWT deterioration(up to 0.6min.); without affecting
significantly though the level of service of bus operations. At the same
time, after the re-scheduling, the joint leisure activity trips from all
services enjoyed new arrival times to the joint activity stations which
were more than 50% closer to the starting times of those activities.
During the validation stage, it was not possible to define how close
was the sequential heuristic search solution to the global optimum
given the computational complexity of the problem that hinders the
computation of the global optimum in the first place. However, it is
guaranteed that the solutions of the heuristic sequential search always
improve the current operations due to the greedy nature of the search
and the method can be used as-is in practical applications.

Finally, two methods for finding the shortest multi-modal path for a
user who is willing to travel from his/her current location to the loca-
tion of a joint leisure activity were developed in Chapter 6. Those meth-
ods considered the specific preferences of each user and were based
on an iterative label-setting approach where each label represented
a distinct path. The first method was an exact label-setting method
that always converged to the global optimum and was tested for val-
idation purposes in simulated networks with up to 3,000 transport
nodes and 30,000 transport links. However, it was discovered during
the validation phase that this method had to generate a vast amount
of labels prior to its convergence and that slowed down its implemen-
tation especially in the case of multiple user-preference constraints.
Therefore, this method can be used as-is in practical applications at
small to medium-sized networks. For resolving the computational
scalability problem, the shortest paths from all locations of the net-
work to the location of the joint leisure activity were pre-computed
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using historical travel time data and a second method based on an
aggressive label-pruning strategy was developed. This method had a
heuristic nature and converged closer to the global optimum when the
estimated average travel times were closer to the real ones. In practical
implementations at simulated networks that considered up to 4 user
preference constraints, the aggressive label-pruning method outper-
formed vastly the exact label-setting method in terms of operational
costs by converging in a matter of seconds. This enables its practical
implementation as-is in real-world route and mode-selection appli-
cations with an accuracy error of less than 10% according with the
validation tests.

8.3. Future Work

This thesis provided a comprehensive approach for optimizing trips re-
lated to non-recurrent activities in urban environments. This approach
depends on the data input due to its high granularity. Especially the
need of user-generated geo-location data is an application barrier;
however, it is expected to overcome this barrier as more and more
transport authorities open up their data and SmartCard logs become
publicly available on the web including tap-ins and tap-outs of pas-
sengers. In this direction, the fusion of user-generated geo-location
data from social media, smartcards, cellular cells and PDAs will be of
paramount importance for improving the accuracy of computational
learning of users’ mobility/activity patterns and is recommended as
future work topic.

In addition, the utility-maximization model of capturing users’ will-
ingness of traveling certain distances to participate at different activity
types can be coupled with zonal models that provide insights on the
activity options of different zones. For instance, if there are two sim-
ilar leisure activity options, an individual might be willing to travel
more and participate at the one that is far away from his/her current
location if that activity is in a zone that offers several other activity
options (zone with more attractiveness). Studying only geo-location
datasets from users cannot reveal that information; therefore, research
on the attractiveness of zones and their importance on leisure activity
participation will be beneficial.

In future research, experiments on other public transport modes can
also be conducted for developing demand-responsive schemes for
covering joint leisure activity trips (i.e., train, underground, tram).

A final challenge is to develop the required applications that will
improve the usability of the comprehensive non-recurrent activity
optimization approached described in this thesis consisting of:

» a smartphone application where joint leisure activity location
and time suggestions are provided to users based on their user-
generated geo-location data logs
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» asmartphone application where users are informed about changes
on demand-responsive public transportation for increasing the
service competitiveness of public transportation

» a smartphone application which proposes the optimal path to
the location of the activity considering multiple modes and users’
preferences in the form of resource constraints
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