ANALYZING MOVING OBJECTS DATA IN
SPATIO-TEMPORAL SPACE AND SOCIAL
NETWORKS

SONIA KHETARPAUL (NEE PRUTHI)

DEPARTMENT OF COMPUTER SCIENCE AND ENGINEERING

INDIAN INSTITUTE OF TECHNOLOGY DELHI

October 2017



(©Indian Institute of Technology Delhi (IITD), New Delhi, 2017
All rights reserved.



ANALYZING MOVING OBJECTS DATA IN
SPATIO-TEMPORAL SPACE AND SOCIAL
NETWORKS

by

SONIA KHETARPAUL (NEE PRUTHI)

DEPARTMENT OF COMPUTER SCIENCE AND ENGINEERING

Submitted

in fulfillment of the requirements of the degree of Doctor of Philosophy

to the

Indian Institute of Technology Delhi
October 2017



Certificate

This is to certify that the thesis titled Analyzing Moving Objects Data in Spatio-Temporal
Space and Social Networks submitted by Ms. Sonia Khetarpaul to the Indian Institute of
Technology, Delhi, for the award of degree of Doctor of Philosophy, is a record of bona-fide
research work carried out by her under our guidance and supervision at the Department of
Computer Science and Engineering. The thesis, in our opinion, is worthy of consideration for
the award of the degree of Doctor of Philosophy of the Institute. To the best of our knowledge,
the work presented in this thesis has not been submitted elsewhere, either in part or full, for the

award of any other degree or diploma.

Dr. S. K. Gupta Dr. L. Venkata Subramaniam
Professor STSM & Senior Manager
Department of Computer Science & Engineering IBM Research, India

Indian Institute of Technology Delhi, India



Acknowledgments

The experience at IIT Delhi for this degree has been an enriching experience. I am indebted
to several people who contributed directly or indirectly towards the completion of this thesis. I
take this opportunity to thank them. First of all, I wish to express my deepest gratitude to my
supervisors Prof. S. K. Gupta and Dr. L. Venkata Subramaniam for their enriching guidance
and constant encouragement during the development and completion of this dissertation. I will
always be thankful for their continuous support and their motivation for encouraging me to
explore my research interests, with understanding and patience. I thank them for the revisions
and suggestions and for setting the highest of standards for any kind of submission. It has been
a privilege to work under their guidance.

I would also like to thank my research committee members Prof. Saroj Kaushik, Prof. M.
P. Gupta, Prof. Prem Kalra and Prof. Sorav Bansal for their valuable guidance and support.
I would like to thank Prof. K. K. Biswas for his encouragement and help. I would also like
thank Prof. Naveen Garg whose constant presence in the lab has been a source of continuous
encouragement for me to work hard and think deeply.

I am grateful to my friends and colleagues Aditi Kapoor, Parul Shukla and Nidhi Gupta who
enriched my life during the PhD program with their discussions, encouragement and support.
Our discussions along with numerous cups of tea throughout these years provided great com-
panionship and helped in maintaining the required enthusiasm. I would further like to thank
Mona Jain, Nisha Jain, Kanika Modi, Chinmay Narayan and Sunita Tiwari for their compan-
ionship. I would also like to thank the different M.Tech and summer intern students with whom
I have worked during my PhD. I would like to extend my thanks to staff of Database and Al
Lab, Mr. M. Rathinam and Mr. S. S. Negi for their help in all lab related issues.

I would also like to thank my family. I thank my parents-in law and brother-in law who
always given me the freedom and encouragement at every point of my life with their uncon-
ditional love and support. I would especially like to express my gratitude towards my late
father-in law who has always been a source of inspiration to me and who encouraged me even
when he was very unwell himself. I would also like to thank my parents and brothers who made
me capable enough to allow me start this journey at IIT and for their continuous support, moti-
vation and encouragement. I would like to thank my husband Shaleen Khetarpaul for enriching

my life and being a constant source of motivation and happiness and helping me in everyway



possible throughout this time. I would like to dedicate this thesis to my both sons Armaan and
Vivaan for their joyful presence and immense patience.
Finally, I am grateful to God for his blessings and for giving me the strength to persevere

throughout this long and arduous Ph.D journey.

Sonia Khetarpaul



Abstract

The advances in wireless communication and positioning devices like Global Positioning Sys-
tems (GPS) has generated significant interest in the field of analyzing and mining various pat-
terns present in spatio-temporal data. The pervasiveness of location-acquisition technologies
(GPS, GSM networks, etc.) have enabled convenient logging of location and movement his-
tories of individuals. Also a location based social network (LBSN) not only represents social
relations among actors, but also allows them to share and access their physical locations. Here,
the physical location consists of instant location of an individual at a given timestamp and the
location history that an individual has accumulated in a certain period. The increasing avail-
ability of large amounts of spatio-temporal data pertaining to the movement of users has given
rise to a variety of application. Managing, understanding, querying and mining the collected

location data are important issues for these applications.

This thesis addresses various issues related to understanding, querying and mining spatio-
temporal data of moving objects and inter-connected moving objects (through social networks).
We start with defining a Spatio-Temporal-Social (STS) data model and algebra which captures
both non spatial and spatial properties of moving users along with their social inter-connections.
It is a high level, programming language independent data model with three levels of data
abstractions. At first level, raw observations are defined. Then these observations are mapped to
data types and operations to capture spatio-temporal data and social network inter-connections
and define the second level of the model. The third level is formalized and structured level,
represents user’s view of data. It shows the data as connected objects with spatial and non-
spatial properties associated with them. By applying this data model and related algebra, we
mine individual’s location history to determine interesting locations, optimal meeting points,
etc., and query social network users for their spatio-temporal locations, social inter-connections,

influences, their common check-ins, etc.



Then, we address the problem of identifying interesting and temporal interesting locations
in a city. GPS Trajectory datasets of various users are aggregated and analyzed by applying
STS algebra and interesting locations are determined. Our next work focuses on scheduling the
meeting for varying number of users who are situated in geographically distant locations of a
city and have varying traveling patterns. We extend the work of previous authors in this domain
and determine optimal meeting point by incorporating some real life constraints like varying
travel patterns, flexible meeting point and considering road network distance.

Finally, we determine the impact of structural patterns hidden in the nodes of social net-
works and external environment changes on the spatio-temporal mobility patterns of the users.
We explore how network and spatial properties and external factors affect the number of check-

ins and influences made by users.
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