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Abstract

Location Based Social Networks (LBSNs) provide an inexpensive source of data to anal-
yse public movement. However, it is difficult to process LBSN to get useful information
due to the sparsity and irregularity associated with data. These inherent properties of
LBSN data are caused by the voluntary posting to the LBSN. Therefore we can say vol-
untary posting of data is both a strength and a weakness of LBSN data. In this thesis, we
propose several methods to process LBSN data to extract useful information.

Information from LBSN data can be used to identify areas used for movement and
the most popular paths. A clever way to extract these information is to first construct
a graph structure based on the posted locations and query this graph. Neighbourhood
graphs are useful structures to analyse the movement between a set of locations. More
specifically we look at two candidates the Relative Neighbourhood Graph and the Short-
est Path Graph, but both have weaknesses making them less suitable for our domain.
By analysing the relationship between these two graphs, we propose the Stepping Stone
graph with local criterion named the Diversion Neighbourhood which captures move-
ment related information between two points. Due to the shape of the Diversion Neigh-
bourhood, the Stepping Stone Graph is very effective in calculating movement related
queries, and because the Diversion Neighbourhood is a local criterion, the Stepping Stone
graph is efficient to create. In this thesis, we provide how the Stepping Stone Graph is
related to other well-known graphs and empirically show how it is useful for LBSN data
processing by answering a few spatial queries using real LBSN data.

Modern use cases of LBSN data processing need to generate results in real time. Even
though the Stepping Stone Graph is suitable to process LBSN data sets with moderate
number of post with locations, it takes a considerable time to process very large data sets.
Continuing our research on neighbourhood graphs, in order to address this scalability
issue we propose the Diversion Graph by relaxing the evaluation criteria of the Stepping
Stone Graph. Due to this relaxed criteria, the Diversion Graph takes 10% of the time
required to calculate the Stepping Stone Graph of the same location set. However, the
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Diversion Graph contains a maximum of 2% additional edges than the Stepping Stone
Graph, which is an undesirable effect. When considering creation time reduction against
the number of additional edges, the Diversion Graph provides a favourable trade off
for LBSN data analysis in numerous scenarios. We show this increased performance of
the Diversion Graph against the Stepping Stone Graph by processing a few application
queries that require to process a large number of locations filtered from real LBSN data
and synthetic data.

Due to the sparsity and irregularity associated with LBSN data, there are use cases
that cannot be solved by the data structures previously proposed. One such important
use case useful for many fields is predicting group movement. Due to the lack of tech-
niques to track multiple moving objects as a group using sparse irregular data, address-
ing this use case using LBSN data is difficult. To address this issue we turn our attention
to algorithms in signal processing and time series analysis. LBSN trajectory of a single
user can be considered a location signal collected over time. Group analysis relates to pro-
cessing multiple of these signals together. We propose a new technique named the Group
Kalman Filter, by extending the well-known technique named the Kalman filter which is
used for processing multiple signals. When using LBSN data to track group movement,
not all members of the group post continuously to the LBSN. Therefore we have to as-
sume that locations of the members who are not posting are reflected by the members
who are posting with the group. We develop a metric to quantify this behaviour and use
it to detect complex group movement patterns such as group merging and group split-
ting. We propose four group movement models to track and predict the movement of
detected groups with their advantages and disadvantages. Using real LBSN data and
synthetic location data that mimic LBSN data distributions, we show that the Group
Kalman Filter is both effective and efficient to detect and predict group movement us-
ing LBSN data as our final contribution to the area with this thesis.
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Chapter 1

Introduction

Public movement analysis refers to analysing people’s movement data, in order to gain

understanding of public movement patterns. Public movement analysis is helpful in

understanding regular movement patterns of the public, identifying anomalies in move-

ment patterns and how some aspects of human behaviour propagates with movement [1].

Results from public movement analysis can be used for event detection, popular path

detection, travel network extraction, disease propagation analysis and group movement

tracking. Traditional method of data collection for public movement analysis is to use

specialized mechanisms to collect data using autonomous GPS loggers, call data records

and wifi access data records. Most of these techniques involve privacy concerns and/or

low resolution of collected data.

Affordability of Global Positioning System (GPS) enabled devices has allowed the

public to communicate their location to the world effortlessly. Location Based Social Net-

works (LBSN) application domain is one which utilizes people’s location effectively, by

enabling users to publish their location along with published content to the social net-

work. Twitter, Flicker and Foursquare are some example LBSNs that allow users to pub-

lish their location. Since the user generated content in LBSN is often inspired by users’

experiences, it is a valuable source of information to analyse user behaviour. Aforemen-

tioned LBSNs provide public Application Programming Interfaces (APIs) that release

data for research purposes. In addition to being an inexpensive data source for pub-

lic movement analysis, LBSNs can provide a more privacy aware way to access data as
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users have full control of when and where to post about their activities. In this thesis, we

aim to analyse the public movement using these publicly available LBSN data.

Depending on the way location data is collected for analysis, we can categorise data

into two broad categories machine-generated data and user-generated data. Machine-

generated data refers to dense location data sourced by autonomous systems associated

with a moving object such as a vehicle or a mobile phone in small regular time intervals.

Therefore machine generated data contain a detailed record of even a small movement.

On the contrary, user-generated data is generated when a user decides to record their

location to a system voluntarily. LBSN data and applications that allow users to record

their locations when they want are examples of user-generated location data sources.

Due to the voluntary generation of data, user generated data tend to be sparse and irreg-

ular, making only some of the location history of the reporting user available for analysis.

Hence movement analysis techniques that work on machine-generated location data do

not usually generate useful results from user-generated data. It is important to inves-

tigate and develop specialized movement analysis mechanisms to process sparse and

irregular user-generated data.

Important information about different events and emergencies can be gathered in

real-time using LBSN data. For example, by analysing movements of users using the

LBSN data related to a particular event, we can infer information such as the common

routes taken by the participants to come to the event or LBSN posts that mention key-

words related to an emergency can be used for crisis management. The gathered content

can be used to analyse different situations, identify irregularities in user movements and

to enhance the understanding of situations. Analysing the spatial and temporal charac-

teristics related to the day-to-day lives of the public is a crucial step towards establishing

situational awareness. Since LBSN provides a voluntarily generated information about

users, developing systems to support situational awareness using LBSN data is a trend-

ing research area [2, 3]. In these systems, it is noted that the visualizations generated to

provide an overview of the spatial and temporal distribution of LBSN data relating to an

event is specifically useful for behaviour analysis.
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1.1 Location Based Social Network Data for Public Movement
Analysis

A single element of user generated content in LBSN is called an LBSN post. An LBSN post

can be viewed as a combination of four data items - identification of the user, voluntarily

generated content, the location where the content is generated and the timestamp when

the content is generated. Therefore, LBSN data can be analysed based on a single aspect

of the data or a combination of aspects to reveal new information.

Since LBSN data is voluntarily generated users decide when and where to post con-

tent. Most users of LBSN have low and irregular posting patterns making it difficult

to process LBSN data based on a single user trajectory. However, by combining this

uncertain data we can come up with more certain information. The location of these

LBSN posts come as a GPS point. When combining these point location data to extract

movement information, mechanisms that connect these points using edges are useful for

analysing movement. One such mechanism class is known as neighbourhood graphs.

Neighbourhood graphs infer edges between two points based on the properties of the

neighbourhood surrounding those two points. We can use a selected neighbourhood

graph to create a structure between LBSN posts’ locations in order to do further process-

ing. However, it remains a problem as to which graph to select to generate this structure

as there are many graphs with different properties. The selected graph should be effec-

tively captured movement related information that is available through LBSN data and

should be efficient to generate and process. Due to the availability to GPS enabled mobile

phones we can expect high volumes of location data even for a small scale event.

Another interesting problem that can be investigated using LBSN data is group move-

ment prediction. In order to detect groups in a traditional setting, potential group mem-

bers must be equipped with specialized pieces of equipment to collect the location of the

group member regularly with their identification. With the availability of LBSNs where

any user can post their location freely, it is important to look into how LBSN data can

be used in group movement detection and prediction. However, we have to be aware of
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Figure 1.1: Distribution of LBSN posts from a Twitter data set over Australia.

the negative impact created by the inherent properties of the LBSN data such as low and

irregular posting frequencies.

1.2 Challenges of Public Movement Analysis using LBSN Data

1.2.1 Low and Irregular Posting Patterns

In LSBNs data generation is voluntary; users decide when to post content with a location.

Most users are reluctant to post their location online due to privacy reasons. As a result,

the number of geo tagged posts typically is relatively low compared to the total number

of posts in social networks. For example in the Twitter data set we use, 70% of the users
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(a) One minute trajectories

(b) Five minute trajectories

Figure 1.2: Trajectory trace distribution over Melbourne, Australia. Circles indicate LBSN
posts, while green lines indicate trajectory traces.
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have posted less than 10 geo-tagged posts in one month time period, which amounts to

11.5% of all records in the data set. Remaining 30% of the users have posted 88.5% of the

whole data set. Another problem experienced in LBSN data is irregular posting patterns.

Some users post with high frequency in a short period of time and do not post any LBSN

posts for a long time. Even when users post with high frequency compared to the other

users, it is not usually sufficient to analyse movement patterns of individual users [4].

Another form of irregularity observable in LBSN data is that posted locations are con-

centrated towards, roads and urban areas. Figure 1.1 depicts the distribution of posted

locations in our Twitter data set. Note how location patterns highlight major highways

and highly populated cities on the map. Irregularity of posting patterns of individual

users are highlighted in Figure 1.2 which shows the trajectory traces taken from individ-

ual users. One minute trajectories shown in Figure 1.2 (a) are way less compared to the

five minute trajectories shown in Figure 1.2 (b). Also, note how trajectory patterns are

scattered making individual’s movement analysis difficult. As a result of above posting

patterns, it is hard to propose methods to process LBSN data.

1.2.2 Need for Real-time Processing

Most LBSNs have millions of users. With the availability of GPS enabled mobile phones

these users can generate a high volume of data for even a small event. For example, 500

million tweets are posted on Twitter each day1. This may seem contradictory with the

previously explained challenge; low and irregular posting frequencies. Data relating to

individual users are sparse and irregular, but there are a lot of users. Also, this large

number of users are spread across large areas, making the posted data collected with less

density. This large amount of users generate a lot of data points which are sparse and

irregular making it hard to process due to both volume and sparsity. In order to support

modern use cases of processing, we need to process these increased amounts of data in a

short amount of time. This processing includes both offline processing of collected data

and online processing of streaming data. When proposing methods to process modern

1https://www.oberlo.com/blog/twitter-statistics
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LBSN data we have to consider proposing methods to process in both situations.

1.2.3 Combining Data From Different Users

Due to the inherent properties of LBSN data such as low and irregular posting patterns, It

is difficult to analyse movements of individual users. However, we can combine location

data from different users and make a less uncertain picture of public movement. Also,

it is hard to combine data from different users and process them due to the uncertainty

associated with LBSN data. Due to these problems, it is hard to propose methods solve

use cases such as group movement prediction and trajectory clustering using LBSN data.

Even though we can detect a combined movement from time to time, it is less likely that

all the members in the combined movement will post continuously to track and predict

the movement. Therefore we need to compensate for that fact and we have to rely only

on the portion of the locations from the combined movement and have to assume that

the rest of the users who are not posting are represented by the available data.

1.3 Research Problems and Objectives

The focus of this research is to develop effective and efficient mechanisms for conducting

public movement analysis using LBSN data. To address the challenges stemming from

the properties of LBSN data, this thesis explores the following key research problems:

• How to effectively and efficiently model LBSN data for movement analysis? It is

difficult to propose methods to process LBSN data to extract information relating

to an event or a specific area due to the aforementioned properties such as sparsity

and irregularity of LBSN data. We explore data structures to effectively capture the

movement related aspects posted on LBSN data. Among available data structures,

graphs that can capture and represent relationships between elements are espe-

cially useful in this use case. Our investigation leads us to explore the options with
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neighbourhood graphs, which infer edges between location vertices based on the

properties of the surroundings of locations. Most of the available neighbourhood

graphs create a static graph structure, which cannot be configured to suit the loca-

tion distribution relating to the situation. Therefore, most of the available neigh-

bourhood graphs failed to process LBSN data effectively and efficiently. To make

a configurable graph that can change the captured information based on the situa-

tion, we look at variable graphs. Variable graphs can change the created structure

based on parameters to suit the distribution of analysed data. Since available vari-

able neighbourhood graphs are not created with the focus of analysing movement

data, we investigate the existence of a new variable neighbourhood graph focused

on answering movement related queries.

• How to process LBSN data in real time using neighbourhood graphs? LBSNs

generate data at very high speeds and modern use cases need to process this data

in the least possible time. Therefore, our next research question investigates im-

proving the processing time of the solutions we discovered relating to the previous

research question. As mentioned in the previous research question we are inves-

tigating to propose new variable neighbourhood graphs with our main focus on

increased effectiveness of the solution. Since we are aiming to reduce the process-

ing time in this research problem, we are reducing our focus on effectiveness and

increase the focus on efficiency. In other terms with this research question, we ex-

plore the possibility of developing techniques that create a useful trade off between

effectiveness and efficiency. As the solution, we investigate to relax the evaluation

condition on the graph data structure proposed for the previous problem and in-

crease the efficiency of analysis. Due to the relaxation of the evaluation criteria, the

graph data structure can contain additional impurities which affect negatively to

the analysis. The objective here is to find a suitable balance between the existence

of impurities against the increased performance to process increased amounts of

data.

• How can we predict the movement of groups using LBSN data? LBSN provides

an inexpensive source of data for group movement detection and prediction. This
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use case involves combining incomplete movement data from different users. This

is a difficult problem to solve using traditional methods available to process GPS

data. These traditional methods can safely assume that all the group members con-

tinuously emit their location for the analysis, making them less effective when ap-

plied on LBSN data where the same processing needs to be done with incomplete

data. Hence it is essential to investigate mechanisms that can combine incomplete

data from different users to solve problems such as group movement prediction

using sparse irregular data. Since this problem cannot be solved by using only

proposing new data structures, we investigate algorithmic solutions. Furthermore,

group movement analysis is difficult due to the increased dimensional space of the

problem as there are multiple variable users. We investigate available literature to

effectively deal with such problems and predict group movement using incomplete

LBSN data. By considering user trajectories in LBSN data as signals generated by

multiple users moving as a group, we explore solutions by extending algorithms

from signal processing and time series analysis.

1.4 Thesis Contribution

In this thesis, we first explore data structures that can help us effectively process LBSN

data for movement analysis. To mitigate the rigid nature of static neighbourhood graphs

and poor performance of existing variable neighbourhood graphs, we investigate to link

most suitable candidates from these two categories and propose a new graph data struc-

ture. In order to analyse movement we mainly process the location, the timestamp and

the userID related to an LBSN post. Next, we work on improving the proposed data

structures to increase their efficiency when processing increased amounts of LBSN data.

Due to the inherent properties of LBSN data, not all movement related use cases can

be addressed by proposing only data structures. Therefore we advance our research by

proposing algorithms to predict group movement using LBSN data. For this use case,

we successfully propose a solution using a well-known algorithm from signal processing
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and time series analysis named the Kalman filter. Main contributions of this thesis can be

summarized as follows:

1. Introducing the Stepping Stone Graph for public movement analysis using LBSN

data. It is a new graph data structure that creates edges between points based on

a local evaluation criterion capturing movement related information. New evalua-

tion criterion named the Diversion neighbourhood is used to extract the Stepping

Stone Graph. The planar Stepping Stone Graph can be efficiently extracted using

the Delaunay triangulation. We have provided mathematical proofs relating the

Stepping Stone Graph to well known graph structures such as the Gabriel graph,

β - Skeletons and the relative neighbourhood graph. From our mathematical anal-

ysis, it is observed that the Stepping Stone Graph is more suitable for movement

analysis than β - Skeletons due to the more even spread of the evaluation criteria

Diversion neighbourhood. We have shown the usefulness of the Stepping Stone

Graph by applying it for events analysis, solving nearest neighbour queries and

most popular path finding. Using real world LBSN data we evaluated the effec-

tiveness of the Stepping Stone Graph in the proposed use cases against the Shortest

Path Graph. For all the use cases the Stepping Stone graph provides effective and

efficient solutions compared to the Shortest Path Graph.

2. Introducing the Diversion Graph for real time processing of LBSN data for move-

ment analysis. Even though the Stepping Stone Graph is efficient to process small

scale data sets containing hundreds of locations, it takes longer to process larger

data sets with thousands of locations. By relaxing the Diversion neighbourhood

based evaluation criteria to focus less on effectiveness and focus more on efficiency

we propose a new graph named the Diversion Graph for movement analysis. We

show relationship between well known graph structures and the Diversion Graph

through mathematical proofs. Our mathematical analysis shows that the Diver-

sion Graph is not always equal to the Stepping Stone Graph and based on existing

literature the Diversion Graph can contain maximally 2% of total edges in the Step-

ping Stone Graph as additional edges. Even though having additional edges is
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disadvantageous for analysis, relaxation of evaluation criteria results in over 90%

reduction of execution time. Therefore this trade-off is advantageous. We present

some applications of the Stepping Stone Graph that can benefit from the reduced

execution time of the Diversion Graph. In all the experiments comparing the Diver-

sion Graph against the Stepping Stone Graph, the Diversion Graph takes less time

to process the data set compared to the Stepping Stone Graph, while maintaining

the same level of effectiveness as the Stepping Stone Graph.

3. Introducing the Group Kalman Filter for group movement prediction using LBSN

data. Group movement prediction using LBSN data requires methods to combine

incomplete movement information from different users. It is difficult to solve this

research problem by only proposing data structures. Therefore we propose an al-

gorithmic solution extending concepts from signal processing. We extend a generic

signal processing technique named the Kalman filter which can process multiple

signals. This technique is used to predict the next state of a process based on the

previous state and the measurements of the current state. We propose to convert

LBSN data into a format that can be processed by the Klaman filter. In order to

apply Kalman filter on converted LBSN data we propose four movement models

with increased complexity. Using real world data and synthetic data we validate

the operation of the Group Kalman Filter. The architecture of the Group Kalman fil-

ter can be used to solve other location data combining problems such as trajectory

clustering.

1.5 Thesis Organisation

The chapters of this thesis are organized as follows. Chapter 2 provides a literature re-

view on Location data analysis, LBSN data processing, available neighbourhood graphs,

and group movement analysis. Chapter 3 presents our first new graph data structure

contribution, the Stepping Stone Graph with its application using LBSN data. Chapters

4 presents our second new graph data structure contribution, the Diversion graph and
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validating the accuracy and performance benefits of the Diversion graph when applied

to LBSN data analysis. Chapter 5 presents our third contribution, the Group Kalman Fil-

ter for group movement tracking with four group movement tracking models. Chapter

6 concludes the thesis with a summary of the thesis and discusses future research direc-

tions. The core chapters of the thesis are derived from publications completed during my

PhD candidature, which are listed as follows:

• Chapter 3 proposes the Stepping Stone Graph and its applications. This chapter is

derived from:

– Sameera Kannangara, Egemen Tanin, Aaron Harwood, and Shanika Karunasek-

era. “Stepping stone graph for public movement analysis.” In Proceedings of the

26th ACM SIGSPATIAL International Conference on Advances in Geographic Infor-

mation Systems, pp. 149-158. 2018.

– Sameera Kannangara, Egemen Tanin, Aaron Harwood, and Shanika Karunasek-

era. “Stepping Stone Graph: A Graph for Finding Movement Corridors using

Sparse Trajectories.” ACM Transactions on Spatial Algorithms and Systems (TSAS)

5, no. 4 (2019): 1-24.

• Chapter 4 introduces the Diversion Graph and confirms the performance benefits

achieved using the relaxed evaluation criteria. This chapter is derived from:

– Sameera Kannangara, Hairuo Xie, Egemen Tanin, Aaron Harwood, and Shanika

Karunasekera. “Introducing Diversion Graph for Real-time Spatial Data Anal-

ysis with Location Based Social Networks.” 11th International Conference on Ge-

ographic Information Science (GIScience 2021), Schloss Dagstuhl-Leibniz-Zentrum

fuer Informatik, 2020.

• Chapter 5 proposes the Group Kalman Filter and provides experimental results

showing effectiveness and efficiency with real LBSN data. This chapter is derived

from:

– Sameera Kannangara, Hairuo Xie, Egemen Tanin, Aaron Harwood, and Shanika

Karunasekera. “Tracking Group Movement with Location Based Social Net-
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works.” Proceedings of the 28th ACM SIGSPATIAL International Conference on

Advances in Geographic Information Systems. 2020.



Chapter 2

Literature Review

2.1 Introduction

The Location Based Social Network (LBSN) Data can be processed to reveal different

kinds of useful movement related information, such as interesting events and most pop-

ular venues for a given activity. Public movement analysis is a selection of analysis tech-

niques used to process location data for generating information related to movement pat-

terns of the public. LBSNs provide rich and inexpensive data sources for public move-

ment analysis. In this chapter, we will present existing literature relating to the LBSN

data analysis focusing on public movement analysis using LBSN data.

Locations collected via LBSN data come in the form of GPS coordinates. When pro-

cessing location data for movement analysis we need to build effective models of the data

to process location data effectively and efficiently. As this is an important part of loca-

tion data processing, next we present existing models used to represent location data for

movement analysis. Among these existing models, we present existing neighbourhood

graphs that can be used to model and process LBSN data. In this section, we present an

existing gap between the Relative Neighbourhood Graph (a static neighbourhood graph)

and the Shortest Path Graph (a variable neighbourhood graph). By analysing the relation-

ship between these two graphs we propose the Stepping Stone Graph and the Diversion

Graph to fill this gap. This section introduces various neighbourhood graphs that we are

14
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going to mathematically relate to our newly created graphs. Content from this section

will be referred to as needed in the later chapters when comparing our proposed graphs

against existing graphs.

Since LBSN data is type of location data, processing techniques developed to process

other types of location data to reveal movement patterns can be applied on LBSN data.

Following this pathway, we then present existing literature on movement analysis us-

ing location data. Within the discussion of literature related to location data analysis, we

present location data collection methods and processing of location data to generate pub-

lic movement related information. We analyse group movement analysis as a separate

section at the end of this section since we investigate this area separately and propose a

new technique for group movement analysis using LBSN data.

After looking at the literature relating to location data processing and modelling lo-

cation data, we present an analysis of existing literature relating to movement analysis

using LBSN data. We focus on different types of analysis that can be performed using

LBSN data and kinds of movement related information needs we can fulfil using LBSN

data. Later in this section, we discuss combining individual movement information col-

lected from LBSN data to create a collective understanding and finish with a discussion

on the availability of LBSN data for processing.

In the next subsection, we present literature relating to combining individual location

information from different users to analyse group movement. This section provides an

analysis of existing literature relating to group movement tracking we conduct as our

third research problem. We start this section by introducing the combination process-

ing of GPS data. Later we shift the focus to discuss the usage of concepts from signal

processing to analyse combined movement. This analysis highlights the lack of existing

techniques for group movement tracking using sparse location data from sources such as

LBSNs. To fill this gap in knowledge we propose the Group Kalman Filter by extending

the well known signal processing method the Kalman filter. This chapter concludes with

a summary of the discussed literature and a brief comparison of how our contributions

relate to them.
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2.2 Modelling of Location data for Movement Analysis

To process location data to obtain movement related information, we have to effectively

and efficiently model location data. One of the useful modelling method of location data

to analyse movement related aspects is graphs. In location data analysis, graphs rep-

resent locations as vertices and relationships among locations as edges. Among those

existing graph structures, ones that can automatically create relationships between loca-

tions are specially useful for movement analysis. One such graph category is neighbour-

hood graphs. In the first subsection we discuss available neighbourhood graphs, their

characteristics and existing gaps in graph knowledge. Another location data modelling

technique useful for movement analysis is grid creation. The grids can be static and uni-

form or dynamic and variable. In the next subsection we discuss existing usage of grids

in movement analysis.

2.2.1 Neighbourhood Graphs for Movement Analysis

Graphs are useful data structures to store and analyse relationships between data objects.

Data objects that are subjected to relationships are usually called vertices, and created re-

lationships between these data objects are represented by edges in a graph. When these

edges do not signify any direction information between the vertices, they are called undi-

rected graphs. On the other hand, when the direction information is associated with the

edges, they are called directed graphs. To analyse location data both directed and undi-

rected graphs are used. In this section, we discuss some available undirected graphs that

are useful for LBSN data processing.

LBSN data can be seen as a set of positive locality samples collected over an impre-

cise region. In order to correlate these locality samples, neighbourhood graphs [5] can

be used. Neighbourhood graphs infer edges between a set of given vertices based on

pre-defined criteria. Graphical representation of a neighbourhood graph is called the

neighbourhood skeleton [5]. Neighbour skeletons are used for studying the shape of a
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point set. Connectivity and planarity are two properties necessary to make a graph rep-

resentation intuitive. Connectivity refers to the ability to travel from one locality to any

other locality using graph edges. Planarity is the property of not having overlapping

edges when graph edges are projected on a plane.

In neighbourhood graphs, edge inferring neighbourhood can be defined per point,

per point pair or per all points in the sample. Empty Region Graphs [6] study provides

a comprehensive analysis of graphs that infer edges based on the absence of other ver-

tices compared to a region surrounding the endpoints of the edge. When using an empty

region as the evaluation criteria for edge inferring, it is important to note whether the

boundary of the evaluation region is considered to be empty. If the boundary is consid-

ered to be empty then the evaluation region is referred to as a closed region and as an

open region otherwise. It is a common practice to represent open and closed regions by

dashed and solid lines when graphically representing a region.

Considering the inference of connections between locations, the Gabriel Graph (GG) [7]

is a pioneering solution. GG was originally proposed as a tool for geographic variation

analysis, to identify contiguous locality pairs. While discussing desirable properties of

connecting regions for contiguous localities, authors emphasize that planarity and con-

nectivity of inferred graph structure are crucial to making inferred connecting regions

intuitive for geographic data. Authors use simple definition closed circle where given

locality pairs are on the opposite ends of diameter as the empty region for GG as it en-

sures both planarity and connectivity of the inferred graph. Closed circle neighbourhood

of GG is shown in Figure 2.1 (a). Later it was shown that the minimum spanning tree

(MST) is a subgraph of GG and GG is a subgraph of DT [8].

In pattern recognition, Relative Neighbourhood Graph (RNG) [9] was first introduced

as a mechanism that can infer a structure close to human perception of a point set. RNG

achieved this due to the open lune shape it used for evaluating empty regions around

two locations. Sketch of open lune neighbourhood is shown in Figure 2.1 (b). With the

introduction of RNG, it was shown that MST is a subgraph of RNG and RNG is a sub-

graph of Delaunay Triangulation (DT). Given the DT of a point set, RNG can be found
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(a) GG
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(b) RNG
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(c) SPG(2)

Figure 2.1: Examples of different neighbourhood graph on sample point sets

in linear time [10]. Since RNG is defined using distances between points, the definition

of RNG can be extended to any dimension and for distance metrics other than Euclidean

distance [9].

Urquhart Graph (UG) [11] was first proposed for fast construction of RNG. It was

later proved that the UG is not always similar to RNG [12], but UG only differs from

RNG by 2% maximally. Therefore UG can be seen as a faster method to approximate

RNG [13]. We are combining the thought process behind UG creation and the Diversion

neighbourhood of the Stepping Stone Graph to create the Diversion Graph.

β-Skeletons [14] is presented as a framework for neighbourhood graphs which infers

edges based on a circle based empty regions. Authors present 2 categories of neighbour-

hoods. Lune based neighbourhoods are defined as the intersection of two circles and

circle based neighbourhoods are defined as the union of two circles. With lune based

definition, GG is β = 1 skeleton and RNG is β = 2 skeleton. β-Skeletons have been

effectively used for reconstruction of curves given as point sets [15].

Delaunay Triangulation (DT) is a Triangulated Irregular Network (TIN) with many
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benefits. It serves as a planar graph which has similar properties as the complete graph [16].

For this reason, it can be used as the starting graph for inferring many other planar

graphs. Due to having a low spanning ratio and faster inferring it is used in many move-

ment network analysis problems. Note that MST ⊆ RNG ⊆ UG ⊆ GG ⊆ DT.

Shortest Path Graph (SPG(t)) is first proposed as the base skeleton for inferring the

boundary of an imprecise region, given as a positive locality sample [17]. The main idea

of SPG(t) is to infer the edges between points in such a way that the shortest path within

the imprecise region roughly corresponds to the shortest path in the graph. In this work,

authors discuss seven desirable properties of imprecise regions. When the weight of an

edge is defined as its Euclidean length raised to the power of parameter 1 ≤ t, the edge is

present in SPG(t) if and only if it is the least weight path between its endpoints. Authors

show using empirical results that SPG(2) is better for delineating an imprecise region,

compared to both KDE and GG. SPG(2) performs better than GG and β-Skeletons be-

cause it compares the cumulative weight of the shortest path over inferred edges against

the weight of the evaluating edge.

Presenting SPG(t), authors highlight the connectivity of the resulting structure as one

of the desirable properties of mechanisms used to analyze the boundary of an imprecise

region. Open lune is the upper bound of the empty regions graphs to ensure a connected

skeleton. Since RNG uses open lune as the empty region criteria, for the usage of delin-

eating imprecise regions SPG(2) should be compared against it. Figure 2.1 (c) depicts a

situation where SPG(2) perform better than RNG. In the discussion, the authors noted

that the quality of result generated using SPG(2) heavily depends on the selections for

parameters. They have particularly highlighted outlier filtering which is an essential

step to generate a quality result, as such an area. Later SPG(t) skeletons with varying

t are used as base structure for overlapping set visualization [18]. As a downside of us-

ing a global criterion, inferring algorithm results in undesirable running times such as

O(n2 log n) to infer planar edges. Therefore generating SPG(t) with varying t values is a

computationally intensive task. Even though SPG(t) provides a variable graph solution

comparable to static RNG, due to increased running time of SPG(t) creation algorithm
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makes it less useful. Therefore we need to look at alternative graph solutions that exist

with good properties of SPG(t) and RNG, without being static or inefficient.

2.2.2 Spatial Grids for Movement Analysis

Spatial grids are useful and intuitive location data modelling technique useful for move-

ment analysis. When modelling a location data set as a grid, total area where location

points are spread are divided into smaller grid cells. These grid cells can be a static and

uniform shape such as squares or rectangles, or variable and dynamic such grid cells

based on location density. When using spatial grids for movement analysis, usually first

the area under analysis is divided into grid cells and then movement patterns between

grid cells are analysed.

In the operation of constructing popular routes from uncertain trajectories using RICK [19],

analysed area is divided into a static grid of square cells. Next movement patterns be-

tween cells are analysed. Even though this approach generates comparable popular

routes against other existing popular route finding methods, it is difficult to decide on

a single grid size that is suitable for analysing all the data. Also based on the size of grid

cells, the execution time of the solution varies. Selecting a smaller grid cells size improves

the result quality, but at the same time increases the running time of the algorithm. For

extraction of Geometries of Interest (GOIs) in [20], researchers have used static grids.

Rather than analysing the movement between grid cells, they have linked the grid cells

with similar locations where location posting entities have been stationary.

Another method for partitioning the analysis area is to use a variable grid. A popular

method of identifying such grid cells is to use the Voronoi tessellation of a point set. To

analyse movement patterns in large trajectory data sets this method is useful [21]. In this

approach, first, the locations are grouped by proximity. Then, the Voronoi tessellation is

created based on the group centroids. Next, movements between the Voronoi cells are

analysed. Compared to the static grid cells, this method is more suitable for analysing

location data sets with varying densities over the area. The Voronoi cell granularity can
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be adjusted by changing the parameters used for grouping locations. The same approach

of using the Voronoi cells of the location groups is used for analysing movement patterns

using LBSN data [22].

When using grids to analyse movement, a set of locations are grouped into a grid

cell. Therefore, movement analysis using grids usually present an aggregated view of

location data. When using graphs directly on location data, movement analysis can be

performed at the most descriptive granularity. Due to this reason, graphs are desirable

when analysing movement within a smaller region or analysing data with less density.

However, grid based methods are useful for analysing a larger area in a shorter amount

of time or to analyse high density data.

2.3 Movement Analysis Using Location Data

Before discussing movement analysis using LBSN data, we will discuss movement anal-

ysis using location data in general. Location data can be collected using many different

mechanisms including GPS enabled devices [23], cell phone record location data [24],

Wifi access records, public transport card usage records [25], etc. These location data can

be analysed to reveal different aspects of public movement patterns. Public movement

analysis is an important use case where movements of the general public in a geograph-

ical area is analysed in various granularities.

GPS location data collected using machine-generated methods can be processed to

uncover useful information. Geometries of interest (GOI) [26] is one such information

type where area geometries of points of interests (POIs) are extracted using GPS trajec-

tory data. To do this, locations of trajectories where users have stayed for more than a

specific time are aggregated and outlier locations are filtered out using spatial indices.

RoadRunner [27] is another system proposed to infer the road network using GPS tra-

jectories, that is the connecting network between GOIs. Combining these approaches,

researchers can uncover the popular areas of public visit and the travel network they use
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to move from one area to another.

A research conducted on extracting regions based on what those regions means to

users and analysing movement between these regions is available at [28]. Such mean-

ingful regions are called semantic regions. This information is useful in characterizing

users and in making friend suggestions based on semantic movement patterns. Location

transition without semantic information can also be mined using GPS data [29]. Informa-

tion uncovered in this analysis can be used for tour recommendation and to increase the

usability of location based services such as congestion aware routing. On a similar note,

machine-generated trajectories from vehicles can be used to understand urban recurrent

congestion evolution patterns [23].

We can also observe that graph theory is used in analysing location data. [30] presents

a graph-based approach to vehicle trajectory analysis. Proposed approach merges GPS

trajectories based on their closeness. Rather than considering only spatial closeness re-

searchers have developed a method to merge locations in the trajectory if trajectories

passing through these locations are similar. This approach operates in two stages - reduc-

tion stage where trajectories are reduced to representative trajectories and are aggregated,

and a second stage where partitioning and regionalisation occur where relationships be-

tween all trajectories are analysed to detect interesting regions and to define trajectory

clusters connecting them. Neighbourhood graphs have been used to route planning of

autonomous agents [31]. In this work r-limited Delaunay graph is successfully used in a

robust rendezvous planning for several agents. Animal movement tracking can be per-

formed using neighbourhood graphs as a base [32].

Other than GPS data, triangulated mobile phone signals can be used to process public

movement [24]. Call Detail Records with locations can be used to profile user movement

and predict their network usage [33]. The extracted information can be used for plan-

ning network bandwidth allocation based on user movement. Using locations obtained

from cellular network data, [34] examines how diseases circulate around a country as

people move between regions. Researchers uncover that restricting mobility does not

delay the spread of the disease, but an information campaign relating to preventive mea-
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sures might be an effective countermeasure against the spread. However, Call Detail

Records are often characterized by spatial and temporal sparsity [35]. By using regular-

ity in human movement mobility analysis results using Call Detail Records can be im-

proved. Conducting a study on the limits of predictability in human mobility, Song et al.

reveal that 93% potential predictability in user mobility using mobile phone records [36].

Also, they note that this predictability is less variable and independent of the distance

users cover on a regular basis. Similar study [37] conducted on trajectories of 100,000

anonymized mobile phone users whose position is tracked for a six month period, come

to a similar conclusion that the humans follow simple reproducible patterns despite the

diversity of their travel history.

In the study [4], authors aim to answer the question ”At what frequency should one

sample individual human movements so that they can be reconstructed from the col-

lected samples with minimum loss of information?”. They find that the average error

incurred by trajectories reconstructed from periodic samples scales linearly with the con-

stant sampling interval. across their user base; depending on the individual, the error

typically grows 1 to 4 meters when adding one minute to the inter-sample time. They

propose that their finding is useful in energy-efficient mobile computing, location-based

service operation, active probing of device position in mobile networks, and trajectory

data compression.

2.3.1 Movement Analysis Using LBSN Data

As mentioned in Chapter 1, LBSN data mainly contains four different types of informa-

tion relating to an LBSN post. They are namely, posting user’s user id, authored con-

tent, posted time and posted location. Combining these data items researchers have de-

veloped mechanisms to analyse user mobility [38, 39], analyse crime distribution over

area [40, 41], analyse disease infection risk [42], hazard mitigation [43] and situational

awareness [2]. Figure 2.2 shows the typical architecture of LBSN processing systems.

First, LBSN data is collected using APIs of LBSNs. Next, this data is pre-processed to cre-
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ate the structure necessary to process LBSN data and to enrich LBSN data with additional

information such as user profile information. The main processing of the systems hap-

pens after that, where high level information such as sentiment and semantics of LBSN

post and their relevance to locations are extracted. Before releasing extracted crude in-

formation to the application layer, they are post processed to convert them into more

understandable formats required by the application layer systems. Finally extracted in-

formation is published to the application layer to be used by the respective users. In this

section, we will discuss a few such systems and compare them.

Application Layer

LBSN Data

Pre-processing

Topic Extraction

Clustering

Graph Creation

Trajectory Aggregation

Points of Interest 

Extraction

Semantic Analysis

Travel Network 

Extraction

Sentiment Analysis

Tour Recommendation

LBSN Data Processing

Processing Layer

User Profile Extraction

Post-processing

Statistics Generation

Kernel Density 

Estimation

Output

Visualizations

Recommendations

Detected Anomalies

Figure 2.2: Example architecture of LBSN data processing systems.
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2.3.1.1 Characteristics of LBSN Data

First, we are going to look into the characteristics of LBSN data. Study [44] analyses

approximately 2.3 million photos posted on Instagram. However, the actual data was

collected via Twitter posts of Instagram (a popular photo sharing service) users. Authors

point out the highly unequal frequency of photos sharing, both spatially and temporally.

High coverage for some cities where the population is dense is observed. When compar-

ing the total number of photos shared over the analysed space, most of the areas have

few shared photos, while there are few areas with hundreds. Authors note that a power

law describes well this situation. When investigating the frequency in which users share

photos on Instagram, we can observe bursts of activity and long periods of inactivity,

such that ”there are times when many photos are shared within a few minutes and there

are times when there is no sharing for hours”. Also, fewer users contribute more pho-

tos while more users contribute fewer photos. Authors observed that the frequency of

photo sharing is spatio-temporaly very unequal and correlated with routine human ac-

tivities. This data is useful in identifying POIs in a city, POI to POI transition analysis,

and to analyse the Vibe of POIs. Another study [45], analyses check-in data published on

several services such as Foursquare, Gowalla, Echofon, and Gravity. This study points

out that most of the shared locations points are concentrated towards cities and high-

ways. Also, they analyse user displacement and notice that user displacement compared

against the total number of check-ins that exhibit that displacement follows a power law.

This can be attributed to most users posting less to LBSN and less number of users post

with high frequency to LBSN. These same characteristics of LBSN data can be observed in

other research that study distribution of LBSN data [46, 47, 1, 48, 49]. In our data sets, we

observe the same distributions, where posted locations are concentrated towards cities.

Also, few of the LBSN users contribute most of the data while most of the LBSN users

contribute less amount of data.

Since most of the publicly collected LBSN data is concentrated towards cities, data

tends to be biased towards urban perspectives at the expense of rural ones [50]. This

can be shown by comparing the spatial distributions of county-level summary statistics
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with the spatial distribution of the urban/rural population ratio of countries. For ex-

ample authors highlight that, popular LBSN data source Foursquare affords the study

of urban mobility patterns, not mobility patterns in general (or rural mobility patterns

specifically) [51, 52].

2.3.1.2 Movement Analysis Use Cases of LBSN Data

2.3.1.2.1 Event Analysis: Event detection and analysis is one such use case supported

by LBSN data. In LBSN data, an event can be seen as a real world phenomenon that

motivates LBSN users to get together to the physical area and post to the LBSN with an

increased frequency with a set of keywords identifying the event. Event detection can be

done by clustering the LBSN data stream or analysing the movements of users. Lee et

al. [53] propose an approach to analyze public movement regularity and use that to de-

tect events, utilizing publicly available LBSN data from Twitter. The proposed approach

can be viewed as a two step process. Firstly, the analyzed area is partitioned. Next, user

movements with respect to partitions are analyzed using the timestamps. In order to par-

tition the area first, the LBSN posts are clustered using K-means and partitions are cre-

ated around cluster centres. They have selected this method of partitioning mainly due to

simplicity. However, they have highlighted the need for better partitioning mechanism.

Authors present a methodology to measure the regularity of crowd behaviour by analyz-

ing movement within the same partition. Focusing on the movement between different

partitions, they present a methodology to discover irregularities in user behaviour [22].

They show the effectiveness of their method by analyzing areas influenced by popu-

lar events. Authors have pointed out the differences in posting frequency in different

areas and developed a quadtree based data querying method to effectively query data

from Twitter. Event detection based on analysing anomalies in LBSN data stream can be

found in [54, 55, 56, 57]. Clustering based event detection [58, 59, 60] require researchers

to clusters the LBSN data across multiple different dimensions including time, space and

text. LBSN based event detection has been extended to create an interactive news portal

in [61]. With these events and news extraction methods, the importance of spam detec-
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tion also increases. Therefore research on spam detection is a trending research area [62].

2.3.1.2.2 Gaining Situational Awareness: Mostly social networks are used as a com-

munication tool in the times of hazards and natural disasters [63, 64, 65]. However, there

are research conducted on using LBSNs to gain situational awareness in a time of a dis-

aster. In [2] MacEachren et al. present results of a survey regarding the usage of LBSN

data in crisis management along with a prototype system that can be used to analyze

LBSN data. The survey is conducted with the participation of crisis\emergency manage-

ment professionals. Survey participants highlight the utility of map based visualizations

for the analysis of LBSN data relating to crisis events. As for the data to be visualized,

participants emphasize on locations where content relating to the crisis are generated

and localities travelled by the generating users. Following a scenario-based design de-

velopment approach, authors present a prototype system named SensePlace2. Using this

system LBSN analysts can query data by manually providing a topic string. The sys-

tem visualizes related LBSN post distribution as a grid based heatmap overlay of a geo-

graphic map. Discussing age and opinion based biases in Twitter data, authors highlight

the necessity of incorporating other data sources for analysis. Chae et al. [3] propose a vi-

sual analytics approach for public behaviour analysis. Moreover, the authors emphasize

on complexities associated with LBSN data. Initially, authors have tried to reveal public

movement flows during the disaster events but, report that the movement patterns were

too complicated to find meaningful flows due to the movement randomness and the vi-

sual clutter of the flows. They have used geospatial heatmap in their proposed approach,

highlighting its usefulness for visualizing post distribution. To provide visualization of

both spatial and temporal aspects of data, authors have suggested displaying hexagons

on a geographic map colour coded by generated timestamp. Using Twitter data collected

during Hurricane Sandy and a Tornado in Oklahoma City, they have discussed the effec-

tiveness and limitations of the proposed analysis approach. The increase of tweets near

areas affected by the above disasters are recognizable in the heatmap overlay provided.

Authors emphasize that they did not observe any abnormal patterns of user distribution

associated with both case studies. As future directions of this work, user flow analysis
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and improving visualizations are highlighted.

2.3.1.2.3 Sentiment Analysis: With the rise of LBSN, usage of them in election cam-

paigns and political endeavours is increasing [66]. This opens up new avenues of research

such as election result prediction. The technique used to analyse LBSN data for election

result prediction is known as sentiment analysis, where positivity or negativity related to

the subject is extracted from voluntarily generated data. LBSN Twitter is used as a plat-

form for political deliberation[67], and the number of tweets reflects voter preferences

and comes close to traditional election polls. Election results predicted using LBSN data

can be used to supplement the results obtained by surveying [68]. However, results from

LBSN data analysis should be used with caution due to the aforementioned biases in

LBSN data. One solution is to use LBSN data analysis results in correlation with census

data [69].

2.3.1.2.4 Semantic Analysis: Similar to the application presented in the location data

analysis section, LBSN data can be used for semantic analysis. This use case focuses on

finding the meaning of the place users are visiting. In order to do this some LBSNs have

categorized locations according their own taxonomy [70, 71]. When such a taxonomy is

not present or such information are missing from a place, techniques from information

retrieval are used to associate semantic information related to that place[72, 73, 49]. These

location semantics can then be used to reveal a user’s semantic trajectory [74]. Based on

this semantic trajectory we can analyse user similarity, even though users are in different

places of the world. Semantic trajectory similarity can be used to make friend suggestions

and location(activity) suggestions based on other users semantic trajectories [75].

2.3.1.2.5 Recommendation Systems: LBSNs can be effectively used to develop rec-

ommendation systems as user travel patterns along with voluntarily generated content

is available. The first step of creating a recommendation system is to extract patterns

from LBSN data. This is usually done by spatially clustering posted locations and find-
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ing frequent movements between those clusters [76, 77]. These extracted patterns can be

used to create travel itineraries [78, 79, 80, 81]. Note that this travel itinerary creation

problem is NP-Hard. Rather than planning an itinerary to visit tourist attractions, these

methods can be further extended to recommend preferred paths [82] and to recommend

preferred events to visit [83].

2.3.1.2.6 Aggregating information from different users: Since we propose methods

to aggregate information from different users, let’s look at an available work on aggregat-

ing information. RICK is a system that proposes a methodology to aggregate uncertain

trajectories to construct popular routes to traverses a given set of locations [19]. In this

work, timestamp ordered LBSN post sequence of a single user is considered as the trajec-

tory. Due to the voluntary generation of LBSN data, posting frequencies tend to be low

and irregular for most users. Therefore, it is hard to infer the popular routes from a single

user trajectory. From a bird’s eye view, the proposed trajectory aggregation mechanism

has two steps. First, the analyzed area is divided into a static grid and densely popu-

lated grid cells are identified. Next, the posts’ timestamps are used to calculate moving

patterns between grid cells. The effectiveness of RICK is evaluated by comparing the

inferred routes against the existing method MPR [84] and against well-known real-world

routes. RICK requires several parameters to be passed to get the accepted results and

the system’s execution time increases with the data set size and the number of grid cells.

Due to these reasons, developing a system using RICK to analyze LBSN data for real-time

analysis is a challenging task. Hence, RICK can be improved by adding the capability of

autonomously detecting some of the parameters. However, RICK’s methodology for ag-

gregating uncertain trajectories is useful for any other type of public movement analysis

as well because irregular frequencies of LBSN posts is a common issue in LBSN analy-

sis [57, 85, 86].

2.3.1.2.7 LBSN Users as a Sensor Network: With the increased affordability of GPS

enabled mobile phones and the creation of LBSN, there is an opportunity to use LBSN

users as a sensor network to sense various aspects of public’s day-to-day lives [87]. This
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approach has been used to analyse the distributions of noise experienced in cities [88, 89,

90], to map smell of the different parts of the cities [91], to track the alcohol consumption

in regions [92], to analyse unemployment status of the public [93] and to analyse crime

distribution over area [40, 41]. Most of these works use geo-spatial heatmaps to visu-

alize and analyse the distribution of a particular type of LBSN content. Heatmaps are

usually generated using mathematical techniques such as kernel density estimation. In

order to identify boundaries of the necessary regions, graph based approaches may be

better suited than heatmaps [17]. Also, LBSNs need to come up with a suitable incentive

mechanism to motivate users to sense and publish data [94, 95].

2.3.1.3 LBSN Data Availability

Most LBSN provide only a small fraction of data for research purposes [96]. Therefore,

it is important to verify the data density necessary to extract a meaningful result when

using LBSN data to infer crowd movement patterns. Since LBSN data contain both spa-

tial and temporal data about the user when a post is generated, methodologies used to

process GPS trajectories can be applied for movement analysis. Such methodologies can

be found in areas of animal movement analysis [21], vehicle trajectory clustering [97,

98] and inferring popular routes [84]. However, most of the available mechanisms need

dense spatial data availability near the travel network and periodic location publishing

by source. Due to the inherent properties of LBSN data such as data sparsity and irregu-

lar posting frequencies, it is hard to extract a meaningful result using these methods.

In summary, LBSN is a great source of information for user movement analysis. Most

of the analysis approaches available can be viewed as two steps processes that analyze

spatial and temporal aspects separately. The result of the two analysis steps is presented

as the resulting movement pattern. To provide an intuitive graphical representation of

inferred movement patterns, a geographic map based visualizations can be highlighted

but, it is difficult to develop methodologies to infer meaningful user flows due to the

voluntary generation of data. Considering the amount of information that can be uncov-
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ered, developing methods for flow pattern mining from LBSN is an important research

area. Investigating mechanisms to analyze sparse and irregular LBSN data, providing

better methods to partition geographical areas based on LBSN posts and investigating

on information that can be visualized using temporal and sentimental aspects of LBSN

data are some of the areas that need to be further explored.

2.3.2 Group Movement Analysis

We can uncover important cumulative patterns by combining location information posted

by multiple users. There are several works that combine the information generated by

multiple individual users to generate a group. Flock analysis [99, 100] is a popular tech-

nique in this domain. Flock analysis aims to identify sets of location posting entities that

remain within close proximity from each other. In flock analysis sources within the close

proximity between each other are identified by making sure they remain within a spatial

disc. Example moving flock is shown in Figure 2.3 within the circular area. Therefore,

flock analysis can be considered a clustering operation on moving objects. Even though

flock analysis is originally proposed as an off-line processing technique for artificially

generated location data, methodologies were developed later to process spatio-temporal

data and identify flocks on-line with vehicle and animal movement data [101] and ap-

plied to other location data sources such as pedestrians [102]. Also, there are other tech-

niques that focus solely on finding clusters of moving objects [103, 104].

Due to the rigidity of spatial disc used in flock analysis, some of the entities travel-

ling together will not be detected as belonging to the same flock. In Figure 2.3, the user

outside the circle is intuitively moving with the other three users. However, the fourth

user is not considered as a part of the flock due to the used disc. Making the disc larger

will make flock absorb other users who are not in the flock. This problem is known as

the lossy-flock problem. To mitigate this issue convoy [105] analysis is proposed. Rather

than considering a shape like a disc to cover the travelling entities, convoy analysis con-

siders a densely packed travelling entity clusters. This approach of density connected
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Figure 2.3: Example of a moving flock. Small black dots represent users. Circle that
contain users is the sptial disc used to identify the flock.

group detection is preferable compared to group detection based on a static shape, in

a situation where moving groups need to be tracked such as in emergency evacuation

scenarios [106].

Trajectory clustering [97] is another popular technique used to combine information

from different sources to create aggregated information. Focusing on a broader view of

data, trajectory clustering aims to group trajectory traces based on their similarity and

come up with representative trajectories for clusters of similar trajectory traces. All of the

above techniques perform well with machine-generated dense data. It is hard to apply

these techniques in LBSN domain due to the data sparseness and irregularities.

When monitoring group movement we have to look at the existing work on tracking

moving objects. [107] provides an introduction to tracking multiple objects distributed

over a geographical region using a wireless sensor network. The main difference in our

study is that rather than sensing moving users, we are depending on moving users to

give their locations voluntarily. [107] recommends developing a collaborative group ab-

straction to map the dynamically formed collaborative groups. We use this approach to

handle complexities when tracking our moving groups, by rather than tracking individ-

ual users we track user groups to predict their next location.

The Kalman filter is a versatile method that can be used to combine several signals

and reveal a more useful combined signal. Kalman filter works in two distinct steps,
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namely the prediction step and update step. The output of one step can be fed in as

input to the other step. Using these two steps the Kalman filter can predict the state of a

process using the previous step’s state and current state’s measurements. By considering

location data posted by moving entities as location signals we can use the Kalman filter

to process them. There are many extended version of the Kalman filter more suitable

for specific purposes [108]. The main thing when using the Kalman filter is to create a

suitable model to capture the dynamics of the process we are analysing.

Multiple object tracking method using the Kalman filter is presented in [109]. In this

approach, each object to be tracked is modelled separately from each other and applied

Kalman filter for tracking. To address occlusion problem (several tracked objects merge

into a single object) authors have introduced a new tracking object for merged object

and continue tracking previous objects also. When merged object splits into several ob-

jects again, continuously tracked previous objects are matched to newly split objects and

merged object tracking is stopped. Using image sequences depicting human and vehicle

movement, the authors demonstrate the effectiveness of the proposed method. However,

our LBSN data are too sparse to apply this method directly. Therefore we have developed

a new model for tracking LSBN user groups.

Another method for tracking multiple moving objects is proposed in [110]. Unlike

the model in [109], this model combines all the features relating to all objects into a single

model. And instead of typical Kalman filter, authors employ unscented Kalman filter

for tracking objects. Unscented Kalman filter is developed by applying the unscented

transformation to pick a minimal set of sample points around the mean. This unscented

transform makes the unscented Kalman filter applicable to non-linear systems. How-

ever, due to these additional processes unscented Kalman filter results in higher time

complexity than Kalman filter. Using experimental results obtained by analysing human

movement, authors demonstrate the proposed methodology detects and tracks multiple

moving objects and works well in occlusion situations.

Note that the Kalman filter is a well-known filter which makes simple assumption of

the process that its modelling in order to simplify the operation. Due to its simplicity
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and the ease of explanation we have used the Kalman filter for developing our group

movement prediction contribution. There are other filters such as the Weiner filter [111]

which is the predecessor of the Kalman filter and the particle filter [112] along with many

other filters that can be used for multiple signal filtering. General structure of our solution

the Group Kalman filter will work with any of these multiple signal processing filters.

However, based on the filter used for processing, inputs, outputs and process modelling

needs to be updated to reflect the internal mechanics of the filter. For example using the

Weiner filter will result in usage of continuous signals instead of discrete signals. Due to

these complexities associated with other available filters we used the Kalman filter as the

multiple single processing solution in our solution.

2.4 Summary

We started this chapter introducing modelling of location data for movement analysis.

Modelling techniques of neighbourhood graphs and spatial grids were discussed in this

section. In the neighbourhood graphs subsection, some of the well known neighbour-

hood graphs types were discussed. Most of the introduced graphs infer a rigid structure

between analysed locations. Graphs that can vary the structure based on parameters are

more useful as they can be configured as needed. Both our proposed graph structures are

configurable based on a single parameter. In their relevant chapter, we mathematically

relate newly proposed graph structures to the existing graph structures. Techniques used

in the proof of previous work were very useful when writing mathematical proofs relat-

ing our proposed graph structures to existing work. Spatial grids divide the analysed

area into grid cells and represent locations within a cell as a group. Due to this reason

spatial grids usually provide an aggregated view of location data. At the end of this sec-

tion we discuss the suitability of neighbourhood graphs and grids for analysing location

data in different situations.

Next, we shifted our discussion to movement analysis using location data, and pre-

sented different sources of location data for movement analysis. In this section, we dis-
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cussed different information that can be uncovered by processing location data such as

areas of interest, movement network used to travel between these areas, the semantics of

these locations and user mobility. Also, we presented how graphs are used as an effec-

tive tool to process location data. Our contributions the Stepping Stone Graph and the

Diversion graph can be used as a strong base to analyse location data. As these graph

structures are created with the focus of capturing movement related information, they

are useful in all the use cases presented in the location data analysis section.

In the next subsection we discuss related literature on movement analysis using LBSN

data. We started this section by introducing characteristics of LBSN data such as sparsity

and irregularity of posting observed in other studies. Despite these negative characteris-

tics LBSN data can be used to analyse events, to achieve situational awareness, sentiment

analysis and semantic analysis of various aspects of public life. We concluded this sec-

tion with reasoning why techniques applicable to machine-generated location data are

not yielding good results on LBSN data. Newly proposed graph structures in later chap-

ters are specially formulated to work with sparse and irregular data from LBSNs. As

shown in applications in later chapters, these graph structures are suitable to act as a

base for processing LBSN data. Furthermore, they can be used as a base structure to

visualise various aspects of LBSN data.

In the last subsection, we reviewed literature relating to combining location data from

multiple moving sources. We discussed flock analysis, location data stream clustering,

convoy analysis, trajectory clustering and the Kalman filter based multiple object track-

ing methods. Our contribution, the Group Kalman filter is more similar to the convoy

analysis than flock analysis in terms of the way groups are detected and analysed. How-

ever unlike both convoy and flock analysis we are not only trying to identify the LBSN

users are moving as a group, but also we are modelling the group’s movement to predict

the next location of the group. This section shows the importance of combining location

data and provides the building blocks for our third research question group movement

prediction. In the following chapters, we propose new data structures and algorithms to

process LBSN data. We try to address some of the aforementioned use cases using our
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newly created data structures and algorithms. We will be referring to the information

from this chapter as necessary.



Chapter 3

Stepping Stone Graph For Movement
Analysis

This chapter is derived from:

• Sameera Kannangara, Egemen Tanin, Aaron Harwood, and Shanika Karunasek-

era. “Stepping stone graph for public movement analysis.” In Proceedings of the 26th

ACM SIGSPATIAL International Conference on Advances in Geographic Information Sys-

tems, pp. 149-158. 2018.

• Sameera Kannangara, Egemen Tanin, Aaron Harwood, and Shanika Karunasekera.

“Stepping Stone Graph: A Graph for Finding Movement Corridors using Sparse

Trajectories.” ACM Transactions on Spatial Algorithms and Systems (TSAS) 5, no. 4

(2019): 1-24.

3.1 Introduction

Often spatial data is provided as a distinct point set in LBSN domain. Graphs, in which

the relationships between points can be represented as edges, are useful for represent-

ing and processing such point data. Neighbourhood graphs infer edges based on the

relationships defined on the point set provided for analysis. Distance based connected

neighbourhood graphs are useful for inferring and processing movement networks be-

37
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tween a set of distinct points[31].

Delaunay Triangulation (DT), Minimum Spanning Tree (MST), Gabriel Graph (GG)

and Relative Neighbourhood Graph (RNG) are a few distance based connected neigh-

bourhood graphs that are used to infer and process movement network between point

data. Edges inferred using these graphs do not vary based on parameters. Therefore,

these graphs infer a static movement network between the point set. Figure 3.1 (a) shows

a point set. Figure 3.1 (b) (d) (i) (j) represent DT, GG, MST and RNG skeletons, re-

spectively. Neighbourhood skeleton which is obtained by connecting endpoints of the

inferred edges using straight line segments is referred to as the geometric realization of

a neighbourhood graph. Therefore, variations of neighbourhood skeletons are widely

used to represent the geometric shape of a point set.

As opposed to static graphs, variable graphs have the ability to vary the inferred

edge set based on parameters. Hence variable graphs are more versatile[113]. The Short-

est Path Graph (SPG(t))[17] is such a variable graph proposed with the idea of infer-

ring edges between a point set such that the shortest path taken over the inferred edges

will roughly align with the shortest path taken over the imprecise region represented by

the point set. Characteristics of the inferred edge set vary based on a single user pro-

vided parameter t ≥ 1. SPG(t) become MST of the given point set as t → ∞. SPG(t)

imposes more structure when inferring edges, due to its distance based global criteria.

Since SPG(t) imposes more structure when inferring edges, it is useful for use cases such

as delineating imprecise regions[17] and overlapping set visualization[18]. Figure 3.1 (c),

(e) and (g) represent skeletons generated using SPG(t) with configuration parameter set

to 2, 3 and 4, respectively. As the value of the configuration parameter t increases, the

number of edges in SPG(t) decreases. Therefore, paths taken over SPG(t) edges become

much longer compared to the direct distance between points as the value of configuration

parameter increases.

In this chapter, we propose a new type of graph, which we refer to as the Step-

ping Stone Graph (SSG(d)). Like SPG(t) converge to MST, SSG(d) converges to RNG.

RNG provides a structure more similar to human perception of a point set compared to
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(a) Point set (b) DT

(c) SPG(2) (d) SSG(2) = GG

(e) SPG(3) (f) SSG(3)

(g) SPG(4) (h) SSG(4)

(i) SPG(∞) = MST (j) SSG(∞) = RNG

Figure 3.1: (a) A point set (with a rectangle in dashed lines indicating the location where
a music festival held) with a set of connected neighbourhood skeletons. Dashed lines
in bottom right hand side figures indicate additional edges inferred by the SSG(d) com-
pared to SPG(t).
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MST[114]. Therefore, structure inferred by SSG(d) is more perceptually relevant com-

pared to SPG(t) when configuration parameters are equal. SSG(d) infers edges between

a point set using a distance based local criterion to mimic the movement network, due to

which, SSG(d) imposes less structure when inferring the edges. This local criterion varies

based on a single user provided parameter d ≥ 1. For all endpoint pairs, the value of d

indicates the preference of inferring a longer alternative path with less distance between

all point pairs on the path compared to the direct distance between the endpoint pair.

Similar to SPG(t), as the value of the configuration parameter d increases, the number of

edges in SSG(d) decreases. Therefore, the length of paths taken over SSG(d) increases

compared to the direct distance between locality pairs. Due to the local evaluation cri-

teria, SSG(d) infers more alternative paths compared to the SPG(t). This effect makes

SSG(d) more suitable for analysing movement network between a given point set. In

Figure 3.1, figure pairs (c) and (d), (e) and (f), (g) and (h), (i) and (j) depicts SPG(t) and

SSG(d) with configuration parameter set to value 2, 3, 4, and ∞, respectively. Additional

edges inferred by SSG(d) which are not inferred by SPG(t) are highlighted using dashed

lines in Figure 3.1 (d) (f) (h) and (j).

We evaluate the utility of SPG(t) and SSG(d) for inferring a movement network be-

tween a set of related localities filtered from publicly available LBSN data. SSG(d) can

infer a planar edge embedding in O(n) time, whereas SPG(t) takes O(n2 log n). There-

fore, SSG(d) can be computed faster compared to the SPG(t) due to its local evaluation

criteria. From our experiments, it is evident that SSG(d) has a low and stable spanning ra-

tio[115] compared to SPG(t). Thus, SSG(d) is more effective for inferring and processing

the movement network compared to SPG(t). We performed experiments on analysing

movement network of locations influenced by an event and movement network between

localities posted within a city. In both experiments, SSG(d) inferred more alternative

paths similar to real world paths compared to SPG(t).
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3.2 Stepping Stone Graph

We consider all location points provided for the analysis as stepping stones that need to

be linked in a traversable manner. So we focus on connecting these stepping stones such

that a travelling entity can find a path between two locations.

3.2.1 Definitions

We construct SSG(d) in the form of an undirected graph G(V, E) where V ⊆ R2 rep-

resents a given point set and E represents inferred edges between the points. An edge

between two endpoints p, q ∈ V is represented as pq ∈ E. Length lpq represents the

Euclidean distance between two points.

First, we define the Diversion Neighbourhood in Euclidean space, which is the main

construct necessary for defining SSG(d), an area between two points which varies based

on a single parameter d ≥ 1.

Definition 3.1 (Diversion Neighbourhood). For p, q ∈ R2, the Diversion Neighbourhood of

pq at d ∈ R such that d ≥ 1, denoted DN(pq, d) or simply DN(d), is defined as the region:

DN(pq, d) =
{

z ∈ R2 such that ld
pz + ld

zq ≤ ld
pq

}
. (3.1)

A graphical representation of DN(pq, d) for varying d is shown in Figure 3.2. As

the figure shows, DN(d) increases from a straight line connecting the endpoints to the

open lune neighbourhood between the endpoints. Note that we use ≤ instead of < in

Equation 3.1, making DN(d) a closed region. Next, we define the Stepping Stone Graph

using DN(d).

Definition 3.2 (Stepping Stone Graph). For V ⊆ R2, the Stepping Stone Graph of V at d ∈ R

such that d ≥ 1, denoted SSG(V, d) or simply SSG(d), is defined as an undirected graph with
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Figure 3.2: Graphical representation of the Diversion Neighbourhood

points V, such that for each point pair p, q ∈ V:

pq is an edge of SSG(V, d) iff DN(pq, d) ∩V \ {p, q} = ∅.

Intuitively, if DN(d) for a given d and endpoint pair contains no other points then SSG(d)

will have an edge between that endpoint pair.

Since DN(d) becomes an open lune as d → ∞, SSG(d) is a connected graph, due

to theorem 25 in [6]. After creating SSG(d), edges longer than a given threshold can be

filtered out to accommodate travel distance requirements of a travelling entity [31]. The

diversion neighbourhood is effectively a local criterion when selecting edges in SSG(d),

as opposed to the global criterion in SPG(t) and therefore in some cases, SSG(d) pro-

vides more alternative paths between a point set compared to SPG(t), and SSG(d) never

provides less alternative paths than SPG(t) when d ≤ t.

By definition of DN(d), as d increases, the evaluation area increases and that in turn

reduces the number of edges in the final graph. Therefore the travel distances over the

shortest paths taken from SSG(d) between all endpoint pairs monotonically increase. As

the path distances increases with the number of edges in a path, the number of points
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on the shortest paths monotonically increases. Therefore, as d increases, the average

distance to be travelled between a point pair over the shortest path taken from SSG(d)

monotonically decreases. Hence, SSG(d) furnishes alternative paths where, for a given

endpoint pair, each of the path edges in the alternative path is always shorter than the

direct path between the endpoint pair.

3.2.2 Stepping Stone Graph Properties

As d increases, the area covered by DN(pq, d) increases symmetrically around both the

perpendicular bisector and the direct connecting line of pq. This leads to SSG(d′) being

more restrictive than SSG(d) for d′ > d. Therefore, as d increases, by definition the num-

ber of edges in SSG(d) monotonically decreases. Hence, the following theorem results.

Theorem 3.1. For 1 ≤ d ≤ d′, SSG(d′) ⊆ SSG(d)

Proof. Define the edge weight of pq with respect to d′ as ld′
pq, for some d′ ≥ 1. Assume that

for all z ∈ V \ {p, q}, ld′
pz + ld′

zq > ld′
pq. In this case, pq is an edge in SSG(d′). Now we show

that for d ≤ d′, pq is also an edge in SSG(d). Let us write d = d′ ε where 1
d′ ≤ ε ≤ 1. Then

we need to show that:

ld′ ε
pz + ld′ ε

zq > ld′ ε
pq (3.2)

ld′ ε
pz + ld′ ε

zq

ld′ ε
pq

> 1

(
lpz

lpq

)d′ ε

+

(
lzq

lpq

)d′ ε

> 1

((
lpz

lpq

)d′ ε

+

(
lzq

lpq

)d′ ε
) 1

ε

> 1

Since the function x 7→ xβ is subadditive for β ≥ 1 then:

((
lpz

lpq

)d′ ε

+

(
lzq

lpq

)d′ ε
) 1

ε

≥
(

lpz

lpq

)d′

+

(
lzq

lpq

)d′

.
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We know the right hand side is greater than 1 due to our initial assumption and therefore

Eq. 3.2 is true. Therefore pq is also an edge in SSG(d) and this completes the proof.

By definition of DN(d) and by the Thales’ Theorem, DN(pq, 2) becomes a closed circum-

circle of pq and as d → ∞, DN(d) becomes the open lune. Therefore, the following two

theorems result:

Theorem 3.2. SSG(2) ≡ GG

Theorem 3.3. As d→ ∞, SSG(d)→ RNG

By Theorem 3.3 we refer to limd→∞ SSG(d) as SSG(∞) ≡ RNG in later sections. The

following lemmas are trivial due to Theorems 24 and 25 of the Empty Region Graph

study [6]:

Lemma 3.1. For d ≥ 2, SSG(d) is planar.

Lemma 3.2. For all d ≥ 1, SSG(d) is connected.

By combining lemmas 3.1 and 3.2, the range of d where SSG(d) is both connected and

planar can be deduced.

Lemma 3.3. For d ≥ 2, SSG(d) is both planar and connected.

Now we compare SSG(d) to SPG(t).

Theorem 3.4. For d ≤ t, SPG(t) ⊆ SSG(d)

Proof. Define the edge weight of pq with respect to t as lt
pq, for some t ≥ 1. Assume that

for all z ∈ V \ {p, q}, lt
pz + lt

zq > lt
pq. In this case, pq is an edge in SPG(t). Now we show

that for d ≤ t, pq is also an edge in SSG(d). Let us write d = t ε where 1
t ≤ ε ≤ 1. Then
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we need to show that:

lt ε
pz + lt ε

zq > lt ε
pq (3.3)

lt ε
pz + lt ε

zq

lt ε
pq

> 1(
lpz

lpq

)t ε

+

(
lzq

lpq

)t ε

> 1

((
lpz

lpq

)t ε

+

(
lzq

lpq

)t ε
) 1

ε

> 1

Since the function x 7→ xβ is subadditive for β ≥ 1 then:

((
lpz

lpq

)t ε

+

(
lzq

lpq

)t ε
) 1

ε

≥
(

lpz

lpq

)t

+

(
lzq

lpq

)t

.

We know the right hand side is greater than 1 due to our initial assumption and therefore

Eq. 3.3 is true. Therefore pq is also an edge in SSG(d) and this completes the proof.

Now we consider the relationship between SSG(d) and β-Skeletons. The empty regions

used for both the Lune based β-Skeleton [113] and SSG(d) are symmetric around the

perpendicular bisector of the straight line connecting point pair. Using this similarity,

we analysed how these neighbourhoods relate to each other for d ≥ 2. As depicted

on Figure 3.3, we observed that the β-Skeleton touches DN(d) only on four points in

the range of β = (1, 2). Therefore, we can say that DN(d) is more robust compared

to the lune based neighbourhood of β-Skeleton in the range β = (1, 2). We used the

fact that Euclidean distances between these four points should be equal, to analyse the

relationship between β and d. As a result of this analysis, we arrived at the following

theorem.

Theorem 3.5. ∀d ≥ 2∧ β ≤ 2(1−2/d),

SSG(d) ⊆ lune based β-skeleton
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(0,0) (L,0)(-L,0)

(0,Y)

Figure 3.3: The lune based β skeleton neighbourhood in dashed lines and the Diversion
Neighbourhoods in solid lines for planar and connected embedding

Proof. Figure 3.3 displays the schematic used to calculate Theorem 3.5. A Cartesian co-

ordinate system is used with the inferring edge of length 2L as X axis. The midpoint of

the inferring edge is taken as the origin. β neighbourhood is indicated by the dashed line

plot and DN(d) is indicated by the solid line plot.

The point where β neighbourhood touches DN(d) above the edge is taken as (0, Y).

As boundaries of both neighbourhoods touch each other, Y calculated using both β neigh-

bourhood (Yβ) and DN(d) (Yd) should be equivalent.

Yβ = Yd

L
√

2β− 1 = L
√
(4(1−1/d) − 1

β = 2(1−2/d)

∴ ∀2 ≤ d ∧ β ≤2(1−2/d)
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SSG(d) ⊆ lune based β-skeleton

Similar to the above analysis we can compare neighbourhoods of β-Skeleton in the range

β = (0, 1] and SSG(d) in the range of d = [1, 2). By analysing distances between points

where two neighbourhoods touch each other we can derive the following theorem for

non-planar regions of the SSG(d) and lune based β-Skeleton.

Theorem 3.6.

∀d ∈ [1, 2) ∧
(

1
β
−

√(
1
β2 − 1

))
≤
√

4(1−1/d) − 1,

SSG(d) ⊆ lune based β-skeleton

Next we consider how SSG(d) relates to DT.

Theorem 3.7. For d ≥ 2, SSG(d) ⊆ DT

Proof. By theorems 3.3 and 3.2, SSG(∞) ⊆ SSG(2) ⊆ DT. Let’s assume DT excludes an

edge which should be present in SSG(d) for d ≥ 2. For DT to exclude an edge, endpoints

of that edge should not be Voronoi neighbors. An edge between a point pair which are

not Voronoi neighbours will not create a planar graph. But, by Lemma 3.1 the excluded

edge cannot be in SSG(d) for d ≥ 2. Thus, our initial assumption is wrong. Hence by

proof of contradiction we establish that for d ≥ 2, SSG(d) ⊆ DT.

3.2.3 Algorithms

This section presents the algorithms to compute SSG(d) and how to compute paths based

on SSG(d). Based on Theorem 3.7, we can use the complete graph (CG) and the DT
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graph as starting graphs for extracting SSG(d) for the ranges 2 > d ≥ 1 and d ≥ 2,

respectively. To make the extraction process more efficient, we label the edges spanned

by these graph structures with the minimum value of d necessary for the edge to be

excluded from SSG(d). We define the starting graph structure, with edges labelled with

these minimum d values, as the d-spectrum.

Definition 3.3 (d-spectrum). For an edge pq, the smallest real number d ≥ 1 such that DN(d)∩

V \ {p, q} 6= ∅ is called the d-value for pq. The set of all edges spanned by V, each labelled by its

d-value, is called the d-spectrum of V, denoted as d-spectrum(V) or simply d-spectrum.

For d ≥ 1, a naive algorithm can be formulated by evaluating all z ∈ V \ {p, q}

against each point pair p, q ∈ V and comparing to find the d-value of pq. All edges which

have other points on them will be discarded as they will never be present in SSG(d). For

the cases where an open lune neighbourhood is empty for an endpoint pair, the edge is

labelled with ∞ as its d-value. All remaining edges will be labelled with d-values in the

range of 1 ≤ d < ∞. For a V with n points, the number of edges that connect each point

pair is in O(n2). As each edge is compared against the other (n − 2) points, the time

complexity of this naive algorithm is Θ(n3).

3.2.3.1 Planar d-Spectrum(V)

For d ≥ 2, DT can be used as a starting point due to Theorem 3.7. As a naive algorithm,

for each point pair p, q ∈ V, where there is an edge between those points in DT, all

z ∈ V \ {p, q} can be evaluated to find the d-value of edge pq. For a V with n number

of points, number of edges in DT is O(n). As each edge is compared against the other

(n− 2) points, the time complexity of this algorithm is Θ(n2).

A more efficient algorithm to obtain the d-Spectrum of edges spanned by DT(V) is

shown in Algorithm 1. In this approach, we are sweeping the triangles in DT(V) that are

intersecting with the open lune neighbourhood of each p, q ∈ V such that pq ∈ DT(V).

The neighbouring triangles of pq ∈ DT(V) are represented by the set Λ(pq). Ω(T) denote
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Algorithm 1: Planar d-Spectrum(V)
Input: V - Filtered locality set
Output: Every edge pq ∈ DT(V) marked with d-value

1 DT ← create Delaunay Triangulation of V;
2 foreach (Edge pq such that pq ∈ DT) do
3 d← ∞;
4 ME← pq;
5 C ← Center of pq;
6 foreach (T ∈ Λ(pq)) do
7 MT ← T;
8 Zmax ← Zmax ∈ DN(d) such that maxdlCZmaxe;
9 while (MT 6= ∅) do

10 if (Zmax ∈ Ω(MT)) then
11 break;
12 end
13 MV ← Vertex Z ∈ MT such that Z /∈ ME;
14 if (MV ∈ I(DN(d))) then
15 d← d such that MV ∈ B(DN(d));
16 update Zmax;
17 end
18 ME← ∃edge E ∈ MT \ME such that ME ∩ Zmax 6= ∅;
19 if (ME = ∅) then
20 break;
21 end
22 MT ← T1 ∈ Λ(ME) such that T1 6= MT;
23 end
24 end
25 set d as d-Value of pq;
26 end

the circumscribed circle of a triangle T. I(DN(d)) denote the interior of DN(d), while

B(DN(d)) denote the boundary of DN(d). We start the process for each pq ∈ DT(V)

with one neighbouring triangle of pq (Line 7). And we continue sweeping the triangles

intersecting with the line segment connecting the center point of pq and Zmax which

is the furthest away point in DN(d) from pq. Given the Delaunay triangulation, this

algorithm runs in O(n) time as it only examines the points within the open lune neigh-

bourhood of each edge.

When presenting the time complexities of proposed algorithms above, we assume

that the time taken to solve for the d-value of an edge isO(1), i.e. that we ask for constant
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precision. Note that all of the above algorithms are readily parallelizable as there is no

race condition between separate edge evaluations.

3.2.3.2 Computing SSG(V , d)

Once the d-spectrum of V is calculated for a given d range, extracting the edges of SSG(d)

is a straightforward process. As d-Spectrum indicates d-value of each edge, edges that

have d-value greater than given d can be filtered out as the edge set of SSG(d). This

process will take O(m) time complexity where m is the number of edges resulting from

the method used to calculate the d-Spectrum. For 1 ≤ d < 2, m would be O(n2), and for

2 ≤ d, m would be O(n).

3.2.3.3 Improving Running Time of SPG(t)

Using the d-spectrum, we can exclude some of the edges from SPG(t), without calcu-

lating the alternative shortest path, to improve the running time of SPG(t) extraction.

By Theorem 3.4, the edges of the d-spectrum that have a d-value less than or equal to a

given t value, will not be in the SPG(t). This property can be used to skip edges from the

shortest path calculation part of SPG(t) extraction algorithm [18]. It should be noted that

even though this method improves the running time of the SPG(t) algorithm, it does not

reduce the time complexity of the worst case.

3.2.3.4 Calculating Paths Using SSG(d)

After calculating SSG(d), Dijkstra’s algorithm can be used to find the shortest paths

between any two endpoints. As SSG(d) contains more alternative paths compared to

SPG(t), paths taken over SSG(d) will be shorter and more similar to real world paths.
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3.2.4 Applications

As shown in the experiments section later, SSG(d) skeleton itself can be used to repre-

sent and process the travel network between a set of related localities. In this scenario,

inferred edges represent the space occupied by an entity when moving between locations.

Following are some application scenarios that can benefit from SSG(d).

3.2.4.1 Nearest Neighbour Queries

The created graph structure can be used to search nearest interesting locations from the

current location and to get the path to travel in order to get there. For example, this

kind of query can be used to find the nearest exit from an event happening in a park.

We propose to use breadth first search starting from the query location and traverse the

graph until a required interesting point is found.

Definition 3.4 (Nearest neighbour (NN)). A location (L) from an interesting location set (IL)

such that the shortest path distance from current location to that location is smaller compared to

the shortest paths to all other locations,

NN = {∃L ∈ IL such that ∀x ∈ IL, length(path(L)) ≤ length(path(x))}

Similarly, we can calculate k-nearest neighbours. Instead of stopping breadth first

search when the first interesting point is found, it can be continued until k interesting

points are found. As for the edge weights, we can use weights calculated in the sec-

tion 3.4.6 according to the usage of edges. This will make sure that the most popular path

to the nearest neighbour will be found.
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3.2.4.2 Reverse Nearest Neighbour Queries

SSG(d) graphs structure can be used to perform reverse nearest neighbour queries. These

queries focus on the inverse relation among a point and a point set. The objective of a

reverse nearest neighbour query is to find the set of points which has a given point as

their nearest neighbour. This kind of query can be used to evaluate locations to place

attractions of an event relative to entrances of the event.

Definition 3.5 (Reverse Nearest neighbour (RNN)). A set of locations (RNN) from an inter-

esting location set (IL) such that the current location (x) is the nearest neighbour of all locations

in RNN,

RNN = {∀L ∈ IL such that x = NN}

We propose an algorithm to calculate RNN of a given location (x) utilising breadth

first search. First, breadth first search is initialized and run from all locations in IL. Then

all locations that have x as their nearest neighbour are filtered as the RNN of x.

3.2.4.3 Group Nearest Neighbour Queries

Another important query type that can be evaluated using SSG(d) is group nearest neigh-

bour queries. Given two sets of points IL1 and IL2, the objective of a group nearest

neighbour query is to retrieve a point from IL1 with the smallest sum of distances to all

points in IL2. For example, this kind of query can be used to find the nearest attraction

of an event where a group of users in different locations can get together.

Definition 3.6 (Group Nearest neighbour (GNN)). A location (GNN) from an interesting

location set (IL1) such that, it minimizes the sum of distances to all locations in another location

set IL2.

GNN = {∃L ∈ IL1 such that ∀x ∈ IL2, min(Σlength(path(x)))}

Again we utilize breadth first search to propose an algorithm to calculate GNN. First,
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we calculate k-nearest neighbour from all points of IL2 to all points in IL1. Then for each

point in IL1 we calculate the sum of path distances from all points in IL2. Point or points

in IL1 with the minimum sum of path distances is the GNN.

3.2.4.4 Refined Movement Corridors

Once SSG(d) is created using posted localities, user trajectories can be used to refine the

created travel network. For each consecutive location pair in user trajectories, the short-

est path is determined using SSG(d). For each SSG(d) edge the number of trajectories

passed through that edge is recorded. We represent movement corridors in the travel

network based on edges that contain trajectory count higher than a given threshold.

Definition 3.7 (Usage counter). When path is a sequence of edges traversed by a trajectory

trace, for all pq ∈ E, Usage Counter of pq (denoted UC(pq)), is defined as the trajectory count,

UC(pq) = |{path such that pq ∈ path}|

One of the problems of using SSG(d), as it is for movement network analysis, is that

it does not consider the existence of obstacles. As trajectories do not appear on obstacles

such as rivers, incorporating trajectory information into SSG(d) allows filtering edges

not used by the trajectories. By filtering edges not used by trajectories, we are able to

eliminate edges that do not represent user movement information. In summary, refined

movement corridors calculated using SSG(d) represents the edge subset of SSG(d) used

by the trajectories for movement.

3.2.4.5 Inferring Road Network

Above refined movement corridors finding method can be used to infer the road network

in an area where we do not have prior knowledge about the road networks. Ideally for

this purpose, we need GPS locations published on the road network. The easiest way
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to obtain such information is to collect LBSN post published while travelling in vehicles.

Using these GPS data and associated trajectories, we can infer the refined movement

corridors for the given area and visualize the road network.

3.2.4.6 Most Popular Paths

After calculating usage counters of SSG(d) edges, they can be used to find the most

popular path between locations. To find the most popular path, we calculate edge weight

to reflect the popularity of the edge and use the shortest path algorithm to calculate the

paths. To ensure edges with more usage have lower weights, we divide the length of the

edge by usage counter of that edge. For edges with no usage, edge length multiplied by

a constant greater than 1 is used as the edge weight. After calculating edge weights in

this manner, the Dijkstra’s shortest path algorithm is used to find the most popular path

between two locations.

Definition 3.8 (edge weight). For all pq ∈ E, weight of pq is defined as,

weight(pq) =


lpq/UC(pq), if 0 < UC(pq).

lpq × C such that 1 < C, if UC(pq) = 0.

3.2.4.7 Tour Recommendation

Above most popular path calculation mechanism can be used to calculate the most popu-

lar paths between tourist attractions. Given tourist attractions and user trajectories within

a city, first we calculate SSG(d) and edge weights based on usage. Then, we apply the

most popular path calculation between any two selected attractions to find the path pop-

ular among tourists to travel between the selected attractions. The sequence of tourist at-

tractions that appear on the calculated most popular path is reported as a recommended

tour along with the path.
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3.2.4.8 Trajectory Clustering

Trajectory clustering refers to the process of grouping similar trajectory traces together.

This process involves deriving a representative trajectory for the identified trajectory

group. We can use SSG(d) to identify similar trajectory traces and to derive represen-

tative trajectory.

First, we align trajectory traces to be clustered along the edges of the created SSG(d).

Then for each trajectory trace, edge set that trajectory trace traverse through is recorded.

If two trajectories have C ratio of similar edges, they are considered belonging to the

same cluster. The subset of similar edges is taken as the representative trajectory of that

cluster.

Definition 3.9 (Trajectory similarity). When path is a sequence of edges traversed by a trajec-

tory trace, two trajectory traces are considered to be similar if they have C percentage of edges in

common with each other,

similarity(path1, path2) =
|path1 ∩ path2|
|path1|

Both similarity(path1, path2) ≥ C and similarity(path2, path1) ≥ C where 0 ≤ C ≤ 1

must be true, for path1 and path2 to be in the same cluster.

This method of trajectory clustering is developed without considering the trajectory

directions. But this method can be easily changed to accommodate trajectory direction

(i.e. cluster only the trajectories travelling in the same direction). For this, we have to

consider the endpoint traversing order in addition to considering the edge similarity by

endpoints.



3.2 Stepping Stone Graph 56

3.2.4.9 Group Movement Detection

Above method proposed to perform trajectory clustering can be further extended to de-

tect users moving together as groups. In order to detect this, we need to find trajectory

traces that have traversed through same edges within the same time in the same direction.

To accomplish this we propose to calculate the time when a user passed through each lo-

cation in the path resulting from aligning the trajectory on the SSG(d). After that similar

to trajectory clustering method we detect not only trajectory traces travelled through the

same edges, but also whether they have travelled around the same time and in the same

direction. Trajectory traces that have travelled through same edges, around the same time

and in the same direction are filtered as user groups travelled together. This proposed

method to detect group movement is applicable in both sparse geo-located data such as

LBSN data and dense data such as data from automated vehicles. But in our experiments,

we are considering the situation where LBSN data is used to detect group movements.

One problem we have to deal with when using sparse data for group movement de-

tection is the irregularity of group memberships. This happens because not all members

of the group are posting their location at every time step. The proposed method mitigates

this problem by calculating the time when each group member passed through each loca-

tion in the group’s path over the graph. Therefore, automatically we assume that a group

member has passed through the group path location at the calculated time.

Note that in this method we consider only users travelled on the same path. This

method can be further extended to detect user groups travelled not only on the same

path but through nearby paths going in the same direction. This extension can be used

to identify flock movement [116].
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3.3 Experiments

We perform experiments to see the effectiveness of SSG(d) against SPG(t) on inferring

movement networks.

3.3.1 Data Sets

We conducted experiments on two real world LBSN datasets and one synthetic data set.

The first data set consists of Geo-located posts collected from Twitter. A post set collected

from 06th March to 23rd April 2012, within a bounding box over the countries Australia

and New Zealand is used as the data set for our analysis. It contains 724651 LBSN posts

authored by 36639 users. For our analysis an LBSN post is defined as a tuple containing

four elements - userID to identify authoring user, voluntarily generated textual content,

the timestamp at which and the locality where the post was authored.

We used Yahoo! Flickr Creative Commons 100M (YFCC100M) dataset [117] as the

second dataset. It contains meta data such as user information, timestamp and location

where a photo was taken of 100 million photos and videos shared on site Flickr. Only the

entries with point geo-locations were used for our experiments. For refined movement

corridor and tour recommendation experiments localities in London, England is filtered

out from the YFCC100M data set.

Synthetic data set for our experiments was generated using SMARTS simulator [118].

We simulated vehicle movement in the Melbourne central business district (CBD) and

collected GPS locations of the vehicles every 0.5 seconds. Data set used for experiment

contained 100000 GPS points. This is essentially a dense GPS data set. In order to make it

sparse, we took a portion of this data set. Data point filtering is further explained in the

road network inferring experiment.
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3.3.2 Implementation

To visualize the inferred neighbourhood skeletons, a visualization tool was implemented

utilizing GeoTools1 Java libraries. All the skeleton visualizations presented in all figures

were generated using this tool. Both SSG(d) and SPG(t) algorithms were implemented

using Java 8. The data set was stored in a MongoDB database and unique locality set

relating to a given event was queried from it as V. We used a travel network filtered from

OpenStreetMap (OSM)2 to get a better understanding of the area being analysed. When

filtering travel network of an area from OSM data we took foot paths, cycle paths, roads

and rail roads.

To infer planar SSG(d), firstly, DT was created using SweepHull [119] algorithm

in O(n log n) time. Then, planar d-Spectrum is calculated using Algorithm 1. Finally,

SSG(d) is extracted from d-Spectrum created using DT. We used numerical analysis to

calculate d-value of an edge. More specifically, a Java method was implemented to per-

form Secant method3 to approximate the d-Value. For extracting planar SPG(t), we used

Algorithm 2 presented in [18] 4. For varying SSG(d) and SPG(t) skeleton extractions,

created DT was reused.

3.3.3 Event Analysis

An event can be viewed as an extraordinary spatiotemporal phenomenon that motivates

LBSN users to generate posts within the spatial and temporal bounds of the event with

content identifying the event. Following this perspective, we define an event as a tuple

containing three elements - a spatial bound, a temporal bound and a description of con-

tent identifying the event. As the Twitter data we are using has textual content, we use a

regular expression as the description of the event.

1http://www.geotools.org/
2https://www.openstreetmap.org/
3https://en.wikipedia.org/wiki/Secant method
4However, we noticed that ≥ in line 5 violates the edge selection criteria proposed as equality allows

paths with similar weights to exists between an edge pair. Therefore we removed equality in line 5 when
creating our implementation.
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To discuss the properties of SSG(d) and SPG(t) skeletons we selected locality set

relating to EasterFest 2012 5 - an annual music festival held in Toowoomba, Australia

from the Twitter data set. For temporal bound of EasterFest, we took the time period

between 04th and 10th of April 2012. As for the spatial bound of EasterFest, we consid-

ered a bounding box (indicated by dashed lines in Figure 3.1 (a)) over the Queen’s Park,

Toowoomba and surrounding main streets where the event was held. We consider all

users who have posted with ”#EasterFest” hashtag within spatial and temporal bounds

of the event as the user set influenced by the event.

The locality filtering process can be seen as a three step process. First, the users who

have authored content matching the description of the event within the event’s temporal

and spatial bounds are filtered. Second, the LBSN trajectories within the event’s temporal

bounds generated by the users filtered in the first step are taken as the LBSN posts set

influenced by the event. Third, unique locality set from posts filtered in the second step is

taken as the V for variable skeleton generation. Relating to Easterfest, 183 unique points

were filtered. Figure 3.1 (a) depicts the filtered locality set along with the travel network

of the area analysed. We used the rectangle marked with the dashed lines as the spatial

bound of the event. This rectangle encloses the event venue (Queens Park, Toowoomba)

and the main streets around it as described above.

3.3.4 Comparison of Two Graphs

As experiments for filtered locality set (V) relating to EasterFest, we generated varying

skeletons with SSG(d) and SPG(t) at d = t. After that, generated skeletons are analysed

to compare the changing characteristics of the skeletons as parameters vary. We used a

locality set relating to an event because all users participating in the event are there for

a common reason and exhibit a similar movement pattern. To further understand how

graph structures behaved, the number of edges and spanning ratio [115] of the graph

structure were plotted with varying configuration parameters (Figure 3.4).

5http://www.easterfest.com.au
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(a) Number of edges with varying parameter value

(b) Spanning ratio with varying parameter value

(c) Execution times with varying parameter value

Figure 3.4: Comparison of SSG(d) and SPG(t).

Figure 3.1 (a) and (b) present the locality set used as the V and the DT skeleton. Three

skeletons on the middle left c, e and g represent the SPG(t) with t set to 2, 3 and 4,

respectively. While three skeletons on the middle right d, f and h represent SSG(d) with

d set to 2, 3 and 4, respectively.

At the first glance, we can see that SPG(t) is a subgraph of SSG(d) when d ≤ t

(Theorem 3.4). Also, in both SSG(d) and SPG(t), edge counts are monotonically reduc-

ing (Figure 3.4 (a)). Further more, number of edges in SPG(t) is always smaller than
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that of SSG(d). This is to be expected as SPG(t) extraction uses a global criteria com-

pared to SSG(d) and infer less edges. Figure 3.4 (b) shows the variation of spanning

ratio as configuration parameter varies to demonstrate how the shortest path distances

between locality pairs change. Spanning ratio of a graph indicates the maximum ratio

between the shortest path distance over the graph and direct distance between any point

pair. Therefore, graphs with low spanning ratio are preferred to represent movement

networks [115]. Since SSG(d) has a low and stable spanning ratio compared to SPG(t),

SSG(d) is suitable for movement analysis. Furthermore, when SPG(t) and SSG(d) are

created with the same number of edges, SPG(t) tends to have a higher spanning ratio

compared to SSG(d).

Next, we conduct an experiment to see how similar the paths from SSG(d) and SPG(t)

are when compared to real world paths taken from OpenStreetMaps. We randomly se-

lected 10 point pairs from the filtered point set and calculated path distances between

them using OpenStreetMap paths, SPG(3) and SSG(3). We selected 3 as the configura-

tion parameter for both SSG(d) and SPG(t) as it provides a general movement network

between localities. For 9 point pairs, paths taken using SSG(3) were different by 20% or

less by length compared to real world path taken from OpenStreetMap. However, for

paths taken using SPG(3) only 6 pairs were in the same bracket. Therefore, we can see

that paths inferred using SSG(d) are more similar to real world paths compared to paths

inferred using SPG(t).

We also calculated nearest neighbour queries using created graph structures. As we

used breadth first search for querying nearest neighbours, observed results were similar

to results of the shortest path calculations above. Paths calculated to nearest neighbours

using SSG(d) were more similar to real world paths compared to paths calculated using

SPG(t).

When analysing the spectrum of graph skeletons presented in Figure 3.1, we can see

that as configuration value increases, inferred SSG(d) skeleton emphasizes more on tight

locality clusters, by thinning longer edges. Relating to the selected event by analysing

tweets, it can be seen that filtered localities are densely centered towards the Points of In-
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terest (POIs) such as event location and main streets in the area. This phenomenon makes

it easier to visualize POIs clearer, along with the possible movement network between

POIs. Furthermore, when comparing inferred skeletons, against the road maps available

via public sources, it is observed that inferred edges of both SSG(d) and SPG(t) align

better with road network as locality density increases in roads. But, as locality density

varies, SSG(d) skeleton highlights more alternative paths compared to SPG(t) with the

same configuration value.

In order to generate varying visualizations, the skeleton needs to be visualized with

varying parameters manually. Time taken to calculate skeletons of SSG(d) and SPG(t)

are shown in Figure 3.4 (c). Execution time for SSG(d) calculation is less compared to

SPG(t) for all configuration values. To generate SSG(d) skeleton of a given point set,

we need to calculate the d-spectrum once and can extract skeleton for desired d from it.

Once d-spectrum is calculated SSG(d) skeleton can be rendered in O(m) time, where m

is the number of edges spanned by V. Therefore, we can generate varying SSG(d) skele-

tons efficiently. For SPG(t), we have to execute iterative shortest path algorithm every

time t changes, making analysis process inefficient. But, we can reduce this time using

calculated d-Spectrum. However, this does not reduce the worst case time complexity of

SPG(t) algorithm.

3.3.5 Further Interesting Observations From Spatial Queries

3.3.5.1 Reverse Nearest Neighbour

Reverse nearest neighbour queries aim to find given a query location and a location set,

locations of the set where query location is their nearest neighbour. When proposing

applications of the SSG(d) we proposed an algorithm to retrieve reverse nearest neigh-

bours of a given query location utilizing breadth first search. In order to experiment the

suitability of SSG(d) for reverse nearest neighbour queries, we have selected an arbitrary

location from the venue of the Easterfest 2012 as the query location and exits of the venue
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(a) SPG(3)

e1

e2

e3

x

(b) SSG(3)

Figure 3.5: Dashed lines from e1, e2 and e3 indicate their nearest neighbour calculated
using each graph.

as the location set.

We executed the reverse nearest neighbour query on both SPG(3) and SSG(3). Re-

sults are shown in Figure 3.5. For both exits e1 and e2, query location x became the nearest

neighbour in both SPG(3) and SSG(3). For e3, nearest neighbour results were different

for two graphs. With SPG(3), x became the nearest neighbour for e3. With SSG(3), e2 be-

came the nearest neighbour for e3. Therefore with SPG(3), reverse nearest neighbours of

x are e1, e2, e3 ,while with SSG(3) reverse nearest neighbours of x are e1, e2. In euclidean

space nearest neighbour of e3 is e2. Therefore, we can see that SSG(d) is more suitable for

reverse nearest neighbour queries compared to SPG(t) with the same configuration pa-

rameter. Also, note that paths selected from exits to query location are shorter in SSG(3)

compared to SPG(3).

3.3.5.2 Group Nearest Neighbour

Group nearest neighbour queries are evaluated between two sets of locations. This query

type aims to find a location or locations from one set such that cumulative travel distance

from all locations in the other set is minimized. Our proposed algorithm to calculate

group nearest neighbour is to calculate k-nearest neighbour from all locations in one set

to find all locations in the other set and evaluate which location in the second location
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d1

d2

d3

d4

(a) SPG(3)

e1

e2

e3

d1

d2

d3

d4

(b) SSG(3)

Figure 3.6: Dashed lines from e1, e2 and e3 indicate their group nearest neighbour calcu-
lated using each graph, between destinations d1, d2, d3 and d4.

set results in the least cumulative travel distance from all locations in the first set. To

evaluate group nearest neighbour queries we selected the same location set filtered for

Easterfest 2012.

We experimented performing group nearest neighbour queries on both SPG(3) and

SSG(3). Results are shown in Figure 3.6. We calculated group nearest neighbour from

three exits (e1, e2 and e3) to four arbitrary locations within the event venue (d1, d2, d3

and d4). Using both graphs SPG(3) and SSG(3), destination d3 was calculated as the

group nearest neighbour. Dashed lines in Figure 3.6 indicate the path calculated from an

exit to the group nearest neighbour. Even though, both graphs resulted in same group

nearest neighbour, note that paths calculated using SSG(3) are shorter compared to paths

calculated using SPG(3) due to the availability of more alternative paths. Hence we can

see that SSG(d) is more suitable for group nearest neighbour calculations compared to

SPG(t) with the same configuration parameter.

3.3.5.3 Refined Movement Corridors

Refined movement corridors refer to edges of the graph that are used for movement.

These edges are selected by aligning user trajectories along the graph edges using short-

est path calculation. We analysed refined movement corridors relating to the trajectories
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(a) SPG(3) (b) SSG(3)

Figure 3.7: Thick lines indicate refined movement corridors extracted using each graph.

filtered from YFCC100M dataset, around the Thames river in London. To represent the

travel networks, SPG(3) and SSG(3) were used. This data set was selected because it

had a lot of tourist movement compared to the Twitter data set. After that trajectories

are aligned along both graph skeletons, and all the edges with usage counter more than

5 are filtered as refined movement corridors. Intuitively if an edge is used by trajectories

5 times, that edge is selected as a refined movement corridor. Visualization created using

filtered edges are shown in Figure 3.7. In both refined movement corridors represented

by thick edges appear along the banks of the river and on bridges where movements

happen. Edges created across the river are filtered out as there is no movement happen-

ing. When all trajectories are aligned against the refined movement corridors calculated

using SSG(3) and SPG(3), 14% more of trajectories appear on refined movement corri-

dors calculated using SSG(3) compared to SPG(3). Hence refined movement corridors

created using SSG(d) are more similar to real world paths compared to refined move-

ment corridors calculated using SPG(t). As this method indicates the most used part of

the travel network, it can be used to generate preferred part of a travel network used for

calculating preferred paths [120].

3.3.5.4 Inferring Road Network

Refined movement corridor extraction can be used to infer the road network of an area.

GPS locations posted on the road network are useful for this purpose. Using our synthetic

data set we inferred the road network of the Melbourne CBD. In order to make this data

sparse similar to LBSN data, we filtered out some of the points. Filtering process was to

order all GPS points based on the timestamp and take every nth point from the whole data
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(a) SPG(3) (b) SSG(3)

Figure 3.8: Road network (refined movement corridors) extracted using synthetic data
on each graph. Arrows on (b) indicate additional movement corridors inferred using
SSG(3).

set. However, we used all the trajectories for the refined movement corridor calculation.

In Figure 3.8, we have shown road networks inferred using (a) SPG(3) and (b) SSG(3).

As shown in the figure road network inferred using SPG(3) breaks around some junc-

tions, but SSG(3) recreates the junctions correctly. Overall, 12% more road segments

inferred using SSG(3) aligns with real road network compared to SPG(3). It should

be noted that as n grows, the data set used to infer road network become more sparse,

therefore results generated using this method degrades. Results heavily degrade when n

reaches around 120.

3.3.5.5 Most Popular Paths

After calculating refined movement corridors over an area, edge weights are set to ex-

hibit the usage of that edge as shown in section 3.2.4.6. Most popular paths between

two locations can be found by calculating the shortest path using above calculated edge

weights. In order to experiment with the effectiveness of the most popular path finding

mechanism, we applied it to find a path around a junction in Melbourne Central Business

District (CBD). Data for the experiment is taken from the Twitter data set. As twitter data

set was restricted to the region Australia, it has a lot of movement information of Twit-

ter users relating to their daily travels. One example of the most popular path is shown
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(a) SPG(3) (b) SSG(3)

Figure 3.9: Paths calculated between two arbitrary locations using each graph. The
dashed line indicates the shortest path and the thick line indicates the most popular path.
Note that the most popular path calculated with SSG(3) is shorter than that of SPG(3)

in Figure 3.9. SPG(3) and SSG(3) were used to represent travel networks, respectively.

Calculated shortest paths are shown in broken line and most popular paths are shown

in thick edges. As shown in the Figure 3.9 most popular path inferred using SSG(3) is

shorter compared to that of SPG(3). In fact when most popular paths are calculated for

all trajectories, most popular paths calculated using SSG(3) were 18% shorter than most

popular paths calculated using SPG(3). In this particular case when selected most pop-

ular paths are compared with travel network taken from OpenStreetMaps, it is seen that

there are roads that align with the most popular path whereas no actual road aligns with

shortest paths.

3.3.5.6 Tour Recommendation

Using YFCC100M data set we experimented the effectiveness of tour recommendation

in the city of London. We followed the experimental set up followed in [121]. Geo-

located photos posted over two months time period were used for experiments. All

tourist travel sequences set apart by one hour time intervals are taken as the query data

set. For each tourist attraction sequence travelled by users, we calculated the most pop-

ular path between first and last tourist attractions they’ve been to and selected tourist

attractions that coincide with the most popular path as recommended tour itinerary.

For each real world travel sequence (Pv), a recommended tour itinerary (Pr) was cal-

culated using both SPG(3) and SSG(3). For tours recommended by both graphs tour

recall (TR = |Pr ∩ Pv|/|Pv|), tour precision (TP = |Pr ∩ Pv|/|Pr|) and tour F1-score(TF1 =
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Table 3.1: Comparison of tour recommendations calculated using SPG(3) and SSG(3)

Graph Recall Precision F1-score

SPG(3) 0.699± 0.050 0.681± 0.060 0.676± 0.050
SSG(3) 0.777± 0.050 0.783± 0.060 0.774± 0.059

(a) SPG(3) (b) SSG(3)

Figure 3.10: Thick lines indicate representative trajectory extracted for trajectory set
shown as green (light coloured in black and white print) lines using each graph. Ad-
ditional trajectory traces that belong to SPG(3) cluster are marked with arrowheads.

(2× Pr × Pv)/Pv × Pr) [121] were calculated and presented in Table 3.1. As shown for

all three criteria SSG(3) evaluates higher values than SPG(3). Thus, we can say that the

inferences using SSG(d) are more close to real world user travels than SPG(t).

3.3.5.7 Trajectory Clustering

Proposed SSG(d) can be used for trajectory clustering by aligning trajectories on the cre-

ated graph and selecting trajectory traces that share the same edge sets from the graph.

To evaluate SPG(t) and SSG(d) for trajectory clustering we used trajectory data collected

in Melbourne CBD from Twitter data set. A trajectory cluster detected in the same area

using both SPG(3) and SSG(3) is shown in Figure 3.10. We set the similarity threshold

value C to 0.5. Green (light colour in black and white print) lines in the figures indicate

trajectory traces included in the cluster, while thick lines indicate the representative tra-

jectory calculated using graphs consisting of the shared edge set among trajectories. The
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trajectory cluster calculated using SPG(3) contains 15 trajectory traces while the cluster

calculated using SSG(3) only contains 13 traces. Two additional trajectory traces that be-

long to the cluster found using SPG(3) are marked by arrows. Reason for SSG(3) cluster

leaving 2 traces out is due to the availability of alternative paths trajectory traces that de-

viate from other trajectory traces in the cluster can find paths other than the paths used

by the trajectories in the cluster. Since SPG(3) is more restrictive than SSG(3), trajec-

tory traces that deviate from most of the trajectory traces in the cluster have to travel in

the same paths used by the clustered trajectory traces. Following the quality measures

developed in [97] to measure the quality of trajectory clusters, we developed a quality

measure. Once trajectory traces are aligned along the edges of the graph, we take the

lengths of edges in the trajectory that are outside the representative trajectory of the clus-

ter and divide the cumulative outside length of all the edges by the number of trajectories

in the cluster. By definition of this measure lower the calculated value for this measure,

better the cluster. With this measurement, the trajectory cluster is shown in Figure 3.10,

clustered using SSG(3) was 13% better than the cluster identified using SPG(3). There-

fore, we can say SSG(d) is more suitable to identify similar trajectory clusters compared

to SPG(t).

3.3.5.8 Group Movement Detection

This application refers to the use of SSG(d) to detect user groups moving together. This

is an extension of trajectory clustering presented earlier. Instead of grouping trajectories

based only on their spatial proximity, in the group movement detection we consider their

direction and travelled time. Using this information we find trajectories travelled on the

same path, in the same direction around the same time.

In both data sets we used, there were not any group movements that exhibit the dif-

ference between group movement detection using SPG(t) and SSG(d), due to the small

size of data we have from real LBSN leading to very few group formation. Therefore,

we created a synthetic data set using a geo-located Twitter post data set to exhibit this
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(a) SPG(3) (b) SSG(3)

Figure 3.11: Thick lines indicate the path of group movement detected (from left to right)
using each graph.

difference. In this synthetic data set, locations of the geo-located posts are not altered.

However, timestamps and user ids are altered to make synthetic trajectories.

With this synthetic data set using both graphs SPG(3) and SSG(3), we detected a

group movement occurred in Melbourne CBD. In the detected group movement with

SPG(3) there are trajectories of 5 users aligning with the same path of the graphs travel-

ling in the same direction with a time difference of 10 minutes. However, in the group

movement detected using SSG(3) there are only 4 users. Detected group movement

paths are shown in Figure 3.11. Thick lines in the graphs indicate edges of the path

shared by the detected group. Lines in green colour (light colour lines in black and white

print) indicate trajectories of the users travelled together. In the SPG(3) case there is a

trajectory marked with an arrowhead that is not travelling with other trajectories. This

trajectory is clustered with other trajectories that exhibit group movement because of the

restrictiveness on the SPG(t). Therefore, group movement detection using SPG(t) can

suffer from the same weaknesses that would hinder its performance in trajectory cluster-

ing. Due to the more restrictiveness of SPG(t), trajectories that are not supposed to travel

in the same path may end up travelling in shared paths. This is avoided in SSG(d) due

to the availability of more alternative paths. Therefore, SSG(d) is more suitable to detect

group movements using the proposed method.
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3.3.6 Configuration Value

We selected 3 as the configuration value to compare resulting graphs generated using

SSG(d) and SPG(t). For configuration value 1 both SSG(d) and SPG(t) are the same

and do not cull edges to cater for point density. And for configuration parameter value 2,

SSG(d) become GG which is a well known static graph. Configuration parameter value

3 gives interesting results so we have used it. Configuration values greater than 3 give

similar results as the results generated with the configuration parameter set to 3.

3.4 Summary

We analysed the suitability of variable connected neighbourhood skeletons to visualize

the possible movement network of LBSN users influenced by events. We presented the

Stepping Stone Graph (SSG(d)) of a finite planar set, which is a connected graph that

varies depending on a single parameter d. We analysed how SSG(d) relates to some well-

known graph structures, and we presented algorithms to calculate SSG(d). In addition,

we presented how SSG(d) can be used to improve the running time of the Shortest Path

Graph (SPG(t)). We have empirically shown that SSG(d) is both efficient and effective

to visualize the possible movement network using LBSN data due to its distance based

local evaluation criteria. Furthermore, we have shown the usefulness of SSG(d) in a few

applications.

Even though SSG(d) is suitable for effectively analyse moderate number of posts, the

running time increases when we try to process very large data sets. In the next chapter,

we are going to look at another graph structure named the Diversion graph (DG(d))

that can process this increased location data load. New DG(d) is created by relaxing

the evaluation criteria of the Stepping Stone Graph. Due to this reason, DG(d) contains

few additional edges (less than 2% of total edge count) that violate the empty Diversion

Neighbourhood criteria. However, the running time reduction is over 90%. Therefore,

DG(d) is a suitable alternative to processing increased amounts of location data.



Chapter 4

Diversion Graph For Real Time
Movement Analysis

This chapter is derived from:

• Sameera Kannangara, Hairuo Xie, Egemen Tanin, Aaron Harwood, and Shanika

Karunasekera. “Introducing Diversion Graph for Real-time Spatial Data Analysis

with Location Based Social Networks.” 11th International Conference on Geographic

Information Science (GIScience 2021), Schloss Dagstuhl-Leibniz-Zentrum fuer Infor-

matik, 2020.

4.1 Introduction

Modern LBSNs generate millions of data points for analysis1. Therefore when proposing

methods to analyse LBSN data we need to think about the scalability of their executions.

Although existing neighbourhood graphs such as the Stepping Stone graph proposed in

the last chapter can process LBSN data, they are not suitable for large datasets due to

the long running times. With the increase of availability of GPS enabled mobile phones

the size of LBSN datasets will continue to be significantly large. Therefore we need to

investigate efficient methods to process large amounts of location data collected from

1https://www.oberlo.com/blog/twitter-statistics

72
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LBSNs.

In this chapter, we propose a new type of variable graph, which we refer to as the Di-

version Graph (DG(d)). The skeletons inferred by DG(d) are likely to be close to human

perception of the corresponding point set. We show in our experiments that DG(d) is

easier and faster to build than SSG(d), and gives similar results in processing movement

analysis related queries. Similar to SSG(d), DG(d) is defined on top of DT and uses

Diversion Neighbourhood (DN(d)) to cull edges from DT. Instead of checking all the

points that lie in DN(d) between two points DG(d) only considers points in the neigh-

bouring Delaunay triangles of the edge that is considered for culling. Thus, similar to

SSG(d) we assume that the social network data gives us partial data per individual user

in terms of its path but with a good picture of where people could be in an event in a

city from multiple users. As explained with the definitions of the DG(d) below, for all

endpoint pairs the value of d indicates the preference of inferring a longer alternative

path with less distance between all point pairs on the path compared to the direct dis-

tance between the endpoint pair. This is useful when we have a very dense point set to

cull some connections. Similar to both SPG(t) and SSG(d), as d increases the number of

edges in DG(d) monotonically decreases and therefore the path length between any two

non-adjacent points in the skeleton monotonically increases. It is also important to note

that GG is a special case of DG(d) when d = 2.

We use publicly available LBSN data to evaluate the performance of DG(d) and

SSG(d) for inferring movement networks. We show that DG(d) performs as well as

SSG(d) in terms of the quality of the inferred network but DG(d) achieves significantly

faster execution times than SSG(d). DG(d) takes less than 10% of the time required to

infer a movement network than SSG(d). DG(d) contains a few more edges (less than 2%

of the total number of edges [13]) compared to SSG(d). However, compared to the time

advantage of DG(d), the negative impact of the additional edges could be negligible. The

resulting DG(d) and SSG(d) are very similar in terms of their shape and topology.
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(a) location set

(b) SSG(2) = GG (c) DG(2) = GG

(d) SSG(4) (e) DG(4)

(f) SSG(10) (g) DG(10)

(h) SSG(∞) = RNG (i) DG(∞) = UG

Figure 4.1: SSG(d) and DG(d) skeletons created on a subset of locations from Twitter data
set. Note that two skeletons in a row are created using two algorithms, but exhibit the
same graph structure.
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4.2 Diversion Graph

Given a set of points, a Diversion Graph (DG(d)) connects the points in a traversable

manner.

4.2.1 Definitions

We construct DG(d) in the form of an undirected graph G(V, E) where V ⊆ R2 repre-

sents a given point set and E represents the inferred edges between the points. An edge

between two endpoints p, q ∈ V is represented as pq ∈ E. Length lpq represents the

Euclidean distance between the two points.

As DG(d) is defined using Delaunay Triangulation (DT), let’s briefly iterate a useful

property of DT. DT is a triangulation of a point set, in which for each triangle’s circum-

circle does not contain any other points other than triangle’s vertices. Also, DT is the

dual of Voronoi diagram. Our proposed graph DG(d) is evaluated by removing some

edges from the DT according to the following criteria.

Definition 4.1 (Diversion Graph). For V ⊆ R2, the Diversion Graph of V at d ∈ R : d ≥ 2,

denoted DG(V, d) or simply DG(d), is defined as an undirected graph with points V, subset of

DT(V) such that for each edge pq ∈ DT(V):

pq is an edge of DG(V, d) iff ld
pz + ld

zq > ld
pq.

Where z is the other point in the Delaunay triangles where pq is an edge.

By this definition in common terms, DG(d) is the graph created by removing edges pq

from DT if and only if ld
pz + ld

zq ≤ ld
pq where z is a vertex of a Delaunay triangle where pq is

an edge. Therefore inherently DG(d) is a subgraph of DT. Also due to the equation used

to evaluate edges which are not used for movement for removal, there is a relationship

between DG(d) and SSG(d). We explore these properties in the next section.
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4.2.2 Diversion Graph Properties

Since DG(d) is created by removing edges from DT, we can state the following theorem.

Theorem 4.1. For 2 ≤ d, DG(d) ⊆ DT.

Consider the case DG(2) against GG. By comparing definitions of the two graphs we

can state the following theorem.

Theorem 4.2. DG(2) ≡ GG.

Proof. Consider the definition of GG from [8]. The vertices p, q ∈ V are least squares

adjacent forming the edge pq ∈ GG iff

l2
pq < l2

pz + l2
zq such that ∀z ∈ V \ {p, q}.

Furthermore, in the same paper [8] it is proven that the GG can be extracted from DT by

evaluating the above inequality on each triangle, for each edge. Now let’s look at DG(2)

definition. It is extracted from DT by removing edges pq iff l2
pz + l2

zq ≤ l2
pq, for each z

which are other points of the Delaunay triangles where pq is an edge. Since both GG and

DG(2) are evaluated from DT using the same inequality, they are equivalent.

Since equation used in DG(d) definition is same as the diversion neighbourhood def-

inition, one may think DG(d) and SSG(d) are the same thing. Using a simple counter

example we show that is not the case and later show that SSG(d) ⊆ DG(d).

Theorem 4.3. For 2 ≤ d, SSG(d) ⊆ DG(d).

Proof. Consider the five points p, q, r, s, t in Figure 4.2. Their Delaunay triangulation is

shown in solid straight lines. Points p and q has equal y coordinates. Dashed line in-

dicates diversion neighbourhood at d = 4 (DN(4)) between p and q. Both points r and

s resides outside of shown DN(4). Finally, t lies inside shown DN(4). Let’s consider

inclusion of edge pq in DG(4) and SSG(4). Since t is within the DN(4) of pq, it will not
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p q

s

r

t

Figure 4.2: Counter example to show DG(d) is not always equal to SSG(d). Dashed line
shows diversion neighbourhood at d = 4 (DN(4)). Points p and q has equal y coordi-
nates. Both points r and s resides outside of shown DN(4). Finally, t lies inside shown
DN(4).

be an edge of SSG(4). However, in DG(4) as it considers only points in neighbouring

triangles of pq, it only considers point r when considering the inclusion of pq. Since r is

outside the DN(4) of pq, pq becomes an edge of DG(4). Therefore, for 2 < d, DG(d) is

not always equal to SSG(d).

In fact, DG(d) can contain more edges than SSG(d). Therefore we can state following

corollary.

Corollary 4.1. For 2 < d, DG(d) is not always equal to SSG(d).

Let’s consider behaviour of DG(d) when d→ ∞ and see how DG(d) relates to UG.

Theorem 4.4. As d→ ∞, DG(d)→ UG.

Proof. When d → ∞, by DG(d) definition for an edge pq to be removed from DT, both

other edges of the neighbouring Delaunay triangles only needs to be shorter than pq.
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In other words, if pq is the longest edge in a Delaunay triangle it will be removed from

DG(d) when d → ∞. UG is created from DT by removing the longest edge of each

Delaunay triangle. Therefore, by the equality of definitions as d→ ∞, DG(d)→ UG.

Theorem 4.5. For 2 ≤ d, DG(d) is planar and connected.

Proof. Since for 2 ≤ d, DG(d) ⊆ DT, DG(d) is planar. Inequality used in DG(d) is the

same as the diversion neighbourhood of SSG(d). In chapter 3 section 3.2.2 it is shown

that diversion neighbourhood does not get bigger than open lune neighbourhood. Open

lune neighbourhood is proven as the tight neighbourhood that ensures a connected edge

embedding in empty region graphs in [6]. Therefore DG(d) is connected. Combining

these arguments we can say for 2 ≤ d, DG(d) is planar and connected.

Next we consider the relationship between two DG(d)s as d increases.

Theorem 4.6. For 2 ≤ d ≤ d′, DG(d′) ⊆ DG(d)

Proof. Define the edge weight of pq with respect to d′ as ld′
pq, for some d′ ≥ 2. Assume that

for all z ∈ Λ(pq) \ {p, q}, ld′
pz + ld′

zq > ld′
pq, where Λ(pq) is the set of points in neighbouring

Delaunay triangles of pq. In this case, pq is an edge in DG(d′). Now we show that for

d ≤ d′, pq is also an edge in DG(d). Let us write d = d′ ε where 2
d′ ≤ ε ≤ 1. Then we

need to show that:

ld′ ε
pz + ld′ ε

zq > ld′ ε
pq (4.1)

ld′ ε
pz + ld′ ε

zq

ld′ ε
pq

> 1

(
lpz

lpq

)d′ ε

+

(
lzq

lpq

)d′ ε

> 1

((
lpz

lpq

)d′ ε

+

(
lzq

lpq

)d′ ε
) 1

ε

> 1
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Algorithm 2: Create DG(d)
Input: V - Filtered locality set
d - Configuration parameter
Output: DG(d)

1 DT ← create Delaunay Triangulation of V
2 initialize DG(d) to empty set
3 foreach (Edge pq : pq ∈ DT) do
4 foreach (Point z : z ∈ Λ(pq) \ {p, q}) do
5 if (ld

pq < ld
pz + ld

zq) then
6 Add pq to DG(d)
7 end
8 end
9 end

10 return DG(d)

Since the function x 7→ xβ is subadditive for β ≥ 1 then:

((
lpz

lpq

)d′ ε

+

(
lzq

lpq

)d′ ε
) 1

ε

≥
(

lpz

lpq

)d′

+

(
lzq

lpq

)d′

.

We know the right hand side is greater than 1 due to our initial assumption and therefore

Eq. 4.1 is true. Therefore pq is also an edge in DG(d) and this completes the proof.

4.2.3 Algorithms

In this section, we present an efficient algorithm to compute DG(d). Since DG(d) is

defined based on DT we can use DT as the starting graph to compute DG(d). There are

two approaches we can use to compute DG(d) using DT. One approach is to process DT

as triangles and check each edge of the triangle for removal from DT create DG(d). The

second approach is to process DT as a set of edges and evaluate each edge against the

points in the neighbouring Delaunay triangles to check whether they belong in DG(d).

The approach we are presenting in this chapter is the second approach which evaluates

edges to check their membership of DG(d), as it can be easily compared with the d-

spectrum algorithm of the SSG(d).
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We propose a simple and effective algorithm to calculate DG(d). In the algorithm,

Λ(pq) is the set of points in neighbouring Delaunay triangles of pq. Each other point in

the Λ(pq) \ {p, q} are evaluated against pq to see whether pq is an edge of DG(d). For

simplicity, the condition in line 5 in Algorithm 2 is directly derived from the definition of

DG(d). However, it can be further improved by checking whether other edges connected

with Λ(pq) are longer than pq. The algorithm is readily parallelizable as there is no race

condition between separate edge evaluations.

Let us consider the time complexity of the proposed algorithm for calculating DG(d)

provided DT for a set of n planar points. In line 3, as DT has O(n) edges, the code

between line 4 and line 8 runsO(n) times. As each edge pq has at most two neighbouring

triangles, the code between line 5 and line 7 runs at most two times per edge. Line 5 is

assumed to run in O(1) time. Therefore, the whole algorithm runs in O(n) time.

4.2.3.1 Improving Running Time of SSG(d)

Introduction of DG(d) allows us to efficiently calculate SSG(d) for a specific 2 ≤ d value

without calculating d-Spectrum. Since DG(d) is a super graph of SSG(d) for 2 ≤ d, once

DG(d) is calculated we can use it to evaluate those edge using the triangle sweeping

method presented in chapter 3 Algorithm 1. As later shown in the experiments DG(d)

only contain a very small percentage of additional edges compared to SSG(d). Therefore

this is a very efficient method of computing SSG(d).

However, it should be noted that computing SSG(d) from DG(d) may be slower

for varying skeleton generation compared to using d-Spectrum. Since d-Spectrum pre-

computed the minimum d-value necessary for an DT edge to be in the SSG(d), varying

skeleton generation takes less time. But for generating SSG(d) for a specific 2 ≤ d using

DG(d) is faster than creating d-Spectrum.
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4.2.4 Applications

The proposed DG(d) can be used in many applications detailed as follows.

4.2.4.1 Nearest Neighbour Queries

The DG(d) graph structure can be used to search for the path to the nearest interesting

locations from a given location. For example, this kind of query can be used to find

the nearest exit gate in a park. We can use breadth first search starting from the query

location and traverse the graph until a required interesting point is found.

Similarly, we can use DG(d) to search for the k-nearest neighbours. Instead of stop-

ping breadth first search when the first interesting point is found, it can be continued

until k interesting points are found. As for the edge weights, we can use weights cal-

culated in the section 4.2.4.4 according to the usage of edges. This will make sure that

the most popular path to the nearest neighbour will be found. This approach can be ex-

tended to solve reverse nearest neighbour queries and group nearest neighbour queries

as suggested in chapter 3.

4.2.4.2 Refinement of Movement Corridors

Once DG(d) is created using posted localities, user trajectories can be used to refine the

created travel network. The approach for refining the travel network is as follows. For

each consecutive location pair in user trajectories, the shortest path is determined using

DG(d). With each DG(d) edge the number of trajectories passed through that edge is

recorded. We can then represent movement corridors in the travel network based on the

edges that contain trajectory count higher than a given threshold.

Definition 4.2 (Usage counter). When path is a sequence of edges traversed by a trajectory
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trace, for all pq ∈ E, Usage Counter of pq (denoted UC(pq)), is defined as the trajectory count,

UC(pq) = |{path : pq ∈ path}|

One of the problems of using DG(d), as it is for movement network analysis, is that

it does not consider the existence of obstacles. As trajectories do not appear on obstacles

such as rivers, incorporating trajectory information into DG(d) allows filtering edges

not used by the trajectories. By filtering edges not used by trajectories, we are able to

eliminate edges that do not represent user movement information. In summary, refined

movement corridors calculated using DG(d) is an edge subset of DG(d) which are used

by the trajectories for movement.

4.2.4.3 Inferring Road Network

The aforementioned approach for refining movement corridors can be used to infer the

road network in an area where we do not have prior knowledge about the road net-

works. Ideally for this purpose, we need GPS locations published on the road network.

The easiest way to obtain such information is to collect LBSN post published while trav-

elling in vehicles. Using the GPS data in LBSN posts and associated the GPS points with

trajectories, we can infer the road network in the given area.

4.2.4.4 Most Popular Paths

After calculating usage counters of DG(d) edges, they can be used to find the most pop-

ular path between locations. To find the most popular path, we calculate edge weight

to reflect the popularity of the edge and use the shortest path algorithm to calculate the

paths. To ensure edges with more usage have lower weights, we divide the length of the

edge by usage counter of that edge. For edges with no usage, edge length multiplied by

a constant greater than 1 is used as the edge weight. After calculating edge weights in
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this manner, the Dijkstra’s shortest path algorithm is used to find the most popular path

between two locations.

Definition 4.3 (edge weight). For all pq ∈ E, weight of pq is defined as,

weight(pq) =


lpq/UC(pq), if 0 < UC(pq).

lpq × C : 1 < C, if UC(pq) = 0.

4.2.4.5 Other Applications

DG(d) can be used in other applications such as tour recommendation, trajectory cluster-

ing and group movement detections as mentioned in chapter 3. For all these applications

we have to process user trajectories after creating the initial graph structure to incorpo-

rate additional movement related information to the created graph skeleton.

4.3 Experiments

4.3.1 Data Sets

We conducted experiments on two real world LBSN datasets and one synthetic data set.

The first real data set consists of geo-located posts collected from Twitter. It is collected

from 06th March to 23rd April 2012, within a bounding box over the countries Australia

and New Zealand. It contains 724651 LBSN posts authored by 36639 users. For our

analysis, an LBSN post is defined as a tuple containing four elements - userID, voluntarily

generated textual content, timestamp and the location where the post was authored.

We used Yahoo! Flickr Creative Commons 100M (YFCC100M) dataset [117] as the

second real dataset. It contains metadata such as user information, timestamp and lo-

cation of 100 million photos and videos shared on Flickr. Only the entries with point
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geo-locations were used for our experiments. For movement corridor experiment locali-

ties in London, England are filtered out from the YFCC100M data set.

The synthetic data set for our experiments was generated using SMARTS simula-

tor [118]. We simulated vehicle movement in the Melbourne central business district

(CBD) and collected GPS locations of the vehicles every 0.5 seconds. the data set used for

our experiment contained 100000 GPS points.

4.3.2 Implementation

To visualize the inferred neighbourhood skeletons, a visualization tool was implemented

utilizing GeoTools2 Java libraries. All the skeleton visualizations presented in this chapter

are generated using this tool. Both DG(d) and SSG(d) algorithms are implemented using

Java 8. The datasets are stored in a MongoDB database.

To infer DG(d), firstly, DT is created using SweepHull [119] algorithm. Then, DG(d)

is calculated using Algorithm 2. SSG(d) is extracted from the planar d-Spectrum created

using DT. We used numerical analysis to calculate d-value of an edge. More specifically,

a Java method was implemented to perform Secant method3 to approximate the d-Value.

The same DT was reused for construction of DG(d) and SSG(d) with different d values.

We selected 3 as the configuration value for d to compare resulting graphs generated

using DG(d) and SSG(d) based on preliminary tests.

2http://www.geotools.org/
3https://en.wikipedia.org/wiki/Secant method
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4.3.3 Results

4.3.3.1 Event Analysis

In this experiment, we use a Twitter dataset relating to Queensland state election 2012 4.

All users participating in the event are there for a common reason and exhibit a similar

movement pattern. We implement an LBSN post filtering technique used in chapter 3

experiments, to filter posts relating to the election. For temporal bound of the dataset, we

took the time period between 23rd and 26th of March 2012. As for the spatial bound, we

considered a bounding box over the Queensland state. We consider all users who have

posted with ”#qldvote” hashtag within spatial and temporal bounds of the event. The

data set contains, 1270 unique points after filtering the original Twitter data.

We generate skeletons with DG(d) and SSG(d) with different settings of d. The num-

ber of edges and the spanning ratio [115] of the graph structure are plotted with varying

configuration parameters (Figure 4.3). Spanning ratio of a graph indicates the maximum

ratio between the shortest path distance over the graph and direct distance between any

point pair. Therefore, graphs with low spanning ratio are preferred to represent move-

ment networks [115].

Figure 4.3 (a) shows the variation of spanning ratio as configuration parameter varies

to demonstrate how the shortest path distances between locality pairs change. Both

DG(d) and SSG(d) has a low and stable spanning ratio, making them suitable for move-

ment analysis. Furthermore, both DG(d) and SSG(d) have the same spanning ratio when

d is less or equal to 8.

The time taken to calculate skeletons of DG(d) and SSG(d) are shown in Figure 4.3

(b). Execution time for DG(d) calculation is around 95% less compared to SSG(D) for all

configuration values. Relaxed nature of DG(d) algorithm gives it a significant advantage

in computation time.

4https://en.wikipedia.org/wiki/Queensland state election, 2012
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(a) Spanning ratio with varying configuration parameter d

(b) The time to generate the graphs in mili seconds with varying d

Figure 4.3: Graphs depicting different properties between DG(d) and SSG(d).

4.3.3.2 Movement Corridors Refinement

The refined movement corridors refer to the edges of the graph that are used by the users

on the move. These edges are selected by aligning user trajectories along the graph edges

using shortest path calculation. We analyse the refined movement corridors relating to

the trajectories filtered from YFCC100M dataset, which are around the Thames river in

London. We take locations posted over a month. The total number of locations is 6318.

To represent the travel networks, DG(3) and SSG(3) are used. This data set is selected

because it has higher randomness in tourist movement compared to the Twitter data set.

After that trajectories are aligned to both graph skeletons, and all the edges with usage

counter more than 5 are filtered as refined movement corridors. That is, if an edge is

used by 5 or more trajectories, the edge is selected as a refined movement corridor. Both

graphs resulted in the same refined movement corridor structure (Figure 4.4 (a)). Edges
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(a) Thick lines indicate refined move-
ment corridors extracted using DG(3) and
SSG(3)

(b) Execution time in mili seconds to gener-
ate each graph with varying d

Figure 4.4: Results of movement corridor refinement.

created across the river are filtered out as there cannot be any movement on the edges.

Figure 4.4 (b) shows the execution times taken to calculate the graph structures. We can

see that the time for creating DG(d) is only 8% of the time taken to create SSG(d).

4.3.3.3 Road Network Inference

Refined movement corridor extraction can be used to infer the road network of an area.

Using our synthetic dataset we infer the road network of the Melbourne CBD. In order

to make this data sparse similar to LBSN data, we filtered out some of the points in the

synthetic dataset. The filtering process first sorts all GPS points based on the timestamp

and then takes one point for every n points from the sorted set. There are 2763 locations

collected for this experiment.

In Figure 4.5 (a), we show the road networks inferred using DG(3) and SSG(3). The

two road networks almost totally overlap with each other. It should be noted that as the

filtering parameter n grows, the data set used to infer road network become more sparse,

degrading the result road network. Results heavily degrade when n reaches around 120.

Figure 4.5 (b) shows the execution times taken to calculate the graph structures. We can

see that DG(d) creation takes 7% of the time that is used for creating SSG(d).
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(a) Road network extracted using DG(3)
and SSG(3)

(b) Execution time in mili seconds to gener-
ate each graph with varying d

Figure 4.5: Results of road network extraction.

4.3.3.4 Most Popular Path Finding

By calculating edge weights to reflect the popularity of edges we can use the resulting

graph to calculate the most popular paths. We used Twitter data set to run experiments

on extracting most popular paths. This data set was used because it contains users with

regular movement patterns. We executed the experiment in Melbourne city area where

we found 28431 locations. Figure 4.6 (a) shows a most popular path found between two

locations. Dashed lines indicate the shortest path between the two locations while the

thick lines indicate the most popular path. When comparing this result with a map there

are roads along the most popular path detected while there are building on top of the

shortest path. Overall 78% of the edges selected for most popular path calculation were

sitting on the road network of the Melbourne city. Figure 4.6 (b) shows the executions

times taken by DG(d) and SSG(d) to create graphs. Due to the size of the dataset SSG(d)

has resulted in running times longer than one second. However, DG(d) has generated

the graph in 7% of the time taken by the SSG(d), making it suitable for processing large

data sets in real time.
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(a) Most popular path extracted using
DG(3) and SSG(3) is shown in thick lines

(b) Execution time in mili seconds to gener-
ate each graph with varying d

Figure 4.6: Results of most popular path extraction.

4.4 Discussion

From our experiments, it is clear that given a point set DG(d) creation takes less time

compared to SSG(d) creation. Also, created DG(d) can be used with similar effectiveness

as the SSG(d). It is worthwhile to consider the reason behind DG(d) improved creation

time. Firstly, per considering edge DG(d) creation algorithm (Algorithm 2) only process

two triangles. However, for SSG(d) it can be empirically found out that per edge at least

three triangles are processed. This effect should give a 2 : 3 advantage to DG(d) creation

compared to SSG(d). However time difference we see in above experiments are 1 : 10

between DG(d) and SSG(d). Reason for this massive difference is behind the numerical

analysis method used to evaluate the d-value of an edge for SSG(d). In DG(d)’s case

only a simple inequality is evaluated based on Definition 4.1, per processing triangle. For

d-spectrum calculation method of SSG(d), per processing triangle numerical analysis

method runs to determine the least empty diversion neighbourhood around the edge.

In our implementation, it is the Secant method and it is executed loop that results in

hundreds of iterations. Therefore we experience this massive creation time difference

between DG(d) and SSG(d). Due to this reason, it is advantageous to use DG(d) in

applications where very little processing time is available to generate results. This also

highlights the need for looking into faster ways to locate the d-value for SSG(d), as future

work.

In the above experiments, we have used data sets with few thousands of locations.
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As the dataset size increases one may think we can apply techniques applicable on dense

GPS data. Even though these datasets are large their locations are spread across large

areas making their density sparse. Due to this reason techniques applicable on dense

GPS data does not generate meaningful results on these sparse datasets.

4.5 Summary

We presented the Diversion Graph (DG(d)), a connected graph that varies depending

on a single parameter d. We analysed how DG(d) relates to some well-known graph

structures, and we presented how DG(d) can be used to improve running time of the

state-of-the-art graph, the Stepping Stone Graph (SSG(d)). We have empirically shown

that DG(d) is both efficient and effective to analyse LBSN data due to its distance based

local evaluation criteria.

In the last two chapters, we proposed graph data structures to analyse LBSN data.

Next problem we are going to look at is combining location data from different users.

This is a difficult problem as different users have different posting frequencies. The use

case we are going to look at for combining location information is group movement pre-

diction. To do group movement prediction using LBSN data we propose a technique

named the Group Kalman Filter, by extending the well known signal processing tech-

nique Kalman filter.



Chapter 5

Group Movement Analysis And
Prediction

This chapter is derived from:

• Sameera Kannangara, Hairuo Xie, Egemen Tanin, Aaron Harwood, and Shanika

Karunasekera. “Tracking Group Movement with Location Based Social Networks.”

Proceedings of the 28th ACM SIGSPATIAL International Conference on Advances in Ge-

ographic Information Systems. 2020. (Accepted).

5.1 Introduction

In this chapter, we are exploring techniques to combine location information available

from different LBSN users for group movement analysis. This is a difficult task as differ-

ent users have different posting patterns. The use case we are going to look at regarding

location data combining is group movement prediction. Group movement prediction is

important to many application domains such as crowd management and law enforce-

ment. Tracking the movement of groups involves estimating the current position of the

groups and predicting the future position of the groups. The effectiveness of group track-

ing depends on the availability and accuracy of location data. The traditional manner of

collecting location data relies on application-specific monitoring systems, such as GPS

91
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recorders on taxis. However, due to the high cost of installing the devices and privacy

concerns, using monitoring systems can limit the scalability of data collection. Location

Based Social Networks (LBSNs) are becoming an important source for collecting location

data. Compared to purpose-built monitoring systems, LBSNs can be more privacy-aware

as the users have full control of when and where to post about their activities. In addi-

tion, the cost of data collection can be significantly lower with LBSNs. We are interested

in tracking the movement of groups by analysing the trajectory data obtained from LB-

SNs, which shows the location of individual users at specific times.

Group tracking with LBSN data can be challenging as the quality of the data is af-

fected by various dynamic factors. One dynamic factor is group entity, which is the

set of group members that may change frequently as people join or leave a group. The

spatial extent occupied by a group is also dynamic as the group may change its mov-

ing direction, speed and spread over time. The quality of LBSN data can also be af-

fected by the randomness in posting time as the data is generated voluntarily at irreg-

ular times, making data processing more difficult with traditional trajectory processing

mechanisms [122].

To effectively track the movement of groups based on LBSN data, a tracking system

needs to handle the noise in the location data caused by the aforementioned dynamic fac-

tors. We use the well-known Kalman filter algorithm [123, 124] for this purpose. Kalman

filter is commonly used for estimating the state of a system under the influence of linear

processes in discrete time. Kalman filter has been used in tracking individual moving

objects. By executing Kalman filter at consecutive steps, the estimation of the location be-

comes more accurate if the object moves at a stable velocity. If the object makes a sudden

change of its velocity, Kalman filter is able to make estimations that follow the change in

future steps.

Although Kalman filter has been used for tracking individual moving objects [125],

it has not been used for tracking groups with the aforementioned dynamic factors. We

propose a first-of-its-kind solution for tracking the movement of groups based on crowd

sourced trajectory data. Our solution, named Group Kalman Filter (GKF), can deal with
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the randomness caused by all the aforementioned dynamic factors. GKF can predict the

group entity, which allows a tracking system to focus on the locations submitted by the

users who are likely to stay in a group during a specific period. GKF has the ability to

predict the space covered by the groups. GKF can also predict the posting time, which

can help capture the changes of group movement in a timely manner.

A complete GKF-based solution would have three sub-solutions, each addresses one

of the aforementioned dynamic factors. Due to the increase complexity of the solution, it

is not possible to show it in its entirety. In this chapter, we focus on the second dynamic

factor, the spatial extent of groups, which we think is the most important one among the

three factors for group tracking. Although the presented implementation does not pre-

dict group entity and posting time, it considers the most recent changes related to these

two factors to mitigate their impact on predicting the spatial extent of groups. The sub-

solutions that are catered for predicting group entity and posting time can be addressed

in an extension to the presented implementation.

Application Layer

Group Kalman Filter

LBSN Data Prediction

Spatio-Temporal 

Clustering

Kalman Filter

Group Movement Model

History

Figure 5.1: High-level architecture of the proposed solution for tracking groups based on
LBSN data.

The architecture of our proposed solution is illustrated in Figure 5.1. GKF has a

spatio-temporal clustering module for identifying the existence of groups within spe-

cific time windows. There is also a history module that keeps certain information about

group entities at different time steps. These two modules work together to help mitigate

the impact of the uncertainty in the group entity. For example, they can identify com-
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plex movement scenarios such as group-merging and group-splitting. They also help

mitigate the impact of the uncertainty in posting time in LBSN data. The Kalman fil-

ter module predicts the group locations, which are the minimal circular areas covering

individual groups, based on a group movement model. This module addresses the un-

certainty in the spatial extent of groups by modelling bounds of noises associated with

the location data from LBSNs. GKF is inspired by the traditional Kalman filter but it has

a unique characteristic. The traditional Kalman filter is stateless, which means predic-

tions are made based on the most recent measurement. GKF can use the states from an

arbitrary number of consecutive steps in the past, thanks to the history module. With

this characteristic, GKF can perform better than the regular Kalman filter in tracking the

movement of groups.

The workflow of tracking groups with GKF can be shown with the following example

(Figure 5.2). Figure 5.2 (a) shows the locations that individual users posted to an LBSN.

The locations are marked as uitj, where ui represents a user ID and tj represents the time

when a user submitted a location to the LBSN. We can see that there are eight unique

users, u0 to u7, who reported their locations in ten timestamps, t0 to t9. Given the example

data set, GKF first divides the whole period that covers the timestamps of all the records

into multiple consecutive time steps in equal length. Let us assume that time step 0

includes four timestamps (t0 to t3), time step 1 includes four timestamps (t4 to t7) and

time step 2 includes two timestamps (t8 to t9). Figure 5.2(b) shows the reported locations

in the first two steps. GKF identifies the groups that present at a step based on the posted

locations at the step. For example, in step 0, GKF finds a group with three users. In

step 1, GKF finds a group with two users. Although the two groups are of different size,

they are the variations of the same group as both groups contain user u2 (represented

as a square). At each time step, GKF makes an estimation of the current group location

and predicts the group location for the next step. This process is shown in Figure 5.2(c),

where an estimated group location is shown as a circle that is centred at Lk,i, where k

indicates the time step and i indicates the group ID. The radius of the circle is rk,i. Based

on the estimation of the current group location, GKF predicts the centroid and the radius

of the circle for the next time step. The predicted information is shown by L̂k,i and r̂k,i,
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u0t0 u1t1

u2t2

u3t3

u5t6

u6t7

u7t9

u2t4 u4t5

u1t8

(a) The location data obtained from an
LBSN. The locations are marked as uitj,
where ui represents a user ID and tj repre-
sents the time when the user posted the lo-
cation to the LBSN. The locations posted by
the same user are connected with a dashed
line.

Time step 0 Time step 1 

(b) The detected groups after spatio-temporal cluster-
ing of the locations. Time step 0 covers four posting
times, t0, t1, t2 and t3. Time step 1 covers four posting
times, t4, t5, t6 and t7. One user group is detected at
each time step by clustering the locations at the time
step. The users of a group are connected by lines.

r0,0

L1,0

r1,0
L0,0 r1,0

L1,0
^

^

r2,0

L2,0
^

^

Time step 0 Time step 1 

(c) The estimated group location and the predicted
group location. An estimated group location is shown
as a circle that is centred at Lk,i, where k indicates the
time step and i indicates the group ID. The radius of
the circle is rk,i. A predicted group location is shown
as a circle centred at L̂ with a radius r̂.

Figure 5.2: High-level process of identifying and predicting the location of a user group
with GKF based on LBSN data. Triangles represent users who are not in any group.
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respectively. For example, at step 0, GKF predicts that the group will move to the right at

step 1 without a change of the radius. By combining the prediction from step 0 (the circle

with centroid L̂1,0 and radius r̂1,0 in the left sub-figure of Figure 5.2(c)) and the location

data posted at step 1 (u2t4 and u4t5 in the right sub-figure of Figure 5.2(b)), GKF makes

an estimation of the group location at step 1 (a circle centred at L1,0 with a radius r1,0).

As we can see that the estimated group location at step 1 is different to the predicted

location from step 0 for this example. At step 1, GKF predicts that the group will move

in the upper-right direction and expand in the next step, shown with a circle centred at

L̂2,0. The prediction will be considered when estimating the group location at step 2.

User locations represented by the triangles in Figure 5.2 (a) and (b) are from the users

of the groups that exist in only one time step. We do not show these groups in Figure 5.2

(c).

The contribution of this chapter includes: 1) We proposed a first-of-its-kind concept,

GKF, for addressing the impact of noisy crowd sourced location data in tracking group

movements; 2) We extended the traditional stateless Kalman filter by considering the

states in multiple time steps in GKF; 3) We implemented several variations of GKF and

evaluated their effectiveness in tracking group movements.

5.2 Problem Definition

Definition 5.1. An LBSN post set is a data set S = {tp1, ..., tpn}, where tpi is a tuple <

u, t, lat, lon >, where u is a user ID, t is a timestamp, lat is a latitude and lon is a longitude.

Definition 5.2. The length of a time step is time step size, ∆t = T/k, where T is the whole

period covering the posts in S and k is the number of time steps. We denote the subset of S at

time step ts as Sts. The relationship between k, Sts and S is as follows: ∀ts1, ts2 ≤ k ∧ ts1 6=

ts2, Sts1 ∩ Sts2 = ∅, and
⋃k

ts=1 Sts = S.

Definition 5.3. A post group is a cluster of LBSN posts submitted within one time step, where

the location of a post (the GPS coordinates in the post) is within a distance threshold of d to the
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location of any other post in the group. A post group within a time step is denoted as Gts,i where

ts is the time step and i is the group ID. Assuming the total number of mutually exclusive groups

at time step ts is g, we have ∀i, j ≤ g ∧ i 6= j, Gts,i ∩ Gts,j = ∅ and
⋃g

i=1 Gts,i = Sts.

Definition 5.4. The location of a post group Gts,i at time step ts is the circular area that is

centred at a point Lts,i with a radius rts,i, which is the maximum distance between the centroid

and the location of any post in the group. In other words, the location of a group is the minimal

circular area covering the whole group.

Definition 5.5. Group entity Uts,i is the set of user IDs in the posts from the post group Gts,i.

Definition 5.6. Group entity similarity (GES) is a measure of the similarity between the entity

of two groups, each of which presents in one of two consecutive time steps. Let Gk−1,i be a post

group i from time step k − 1 and Gk,j be a post group j from time step k. The GES between the

two groups is defined as follows:

GES(Gk−1,i, Gk,j) =
|Uk−1,i ∩Uk,j|
|Uk,j|

(5.1)

Definition 5.7. Group entity similarity threshold (GES threshold) controls the minimum

level of similarity between two related groups in two consecutive time steps. Given a GES thresh-

old C, where 0 < C ≤ 1, we say that Gk−1,i and Gk,j are related to each other if GES(Gk−1,i, Gk,j) ≥

C.

Definition 5.8. Entity change interval, I ≥ ∆t, where ∆t is the time step size (Definition 3.2),

is the average time interval at which group entity changes for one group, that is, Uts,i 6= Uts+I,i.

Problem Statement. Assume there are n users that move as groups and post to an

LBSN. These groups can change entities at an average time interval of I. Assume that the

LBSN posts made by the users are collected in consecutive time steps of size ∆t. Assume

that users may not post their locations at all consecutive time steps. Given the posts made

at two time steps, k− 1 and k, the problem is to find the groups that exist in both steps

based on a group entity similarity threshold C, find the new groups that form at step k,

estimate the locations of all the groups at step k and predict the locations of the groups
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for step k + 1 such that the difference between the predicted locations for step k + 1 and

the actual locations at step k + 1 is minimized.

5.3 Group Kalman Filter

In this section, we present Group Kalman Filter (GKF) for solving the tracking problem

described in Section 5.2. GKF is tailored for tracking the movement of groups based on

the crowdsourced trajectory data from LBSNs. GKF consists of three modules, a spatio-

temporal clustering module, a history module and a Kalman filter module. The detailed

architectural overview of GKF is shown in Figure 5.3. We describe each module in the

rest of the section. An example of the workflow of GKF is shown in Figure 5.2.

5.3.1 Spatio-Temporal Clustering Module

Given a LBSN post set (Definition 5.1), GKF first needs to find the groups that travel

together before estimating the location of the groups. The spatio-temporal clustering

module finds the groups in three steps. We detail each of the steps in this subsection.

5.3.1.1 Time Discretizing

To detect groups using LBSN data, we first divide the period, which covers the times-

tamps of all the LBSN posts, into k equal-sized time steps (an example is shown in Fig-

ure 5.2 (b)). The time step size, ∆t (Definition 5.2), should be adjusted based on specific

application scenarios. Even though we divide time into equal-sized time steps for this

work, it should be noted that a solution can be developed with a dynamic division of

time.
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5.3.1.2 Group Detection using Spatial Clustering

In order to detect the post groups (Definition 5.3) at any time step ts, we use SMTIN

algorithm proposed in [126] to divide the locations posted during ts into a set of mutu-

ally exclusive groups. The algorithm works by generating a Delaunay triangulation of

all posted locations in the same step and filtering out the edges that are longer than a

distance threshold, d. As shown in the experimental results (Section 5.5.1.2), choosing a

suitable value for d can help improve the effectiveness of clustering.

Application Layer

LBSN Data Prediction

Spatio-Temporal Clustering

Discretizing Time

Clustering

Group Mapping History

Prediction StepUpdate Step

Process Model 

Measurement Model 

Group Movement Model

Kalman Gain Update 

State Update 

Covariance Update 

State Prediction 

Covariance Prediction 

Kalman Filter

Group Kalman Filter

Figure 5.3: Detailed architecture of Group Kalman Filter.
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(d)

(e) (f)

k-1 k

(a) (b)

(c)

k-1 k

Figure 5.4: Group entity changes from time step k − 1 to k: (a) no change (b) group
appearing (c) group disappearing (d) merging (e) splitting (f) splitting and merging at
the same time. Group members are shown as various shapes.

5.3.1.3 Group Mapping between Consecutive Time Steps

To track the movement of groups, we need to identify the groups that persist in consecu-

tive time steps. Figure 5.4 illustrates various situations that can occur to the group entities

(Definition 5.5) between two consecutive time steps k− 1 and k. Figure 5.4(a) shows an

occasion where a group remains unchanged across the two time steps. We need to keep

tracking the group at time step k. Figure 5.4(b) depicts a situation where a group forms at

step k. Figure 5.4(c) shows a situation where a group disappears. Figure 5.4(d) illustrates

a merging situation where two user groups become one group. Figure 5.4(e) shows a

group-splitting situation. The change of group entities can be complex in the real world

when more than two groups are involved. For example, Figure 5.4(f) shows that two

groups are transformed into another pair of groups. In all the situations except the situa-

tion in Figure 5.4(a), we stop tracking the groups that present in time step k− 1 and start

tracking the groups that present in time step k.

In order to find the groups that persist across consecutive steps (Figure 5.4(a)), we

first need to narrow down the search to the groups that present at different time steps

and are related to each other. Given a pair of related groups, we can find out whether

the two groups are likely to be the same group by comparing their entity sets. The re-

lationship between the groups that are mapped between consecutive time steps can be
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Gk-1,4

Gk-1,2

Gk-1,3
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Gk,5
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Figure 5.5: Group mapping between time steps can be considered as a bipartite
graph. Circles indicate groups detected in each time step. Directed edges indicate that
GES(Gk−1,i, Gk,j) ≥ C for endpoint groups.

depicted as a bipartite graph (Figure 5.5), where groups that exist at step k− 1 are in the

partition Sk−1 and the groups that exist at step k are in the partition Sk. The relationship

between groups that are present at different time steps can be identified based on the

GES metric (Algorithm 3). Given a group i at step k− 1, Gk−1,i, a group j Given a group

i at step k − 1, Gk−1,i, a group j at step k, Gk,j, and a GES threshold C (Definition 5.7),

we build a mapping between the two groups if GES(Gk−1,i, Gk,j) ≥ C. A higher GES

threshold implies that a larger portion of the later group comes from the former group.

We set the default value of GES threshold C to 0.2 in our experiments, based on param-

eter sensitivity tests. Note that the GES measurement is not symmetric as it is focused

more on the later state of the group. Our earlier tests with symmetric functions such as

Jaccard index show that the symmetric functions lead to small and inconsistent values

when mapping groups over the time steps. Therefore we do not use symmetric functions

to measure the group similarly in this work. The mapping process compares each group

from step k− 1 with each group in step k. This takesO(gk−1gk) time to run as it compares

each group in time step k− 1 with each group in time step k, where gk−1 is the number

of groups present in time step k− 1 and gk is the number of groups present in time step

k. Although our current implementation only considers two consecutive steps in group

mapping, it is straightforward to extend the process such that the mapping can be done

between step k− n and step k, where n is an arbitrary number. In order to compute GES

in the mapping process, we need to keep the group entities for different time steps. The

following section details the history module, which can be used for this purpose.
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Algorithm 3: Map(Sk, Sk−1, C)
Input: Sk - groups in step k
Sk−1 - groups in step k− 1
C - threshold value for GES
Output: Mappings between Sk−1 and Sk

1 foreach (Group Gk−1,i ∈ Sk−1) do
2 foreach (Group Gk,j ∈ Sk) do
3 ges← GES(Gk−1,i, Gk,j)

4 if (ges ≥ C) then
5 Mappings.add(Gk−1,i, Gk,j,ges)
6 end
7 end
8 end
9 return Mappings;

5.3.2 History Module

The history module stores the group entity information for one or more time steps.

The information is used in calculating GES to map groups between consecutive time

steps. The information is also used in calculating the weighted centroid of groups (Sec-

tion 5.3.3.2 and Section 5.3.3.4). In our current implementation, the history module main-

tains group membership information for the previous time step, but this can be easily

extended to store the membership information for an arbitrary number of steps if the

group mapping process (Section 5.3.1.3) needs to consider more than two consecutive

steps. Also, for any group member, the history module keeps a count showing the num-

ber of consecutive steps that the user posted locations.

5.3.3 Kalman Filter Module

After the groups are detected, GKF uses the Kalman filter to estimate the location of the

groups. We follow the formulation proposed in [123] when developing the Kalman filter

module for GKF.

To describe the mechanism of the module, let us start with a simple case, where we
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track a single LBSN user ui who posts locations from time to time. The Kalman filter

module maintains the state xk,i, a state vector which represents the dynamic behaviour

of the object (in our case the LBSN user ui) at time step k. The objective is to estimate

the state xk,i based on the measurement of ui’s posted locations, zk,i, which may contain

a certain level of noises. Since we are interested in the movement of the user, the state

vector xk,i should include the user’s location and velocity. Therefore, xk,i can be expressed

as:

xk,i =
[
latk,i lonk,i Vlat,k,i Vlon,k,i

]
T

Here, latk,i and lonk,i are the latitude and longitude of user ui, respectively. Vlat,k,i and

Vlon,k,i are the velocity of the user in the latitudinal direction and the longitudinal direc-

tion, respectively.

The Kalman filter makes estimations based on a system of equations. The first equa-

tion is referred to as the process model (Equation 5.2), which is used to compute a pre-

diction of ui’s state at time step k, x̂k,i, based on the user’s estimated state at the previous

time step, xk−1,i. In this equation, A is a matrix called the state transition model. B is a

matrix called the control input model. ck is the control signal that is given to the system

to change its behaviour. As we do not control the movement of the user, the Bck vector

component can be ignored for our analysis.

x̂k,i = Axk−1,i + Bck + wk (5.2)

Axk−1,i takes the following form, assuming that a time step covers a period of ∆t.

Axk−1,i =


1 0 ∆t 0

0 1 0 ∆t

0 0 1 0

0 0 0 1




latk−1,i

lonk−1,i

Vlat,k−1,i

Vlon,k−1,i


The multiplication between A and xk−1,i produces a column matrix with 4 rows as
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follows. The first row of the resulting matrix is latk−1,i + Vlat,k−1,i × ∆t. This is the new

latitude value of the user (latk,i of x̂k,i). Similarly, the second row of the resulting matrix

gives the new longitude value of the user. As we assume that the speed of the user does

not change in one time step, the latitudinal velocity (the third row) and the longitudinal

velocity (the fourth row) are the same as in xk−1,i.

Vector wk represents Gaussian process noise with covariance Q. In our case, wk cap-

tures all the noises associated with GPS locations that are posted by the users. Since we

do not have means to capture these noises, wk is ignored for x̂k,i estimation.

However, the noise covariance matrix Q is used when calculating error covariance

matrix Pk,i. This error covariance matrix determines the impact of the components in

xk−1,i vector on the components in xk,i. It can be computed using Equation 5.3. For a

newly detected group, we set Pk−1,i = I4. For the sake of simplicity, we use Q = 4.9× I4

in our implementation, which means that each component of xk,i vector depends only

on the previous state of their own and value of this dependence is equal to typical GPS

accuracy in metres.

Pk,i = APk−1,i AT + Q (5.3)

When the measurement of the user’s location at time step k becomes available, the

Kalman filter module updates the user’s state, x̂k,i, and the error covariance matrix, Pk,i.

In order to do this, we need to model the relationship between the measurement vector

(zk,i) and the state vector (xk,i). The measurement vector of our model takes the following

form, where latk,i and lonk,i are the latitude and longitude of the location posted by user

ui at time step k.

zk,i =
[
latk,i lonk,i

]
T

The measurement is affected by a number of factors as shown in the measurement
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model (Equation (5.4)).

zk,i = Hxk,i + vk (5.4)

In the measurement model, H is an observation model that maps the process state

space into a measured space. In our case the component Hxk,i takes the following form.

Hxk,i =

1 0 0 0

0 1 0 0




latk,i

lonk,i

Vlat,k,i

Vlon,k,i


Vector vk represents Gaussian process noise with a covariance R. For the sake of

simplicity, we set R = 4.9× I3, with the value of the typical GPS accuracy in metres.

The following three equations are used in the update step of the Kalman filter.

Kk,i = Pk,i HT(HPk,i HT + R)−1 (5.5)

x̂′k,i = x̂k,i + Kk,i(zk,i + Hx̂k,i) (5.6)

P′k,i = (1− Kk,i H)Pk,i (5.7)

The update step starts with calculating Kk,i (Equation 5.5), called Kalman gain, which

acts as a weight for calculating the updated state vector (x̂′k,i) and the updated error co-

variance matrix (P′k,i). The state vector and the error covariance matrix are updated using

Equation 5.6 and Equation 5.7.

The updated state vector and the updated error covariance matrix can be used to
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predict the state and error covariance matrix for the next time step. That is, we can use

x̂′k,i in place of x̂k−1,i in Equation 5.2 to predict x̂k+1,i. Similarly, we can use P′k,i in place

of Pk−1,i in Equation 5.3 to predict Pk+1,i. We call this the prediction step. This process

can be repeated for any number of time steps. For example, when the next measurement

zk+1,i for time step k + 1 becomes available, the Kalman filter module can update Kk+1,i,

x̂′k+1,i and P′k+1,i.

As mentioned earlier, a group location is represented as a circle with a centroid and a

radius. Using the Kalman filter module, we estimate the position of the centroid and the

size of the radius for any detected group. When estimating the location of the groups, we

still use the prediction step and the update step as shown with the single-user scenario.

However, we need to extend the process model and the measurement model so that they

work for the group-based scenarios. The extended models are detailed in Section 5.3.3.1

to Section 5.3.3.4.

5.3.3.1 Basic Centroid Model

The state vector (xk,i) for a group Gk,i is similar to the vector in the single-user scenarios

with two differences. First, the latitude, longitude and velocity are based on the centroid

of the group. Second, the vector has an additional parameter of rk,i, which represents the

radius of the circle that centred at the centroid. Hence xk,i takes the following form.

xk,i =
[
latk,i lonk,i Vlat,k,i Vlon,k,i rk,i

]
T

The process model needs to accommodate the extended state vector. Different to

the single-user case, the state transition model (A) for the group-based case should be

a 5× 5 matrix with an additional row to accommodate rk,i. The component, Axk−1,i, in

Equation 5.2 takes the following form.
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Axk−1,i =



1 0 ∆t 0 0

0 1 0 ∆t 0

0 0 1 0 0

0 0 0 1 0

0 0 0 0 1





latk−1,i

lonk−1,i

Vlat,k−1,i

Vlon,k−1,i

rk−1,i


The noise covariance matrix Q and the error covariance matrix Pk,i also need to be

extended. In our implementation, we set Q = 4.9× I5 which is the typical value of GPS

accuracy and Pk,i = I5. The measurement vector, zk,i, takes the following form.

zk,i =
[
latk,i lonk,i rk,i

]
T

The latk,i and lonk,i are the latitude and longitude of the centroid of Gk,i at time step k,

respectively. The distance between the centroid and the furthest group member is mea-

sured as rk,i. The measurement model is extended from the single-user case to accommo-

date the additional rk,i. The component Hxk,i in the model takes the following form while

the covariance of the Gaussian process noise for vector vk is set to R = 4.9× I3, where 4.9

metres is the typical accuracy of GPS enabled devices.

Hxk,i =


1 0 0 0 0

0 1 0 0 0

0 0 0 0 1





latk,i

lonk,i

Vlat,k,i

Vlon,k,i

rk,i


Now we have all the components for tracking a detected group using the Kalman

filter. We should note that the position of the centroid is computed by simply averaging

the positions of all the group members in the basic centroid model. We also present other

ways to compute the centroid in the following sections.
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5.3.3.2 Weighted Centroid Model

To improve the accuracy of location estimation, we develop a weighted centroid model,

which gives more weights to the locations of users who post more frequently than other

users. The rationale behind the model is that the users, who post more frequently than

others, tend to be the leaders of their groups. Hence, their locations are more indicative

of group locations. The model computes the centroid using the following formula.

Centroid(zk,i) =
∑n

j=1(mj + 1/(1 + dj))lj

n + Σmj + Σ(1/(1 + dj))

In this formula, mj refers to the number of consecutive time steps where a user uj

posted to the LBSN, dj refers to the distance from the basic centroid (the average of the

posted locations) to the location posted by uj, n is the number of group members who

posted at time step k and lj refers to the location in a post. In our implementation, the

maximum value of mj is the maximum number of consecutive steps a user has posted

continuously, and this value resets to zero if the user does not post for a single time

step. The radius measurement rk,i of Gk,i should be made after the weighted centroid

is computed. The weighted centroid and the updated radius are used as input to the

measurement vector zk,i. It is possible to incorporate other user behaviours [106] into the

model.

5.3.3.3 Basic Cumulative Model

In the basic centroid model and the weighted centroid model, we calculate the group

centroid outside the Kalman filter and feed it into the Kalman filter as zk,i. In this section,

we present a model that allows us to feed the locations of group members into the Kalman

filter directly. To do this we need to first modify our measurement vector zk,i matrix

such that the matrix can take the locations from an arbitrary number of group members.

Assuming n is the number of locations posted from group i in time step k, the modified
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zk,i takes the following form, where i1 to in are the user IDs in group Gk,i.

zk,i =
[
< latk,i1 lonk,i1 > ... < latk,in lonk,in > rk,i

]
T

In this model, zk,i is a column matrix with 2n + 1 rows. In order to map this extended

zk,i to xk,i, which is a 5× 1 matrix, we need to extend the observation model H to a variable

Hk,i, where k refers to the time step and i refers to the relevant group, as follows.

Hk,i =



F1

:

Fj

:

Fn

D



In this equation, Fj where j = {1, 2, ..., n} and D are defined as follows,

Fj =

1 0 0 0 0

0 1 0 0 0

 , D =
[
0 0 0 0 1

]

We should note that the size of Hk,i can change over time. When this variable Hk,i

matrix is in use, the R matrix should also be a variable to accommodate the changes in

Hk,i. Since the size of Hk,i becomes (2n + 1)× 5, we set R = 4.9× I(2n+1).

5.3.3.4 Weighted Cumulative Model

The basic cumulative model can be further extended with the weights that are used in the

weighted centroid model. More specifically, we can incorporate the mj component of the

weighted centroid calculation, which gives higher importance to the locations from users
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Algorithm 4: Group Movement Prediction (Sk, Sk−1, C)
Input: groups in step k (Sk), groups in step k− 1 (Sk−1), threshold value for GES

(C)
Output: Predicted locations of groups at step k + 1

1 Mappings← Map(Sk, Sk−1, C) ; // Section 5.3.1.3
2 foreach (Mapping e ∈Mappings) do
3 Gk−1,e ← e.getGroups(k− 1)
4 Gk,e ← e.getGroups(k)
5 if (Gk−1,e and Gk,e have a 1-to-1 mapping) then
6 Apply Kalman update step
7 Predict next locations using predict step
8 end
9 else

10 Stop tracking Gk−1,e
11 Initialize tracking Gk,e

12 end
13 Update group members for Gk,e

14 end
15 return predictions

who are continuously posting with the group. To achieve this, we duplicate the location

of the users, who make posts in consecutive time steps, in the measurement vector zk,i

used by the basic cumulative model. The number of duplications for a user is equal to

the number of consecutive time steps that the user posts to the LBSN.

It should be noted that the size of the matrices used by the cumulative models can

be considerably larger than the size of the matrices used by the centroid based models.

However, we think that the additional computation cost with the cumulative models can

be worthwhile due to the increased accuracy in tracking the groups.

5.3.3.5 Group Movement Prediction Algorithm

The whole process of predicting the movement of groups is shown in Algorithm 4. We

assume that the groups at time step k− 1 and k are all detected based on spatial clustering.

At first, the groups at step k are mapped to the groups from the previous time step k− 1

in order to find the groups that are related to each other at the two steps (Line 1). The
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mapping is based on the explanation provided in section 4.1.3. If a group at step k has

the same entity as a group at step k − 1 (Figure 5.4(a)), the group’s location at step k is

updated and the group’s location at step k + 1 is predicted using the Kalman filter (Line

6-7). For the situations shown in Figure 3(b)-(f), we stop tracking the groups that present

at step k− 1 and start tracking the groups that present at step k (Line 10-11).

5.4 Experimental Settings

We implemented the proposed solutions in Java 8. For the Kalman filter implementation,

we used the existing implementation from Apache Commons 3.6.1.

5.4.1 Baseline Solutions

We compare GKF against two baseline solutions for tracking the movement of groups.

The first baseline solution includes Dead Reckoning for centroid prediction and Radius

Dead Reckoning for radius prediction. The second baseline solution includes Graph

Movement for centroid prediction and Constant Radius Rates for radius prediction. The

algorithms used by the baseline solutions are detailed as follows.

5.4.1.1 Baseline Algorithms for Centroid Prediction

5.4.1.1.1 Dead Reckoning When predicting the centroid of the area of a group, dead

reckoning assumes that a group does not change its direction and speed between two

consecutive time steps [127]. Hence, the direction of group movement is determined by

linear extrapolation based on the centroid at the current step and the centroid at the pre-

vious step. At each time step, the dead reckoning solution uses the observed locations of

the group members to compute the centroid of the group. Then, it computes the veloc-

ity of the group based on the centroid at the current step and the centroid at the previous
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step. Based on the velocity and the centroid at the current step, dead reckoning computes

the predicted centroid for the next time step.

5.4.1.1.2 Graph Movement The second algorithm is inspired by the work presented

in [29]. This algorithm first generates a network graph that contains all the potential

centroids of all the groups. We assume that any centroid found by this algorithm is a

location that has been posted by one or more users to LBSNs. The generation of the graph

is based on a data structure called the Gabriel graph [7]. To predict the next centroid of

a group, the algorithm finds all the potential paths that start from the current centroid of

the group. All the paths have the same distance, which is the distance travelled by the

group in the previous time step. We use Dijkstra’s algorithm to calculate the potential

paths. Finally, based on the group’s direction of movement, which is found based on the

centroid at the current time step and the centroid at the previous time step, we select the

path that closely follows the direction of movement as the predicted path. The endpoint

of the path is the predicted centroid of the group.

5.4.1.2 Baseline Algorithms for Radius Prediction

5.4.1.2.1 Radius Dead Reckoning This algorithm assumes that a group does not change

its radius from the previous time step. Therefore, the radius measured in the current time

step is used as the predicted radius for the next time step.

5.4.1.2.2 Constant Radius Rate Different from Radius Dead Reckoning, which assumes

that the radius of a group does not change from the previous time step, Constant Radius

Rate assumes that the radius can change at a constant rate. For example, if a group is

shrinking between the previous time step and the current time step, we assume that the

group will shrink further in the next time step. We calculate the radius change rate based

on the radius at the previous time step and the radius at the current time step.
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5.4.2 Evaluation Metrics

We evaluate the accuracy of prediction based on two metrics. One is centroid error dis-

tance, which is the distance between the predicted centroid and the measured centroid.

For a given time step k, the value is the distance between the prediction made at step

k− 1 and the measurement made at step k. The other metric is the radius error distance,

which is the difference between the predicted radius and the measured radius. We should

note that the measured centroid and the measured radius for the baseline solutions are

computed based on the basic centroid model.

We also measure the computation time for making predictions using the solutions.

The running times are measured for individual time steps separately. We compute the

average running time per step for each of the solutions. We should note that the time for

radius prediction is negligible compared to the centroid prediction. Therefore, we only

report the time for centroid prediction.

5.4.3 Group Movement Scenarios

Due to the lack of group movement data that shows complex movement patterns, we

created synthetic scenarios to simulate the movement of groups. Our synthetic data sets

contain the movement of several groups in Melbourne CBD area during a 30-minute

window. All the simulated users post their locations at a specific frequency. A record in

the data sets contains a location, an artificial user ID and an artificial time stamp. The data

sets exhibit complex group movements at specific intervals. In addition to the synthetic

data sets, we created two data sets based on real LBSN data. Both data sets exhibit the

movement of a small group of people during a 12-15 minute period. The real data sets

are detailed in Section 5.5.2.
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5.4.4 Parameter Settings

We evaluate the effects of two sets of parameters. The first set, group movement param-

eters, affects the movement patterns shown in the synthetic LBSN data. The set includes

the number of groups (g), the number of users (n) and the interval between group-entity-

changes such as merging and splitting (I). The parameter settings of this set are shown in

Table 5.1. The second set, GKF parameters, only affect the performance of GKF. The sec-

ond set includes time step size (∆t), distance threshold in clustering (d) and GES thresh-

old (C). Their settings are shown in Table 5.2. All six parameters are included in the

definition of our research problem (Section 5.2). The GKF parameters, ∆t, d and C, are

used in the spatial-temporal clustering module of GKF (Section 5.3.1).

We conduct comparative tests with all the solutions based on the first set of param-

eters. For each parameter, we create multiple sets of synthetic LBSN data with different

settings of the parameter. The settings of other movement parameters are kept to their

default values. For each set of synthetic data, we use the variations of GKF and the base-

line solutions to predict the location of groups at each time step. We should note that the

parameter settings for GKF are based on the default values as shown in Table 5.2. We

should also note that the group movement settings are only applied to the synthetic data.

We use fixed parameter settings in the experiments with real LBSN data.

Table 5.1: Group movement settings

No. of No. of Entity Change
Groups (g) Users (n) Interval (I)

1 3-20 100 3min
2 10 30-200 3min
3 10 100 1min-5min

We evaluate the effects of the second set of parameters using the four variations of

GKF. Similar to the experiments on group movement parameters, we run three sets of

tests. In each set of the tests, we vary the value of a specific parameter while keeping

other parameters at their default values.
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Table 5.2: GKF parameter settings

Time Step Distance Threshold GES
Size (∆t) In Clustering (d) Threshold (C)

1 1min-5min 5m 0.2
2 3min 1m-20m 0.2
3 3min 5m 0.1-0.3

We conduct comparative tests with all the solutions based on the group movement

parameters. For each parameter, we create multiple sets of synthetic LBSN data with

different settings of the parameter. The settings of other movement parameters are kept

to their default values. For each set of synthetic data, we use the variations of GKF and

the baseline solutions to predict the location of the groups at each time step.

We evaluate the effects of GKF parameters using the four variations of GKF. Similar

to the experiments on group movement parameters, we run three sets of tests. In each

set, we vary the value of a specific GKF parameter while keeping other GKF parameters

at their default values.

In addition to the evaluation with synthetic LBSN data, we evaluate the solutions with

real LBSN data. Due to the small size of real LBSN data exhibiting group movements, we

do not vary parameter values with the real data. The settings used with the real data are

detailed in Section 5.5.2.

5.5 Experimental Results and Discussion

Before presenting the results on individual parameters, we show the results from a sim-

plified scenario, where two user groups merge into one group, which splits into two

groups again later. The scenario is illustrated in Figure 5.6, where a group location is

denoted as G(TimeStep),(GroupIndex). We observe that all the four variations of GKF, which

use the same group detection procedure, can detect the two groups at time step 0 and ini-

tialize Kalman filter to track the groups from the step. The GKF solutions also correctly
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G0,1

G0,2

G1,1

G1,2

G2,1

G3,1

G4,1

G5,1

G5,2

Merge

Split

Figure 5.6: The simplified synthetic scenario with a group-merging (time step 1→ 2) and
a group-splitting (time step 4 → 5). Notation Gk,i, indicates a group with index i in time
step k.

detect the merging and splitting events in the following time steps.

GKFs show relatively large errors in predicting centroids when it needs to start track-

ing new groups at time step 0, 2 and 5 (Figure 5.7(a)). This is due to the fact that the

Kalman filter is not stabilized at the exact moment that a group event happens. Once

the Kalman filter is stabilized, as shown in other time steps, GKFs achieve lower errors

compared to the baseline methods. For example, the variations of GKF can improve the

prediction of the centroid location by an average of 12% from dead reckoning and by 18%

from graph based movement (Figure 5.7(a)). The variations of GKF improve the radius

prediction by more than 41% over Radius Dead Reckoning and by more than 57% over

Constant Radius Rate (Figure 5.7(b)).

5.5.1 Results on Synthetic Scenarios

In the synthetic scenarios of group movement in Melbourne CBD, we discovered that

when there is a continuously posting user in the group, the two group movement mod-

els that use the history module (the weighted centroid model and the weighted cumula-

tive model) exhibit an accuracy gain of 36% over the models that do not use the history
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(a) Centroid error distance (in metres) at different time steps

(b) Radius error distance (in metres) at different time steps

Figure 5.7: Prediction errors in the simplified synthetic scenario at 5 time steps.

module (the basic centroid model and the basic cumulative model). These results show

the positive impact of introducing the history module in GKF. The effects of individual

parameters are detailed in Section 5.5.1.1 and Section 5.5.1.2.

5.5.1.1 Effects of Group Movement Parameters

The effects of the number of groups are shown in Figure 5.8. The variations of GKF reduce

errors in predicting the centroid of groups by an average of 15% from Dead Reckoning

and 10% from Graph movement (Figure 5.8 (a)). All the GKF variations achieve an even

larger reduction of errors in predicting the radius of group coverage. They reduce the
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(a) Average centroid error distance in metres

(b) Average radius error distance in metres

(c) Average computation time for centroid prediction in milliseconds

Figure 5.8: Results on the number of groups.

prediction errors by an average of 50% from Radius Dead Reckoning and 60% from Con-

stant Radius Rate (Figure 5.8 (b)). Among the variations of GKF, the Weighted Centroid
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variation performs better than other variations as it considers the effects of group leaders

on the group locations.

For centroid prediction, GKFs take similar computation times as Dead Reckoning

except for the Weighted Cumulative variation, which needs to perform a large number

of matrix multiplications (Figure 5.8 (c)). All the variations of GKF run significantly faster

than the baseline solution that uses graph-based movement prediction.

When varying the number of users or the entity change interval, the performance

of all the solutions is similar to that achieved by varying the number of groups. Fur-

thermore, our results on all the group movement parameters show that the error levels

achieved by all the solutions remain steady under different parameter settings. For ex-

ample, the centroid error distance achieved by Basic Centroid solution is always close to

10 metres when the number of groups changes from 3 to 20 (Figure 5.8 (a)). This can be

due to the fact that all the users move along the streets in a CBD area in this synthetic sce-

nario. The spread of a group is limited by the streets as the group tends to be distributed

along a narrow strip in the area. Consequently, the effects of the different settings are

limited.

5.5.1.2 Effects of GKF Parameters

5.5.1.2.1 Time Step Size If the step size ∆t is very small, the chance that all the group

members post at the same time step is low. This can make it difficult to detect the mem-

bers of the same group. On the other hand, if the step size is very large, we may have

multiple posts from the same user in one time step. In other words, we cannot know the

precise location of a group at a time step. Results on ∆t are presented in Figure 5.9. We

observe that the best setting of ∆t is 3 minutes based on the results. When ∆t increases

from 1 minute, the errors in centroid prediction drop. The errors achieved by all the GKF

variations are at the lowest level when ∆t is at 3 minutes (Figure 5.9 (a)). The errors arise

as ∆t increases from 3 minutes. We observe a similar trend in the prediction errors of

the radius (Figure 5.9 (b)). Since the default entity change interval is also 3 minutes, the
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(a) Average centroid error distance in metres

(b) Average radius error distance in metres

(c) Average computation time for centroid prediction in
milliseconds.

Figure 5.9: Results on time step size.

results show that GKF works best when time step size matches the entity change inter-

val. We also observe that the Weighted Centroid variation outperforms other variations

in predicting the centroid location and the radius.
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In terms of computation costs, the computation time of the Weighted Cumulative

variation is at least 3 times the computation time of other variations (Figure 5.9 (c)). This

is because the Weighted Cumulative model needs to perform calculations based on large

matrices.

(a) Average centroid error distance in metres

(b) Average radius error distance in metres

(c) Average computation time for centroid prediction in
milliseconds

Figure 5.10: Results on distance threshold in clustering.
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5.5.1.2.2 Distance Threshold in Clustering If the distance threshold in clustering, d,

is set to a low value, individual users can be detected as single-user groups. On the other

hand, a large distance threshold can include all the users in a large area into one group.

The effects of the parameter are presented in Figure 5.10. We can see that the centroid

error drops when d increases from 1 metre to 20 metres (Figure 5.10 (a)). However, the

radius error increases at the same time, especially when d is larger than 5 metres (Fig-

ure 5.10 (b)). With a higher value of d, a detected group tends to include more users, who

are actually moving in multiple sub-groups. The centroid of the detected group tends to

be static over time because the sub-groups can move in all directions. This is the reason

that the error of centroid prediction drops with a higher value of d. However, due to

the highly dynamic movement of the sub-groups, which are at the border of the space

covered by the detected group, the radius prediction can contain significant errors. This

results in an increase of radius prediction error when d increases.

5.5.1.2.3 GES Threshold Our results on the GES Threshold, C, do not show a clear

pattern with different settings of the parameter. When the threshold is low (C ≤ 0.1), GKF

may consider the location of users who are not actually exhibiting any group movement

behaviour. On the contrary, when C is set to a relatively large value, GKF may lose the

track of some groups with small entity changes. Therefore, the value of C should be

determined case by case. We set the default value of C to 0.2 based on our results.

5.5.2 Results on Real Scenarios

In the group movement tracking experiment done on the real data sets, we experienced

that the tracking solutions based on GKF perform better than baseline solutions. For

both real scenarios, GKF based solutions performed with over 18% more accuracy than

baseline solutions while operating in the same execution time. This shows the superior

effectiveness of GKF based solutions.
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5.5.2.1 Disneyland Scenario

Based on the Yahoo! Flickr Creative Commons 100M (YFCC100M) dataset [117], we

found a group of 5 users who travelled together through the entrance of Disneyland

in California on January 3, 2012. The group travelled for 6 consecutive time steps, each of

which covers a period of 2 minutes. The first half of the group trajectory exhibits a uni-

directional movement. The second half of the trajectory exhibits the movement around a

corner. In this experiment, the GKF parameters are set to the default values used in the

experiments on synthetic scenarios (Table 5.2) except ∆t, which is set to 2 minutes based

on our preliminary tests.

(a) Centroid error distance (in metres) at different time steps

(b) Radius error distance (in metres) at different time steps

Figure 5.11: Prediction errors in the Disneyland scenario.

We collect the level of errors in centroid prediction and radius prediction at individual
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time steps. In the first time step, the four variations of GKF show larger errors in centroid

prediction compared to the baseline solutions (Figure 5.11(a)). This is understandable as

the Kalman gain is not stabilized at the first step. From the second step, GKFs achieve

similar or smaller errors than the two baseline solutions. Overall, the four variations of

GKF increase the accuracy of prediction by more than 24% from Dead Reckoning and by

more than 18% from Graph Movement. We can also observe that the error distances in

the second half of the period are generally higher than that in the first half of the period,

except for time step 0. This is due to the fact that the group changes its movement pattern

in the second half of the period.

The difference between the measured group radius and the predicted radius is shown

in Figure 5.11(b). At most of the time steps, the variations of GKF achieve a better predic-

tion of the radius than the two baseline solutions. Overall, GKFs improve the accuracy

of radius prediction by more than 38% from Radius Dead Reckoning and by more than

65% from Constant Radius Rate.

5.5.2.2 MCG Scenario

After analysing a Twitter data set, which contains the posts from a rectangular region that

covers Australia and New Zealand between March 6, 2012, and April 23, 2012, we found a

set of user trajectories that indicate group movement near the Melbourne Cricket Ground

(MCG) stadium on March 29, 2012. The group consists of 4 users. The group travelled

for 5 consecutive time steps, each of which covers a period of 3 minutes. The group was

moving in one direction in a curved path around the stadium during the period. The

parameters of GKF are set to their default settings as shown in Table 5.2.

Similar to the results on the Disneyland scenario, GKFs achieve relatively large errors

in centroid prediction at the first time step as the Kalman gain is not stabilized at this

step (Figure 5.12(a)). However, by considering the results from all the time steps, the

variations of GKFs improve the accuracy of centroid prediction by more than 36% from

Dead Reckoning and by more than 22% from Graph Movement.
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(a) Centroid error distance (in metres) at different time steps

(b) Radius error distance (in metres) at different time steps

Figure 5.12: Prediction errors in the MCG scenario.

For radius prediction, the two baseline methods show larger errors than GKFs except

in the last step (Figure 5.12(b)). Our data shows that only one group member posted in the

last time step. This can affect the accuracy of GKF significantly. Overall, GKFs improve

the accuracy of radius prediction by more than 26% from Radius Dead Reckoning and by

more than 35% from Constant Radius Rate.

5.5.3 Analysis

We make the following key findings regarding the effectiveness of the variations of GKF

compared to the baseline methods. First, when the system starts to track a new group,
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GKF-based methods do not perform well due to the unstable Kalman gain in the first

time step of the tracking. Once the Kalman gain is stabilized, GKFs perform consider-

ably better against the baselines. Second, the basic centroid model performs similarly to

the basic cumulative model in most cases. However, the later model can achieve smaller

errors in certain circumstances. Third, from the results on the synthetic datasets, we ob-

serve that the weighted models can reduce prediction error by up to 36% from the basic

models due to the usage of the history module. The two weighted models show similar

performances in general. Fourth, all variations of GKF run faster than the baseline solu-

tion that uses Graph Movement for centroid prediction. Finally, the use of the cumulative

models in GKF can cause an increase in running time due to the usage of large matrices.

Continuous accurate prediction of the GKF depends on the availability of location

data in the future. Even if data related to a group become not available for some time

GKF can still predict the groups location using an stabilized GKF related to that group.

However the predictions may become less accurate as the time passes. If that group

begins to post again the existing GKF instance can be updated with a update step and

can be used to predict accurately again.

Note that we have selected the Kalman filter as the solution of GKF. However, the

architecture of GKF is extensible with other filter solutions. Since other components of

the GKF are not tightly coupled with the Kalman filter, it can be replaced with other

filtering solutions related to the Kalman filter such as the Wiener filter [111] and parti-

cle filter [112]. We have selected the Kalman filter due to its simplicity, good accuracy

and ease of explanation. With other replacement filters the inputs, outputs and process

modelling with vary but the operation of the GKF will remain the same.

5.6 Summary

We introduced the concept of the Group Kalman Filter to detect, track and predict the

movement of groups using LBSN data. Several variations of GKF have been developed.
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We have demonstrated that GKF achieves lower errors in tracking groups than the base-

line solutions while keeping computation time in the same range as the baseline solu-

tions. We have also shown that our solutions can handle situations involving complex

group movement patterns.

Next chapter concludes the thesis by providing an analysis on the implications of

each contribution discussed thus far. The contribution will be linked to appropriate use

cases from existing literature, and future research directions related to the contributions

will be discussed.



Chapter 6

Conclusions and Future Work

In this thesis, we investigate how LBSN data can be used to analyse public movement.

To do this we propose data structure and algorithmic solutions. In this chapter, we sum-

marize what has been discussed so far and present future research directions based on

our findings.

6.1 Summary

LBSN data is a rich inexpensive data source for analysing public movement. However,

using LSBN data to support real-world use cases is challenging due to sparsity and ir-

regularity associated with their posting patterns. This uncertainty resulting from the

properties of LBSN data can be mitigated by combining uncertain data to generate more

certain information.

In chapter 3 we presented the Stepping Stone Graph, to create a movement network

between the locations posted to LBSN. The Stepping Stone Graph is created by evaluating

the emptiness of a variable area named the Diversion neighbourhood between two loca-

tions. This Diversion neighbourhood varies based only on one parameter. Therefore the

Stepping Stone Graph also varies based only on one parameter. We showed mathemat-

ically how the Stepping Stone Graph related to other well-known graph structures such

as the Gabriel Graph, the relative neighbourhood graph and Delaunay triangulation. We

128
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presented an efficient algorithm to extract the planar Stepping Stone graph using the De-

launay triangulation, and also discussed how the Shortest Path Graph can be efficiently

calculated using created Stepping Stone Graph. Next, we discussed some of the appli-

cation of the Stepping Stone Graph and using two real data sets and a synthetic data set

we showed the effectiveness of the Stepping Stone Graph for public movement analysis

using LBSN data.

Next we introduced the Diversion Graph in chapter 4, as an efficient method to pro-

cess increased volumes of LBSN data. The Diversion Graph is also defined using the

Diversion neighbourhood, but instead of checking complete emptiness of the neighbour-

hood, we check only whether vertices from neighbouring Delaunay triangle sit within.

Due to this relaxed evaluation criteria, the Diversion Graph creation time is 90% less com-

pared to the Stepping Stone Graph creation time. However, maximally 2% of additional

edges can present in the Diversion Graph, which is disadvantageous. Considering the

performance gain, the presence of additional edges is an advantageous trade-off. Using

real data and synthetic data we showed that the Diversion graph can be constructed in

less than 10% of the time taken to construct the Stepping Stone Graph. Furthermore, the

Diversion Graph can be used to calculate the Stepping Stone graph and the Shortest Path

Graph efficiently.

In chapter 5 we presented the Group Kalman filter for group movement prediction

using LBSN data. Group movement prediction is the use case we selected to address re-

lating to the challenge of combining LBSN data from different users. Since this problem

cannot be solved by proposing only data structures we proposed an algorithmic solu-

tion named the Group Kalman filter. The solution first divides available LBSN data into

equal time steps, and clusters posted locations to identify spatial groups. Then based

on a newly proposed metric, we link groups from different time steps to identify the

persisting user group. In order to do this, we introduced a history module to store and

aggregate this information. Next, we process identified user groups using the Kalman

filter to predict their next location. The Kalman filter is a well-known technique used in

signal processing, which predicts the next state of a process based on the current state’s
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measurements and previous state. To apply the Kalman filter, we need an accurate model

of the process we are tracking. We propose four group movement prediction models with

increasing complexity. We show the effectiveness of the Group Kalman Filter using real

world data and synthetic data. Also, we experimentally analyse the Group Kalman Fil-

ter’s operation as values of the configuration parameters vary.

6.2 Analysis

Considering the big picture of graph theory, both the Stepping Stone Graph and the Di-

version Graph covers both planar connected and non planar connected regions. Let us

illustrate these areas of operations compared to the areas described in Figure 11 of Empty

Region Graphs paper [6]. As an empty region graph, the Stepping Stone graph operates

in both non-planar and planar connected regions. The Diversion Graph only operates in

the planar connected region, because it is an approximation of the Stepping Stone Graph.

Since in this thesis we focused on movement analysis in Euclidean plane, we analysed

only the planar connected regions of the graphs.

We investigated the group movement prediction as a use case of combining loca-

tion data from different users and proposed the Group Kalman filter. Note that generic

operational structure of Kalman filter is applicable when proposing solutions for other

use cases such as trajectory clustering. This happens because the Group Kalman filter is

proposed adhering to the basic principle of tracking multiple moving objects [107]. The

two main problems we have to address when tracking multiple objects is known as the

curse of dimensionality and mapping to distributed platforms. Curse of dimensionality

is mitigated by developing a distributed state-space representation. In our solution, this

is done by proposing a model to track the user population as separate groups rather than

as a whole. Second challenge of mapping to distributed platforms is solved by develop-

ing a collaborative group abstraction. In the Group Kalman filter models, each group is

allocated a single Kalman filter for processing. Following these principles, for any use

case of combining location information from different users, we can develop a solution
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similar to the architecture proposed in chapter 5.

6.3 Future Directions

There are several future directions that emerge from our research on public movement

analysis using LBSN data.

6.3.1 Stepping Stone Graph

By analysing experimental results on the Stepping Stone Graph (SSG(d)), we can observe

that SSG(d) is both effective and efficient for representing and processing the possible

movement network. Therefore, the proposed analysis method can be used in situations

such as analysing movement patterns of animals where similar locality distributions are

observed. In our experiment only the spatial and temporal aspects of the LBSN data is

considered for analysis without geographic information of the area. Travel networks gen-

erated using SSG(d) can be further improved by incorporating geographical information

into the process.

The parameter selection for variable skeleton generation is considered as a manual

process. It would be desirable to develop a method to autonomously assign a suitable

value for parameter d when skeleton generation. This can be done by analysing the char-

acteristics of point data available for analysis. In this regard research conducted on re-

constructing curves given a point sets, using β-Skeletons can be useful [15].

Skeletons generated using SSG(d) are useful for generating visualization. Overlap-

ping point set visualization is a use case of the Shortest Path Graph that can be improved

using SSG(d) [18]. Further research can be conducted on information that can be visu-

alized using other aspects such as the sentimental and semantic aspects of LBSN data.

Along with these developments, researchers may look into the development of colouring

overlays based on the created skeleton.
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Analysis of trajectories resulting from moving objects based on SSG(d) can be listed

as a promising future direction. Even though, counter examples can be created against

the movement networks inferred using neighbourhood graphs, analysing large sets of

location data using neighbourhood graphs is an upcoming research field [128]. In these

movement network analysis work, usually the Relative Neighbourhood Graph is used

as a base to analysis locations. Since SSG(d) and DG(d) are closely related to RNG and

provides variability based on the location distribution, they can be more suitable candi-

dates as a base to analyse location data. With an ability to filter the LBSN posts gener-

ated while travelling in a vehicle, road network inferring using SSG(d) can be compared

against road inferring methods that uses methods other than graph based approaches.

Furthermore, SSG(d) can be used for movement planning by filtering out edges longer

than a given threshold [31]. Also, SSG(d) skeletons can be useful in detecting herding be-

haviour in emergency evacuation situations [106]. With the introduction of SSG(d) as a

super graph of SPG(t) when d ≤ t, it is worth investigating how use cases of SPG(t) can

be further improved. Since SSG(d) emphasizes on tight locality clusters as d increases,

we may able to break the connectivity property of the graph and identify clusters.

Since we are analysing geographic data we limited the SSG(d) definition to the 2-

dimensional case with Euclidean distance. As the Diversion Neighbourhood definition

is distance based, the concept of SSG(d) can be extended to higher dimensions. As pla-

narity of the extracted skeleton is observed to be a desired property, we only presented

results with a configurable value range of d ≥ 2. But, there are use cases that can ben-

efit from value range d < 2 [129]. Therefore, research on how the non-planar region of

SSG(d) behave is another interesting direction. We also studied the shape of DN(d) for

d < 1 but found those shapes to be less useful in location data analysis using neighbour-

hood graphs due to their asymmetric nature, but it may be useful to investigate these

shapes for their other benefits.
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6.3.2 Diversion Graph

Many of the future directions discussed relating to SSG(d) apply to the Diversion Graph

(DG(d)) as well. Autonomous detection of configuration parameter d, incorporating ge-

ographic information into the generation of the skeleton, generating visualization using

DG(d), movement planning and road network inference are such future directions that

are applicable to both SSG(d) and DG(d).

Further research is necessary to determine the bounds of the performance gain achieved

by relaxed criteria of DG(d). Along with that, we need to determine bounds on the ad-

ditional edges added to the skeleton violating empty Diversion Neighbourhood criteria

of SSG(d), in order to clearly understand the relationship between SSG(d) and DG(d).

Regarding this future direction, determining bounds of spanning ratio of DG(d) may be

helpful [115].

Similar to SSG(d), DG(d) can also be extended to higher dimensions using different

distance metrics. However, in any dimension, DG(d) will generate only planar skeletons.

Due to this property and fast generation of the skeleton, DG(d) can be used to propose

fast clustering methods by breaking the connectivity property.

6.3.3 Group Kalman Filter

Our current implementation of the Group Kalman Filter (GKF) is focused on addressing

the impact of the spatial extent factor, one of the dynamic factors that are important to

the group tracking with LBSN data. As future work, incorporating other dynamic factors,

such as group entity and posting time, into the Group Kalman Filter to further improve

the effectiveness of tracking can be considered. Further research on incorporating time

aspect into GKF can draw inspiration from the development of matrix profile [130].

GKF can also benefit from further research on the autonomous assignment of config-

uration parameters. Operation of GKF requires setting several parameters that depend
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on the distribution of the data under analysis. We have provided experimental results re-

lating to the behaviour of GKF as these parameters vary. Further research on automating

these parameter sensitivity experiments and deciding on suitable values for the parame-

ters will be useful.

Using geographic information of the users’ area may also help enhance the accuracy

of tracking, which can be considered in future work. This geographic information in the

form of a publicly available map or generated travel network such as SSG(d), can be

used to limit the possible movement space of the GKF predictions.



Bibliography

[1] R. Jurdak, K. Zhao, J. Liu, M. AbouJaoude, M. A. Cameron, and D. Newth. “Un-
derstanding Human Mobility from Twitter”. In: CoRR abs/1412.2154 (2014). arXiv:
1412.2154.

[2] A. M. MacEachren et al. “SensePlace2: GeoTwitter analytics support for situa-
tional awareness”. In: 2011 IEEE Conference on Visual Analytics Science and Technol-
ogy, VAST 2011, Providence, Rhode Island, USA, October 23-28, 2011. IEEE Computer
Society, 2011, pp. 181–190.

[3] J. Chae, D. Thom, Y. Jang, S. Kim, T. Ertl, and D. S. Ebert. “Public behavior re-
sponse analysis in disaster events utilizing visual analytics of microblog data”. In:
Computers & Graphics 38 (2014), pp. 51–60.

[4] P. Katsikouli, A. C. Viana, M. Fiore, and A. Tarable. “On the Sampling Frequency
of Human Mobility”. In: 2017 IEEE Global Communications Conference, GLOBECOM
2017, Singapore, December 4-8, 2017. IEEE, 2017, pp. 1–6.

[5] J. W. Jaromczyk and G. T. Toussaint. “Relative neighborhood graphs and their
relatives”. In: Proceedings of the IEEE 80.9 (1992), pp. 1502–1517.

[6] J. Cardinal, S. Collette, and S. Langerman. “Empty region graphs”. In: Computa-
tional geometry 42.3 (2009), pp. 183–195.

[7] K. R. Gabriel and R. R. Sokal. “A new statistical approach to geographic variation
analysis”. In: Systematic Biology 18.3 (1969), pp. 259–278.

[8] D. W. Matula and R. R. Sokal. “Properties of Gabriel graphs relevant to geographic
variation research and the clustering of points in the plane”. In: Geographical anal-
ysis 12.3 (1980), pp. 205–222.

[9] G. T. Toussaint. “The relative neighbourhood graph of a finite planar set”. In: Pat-
tern Recognition 12.4 (1980), pp. 261–268.

[10] A. Lingas. “A Linear-time Construction of the Relative Neighborhood Graph From
the Delaunay Triangulation”. In: Comput. Geom. 4 (1994), pp. 199–208.

[11] R. B. Urquhart. “Algorithms for computation of relative neighbourhood graph”.
In: Electronics Letters 16.14 (1980), pp. 556–557.

[12] G. T. Toussaint. “Comment: Algorithms for computing relative neighbourhood
graph”. In: Electronics Letters 16.22 (1980), pp. 860–860.

135

https://arxiv.org/abs/1412.2154


BIBLIOGRAPHY 136

[13] D. V. Andrade and L. H. de Figueiredo. “Good approximations for the relative
neighbourhood graph”. In: Proceedings of the 13th Canadian Conference on Compu-
tational Geometry, University of Waterloo, Ontario, Canada, August 13-15, 2001. 2001,
pp. 25–28.

[14] D. G. Kirkpatrick and J. D. Radke. “A framework for computational morphology”.
In: Computational Geometry. Elesevier, 1984, pp. 217–248.

[15] N. Amenta, M. W. Bern, and D. Eppstein. “The Crust and the beta-Skeleton: Com-
binatorial Curve Reconstruction”. In: Graphical Models and Image Processing 60.2
(1998), pp. 125–135.

[16] P. Chew. “There are Planar Graphs Almost as Good as the Complete Graph”. In:
J. Comput. Syst. Sci. 39.2 (1989), pp. 205–219.

[17] M. de Berg, W. Meulemans, and B. Speckmann. “Delineating imprecise regions
via shortest-path graphs”. In: 19th ACM SIGSPATIAL International Symposium on
Advances in Geographic Information Systems, ACM-GIS 2011, November 1-4, 2011,
Chicago, IL, USA, Proceedings. Ed. by I. F. Cruz, D. Agrawal, C. S. Jensen, E. Ofek,
and E. Tanin. ACM, 2011, pp. 271–280.

[18] W. Meulemans, N. H. Riche, B. Speckmann, B. Alper, and T. Dwyer. “KelpFusion:
A Hybrid Set Visualization Technique”. In: IEEE transactions on visualization and
computer graphics 19.11 (2013), pp. 1846–1858.

[19] L. Wei, Y. Zheng, and W. Peng. “Constructing popular routes from uncertain tra-
jectories”. In: The 18th ACM SIGKDD International Conference on Knowledge Discov-
ery and Data Mining, KDD ’12, Beijing, China, August 12-16, 2012. Ed. by Q. Yang,
D. Agarwal, and J. Pei. ACM, 2012, pp. 195–203.

[20] S. M. Mousavi, A. Harwood, S. Karunasekera, and M. Maghrebi. “Geometry of
interest (GOI): spatio-temporal destination extraction and partitioning in GPS tra-
jectory data”. In: J. Ambient Intell. Humaniz. Comput. 8.3 (2017), pp. 419–434.

[21] N. V. Andrienko and G. L. Andrienko. “Spatial Generalization and Aggregation of
Massive Movement Data”. In: IEEE Trans. Vis. Comput. Graph. 17.2 (2011), pp. 205–
219.

[22] R. Lee, S. Wakamiya, and K. Sumiya. “Discovery of unusual regional social activ-
ities using geo-tagged microblogs”. In: World Wide Web 14.4 (2011), pp. 321–349.

[23] S. An, H. Yang, J. Wang, N. Cui, and J. Cui. “Mining urban recurrent conges-
tion evolution patterns from GPS-equipped vehicle mobility data”. In: Inf. Sci. 373
(2016), pp. 515–526.

[24] S. Jiang, G. A. Fiore, Y. Yang, J. F. Jr., E. Frazzoli, and M. C. González. “A review
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