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Abstract

The rapid growth of location-acquisition and mobile computing techniques has led to

an increasing availability of human trajectory data. This raises the challenge of detect-

ing and understanding human mobility from these trajectory datasets to extract useful

knowledge in a variety of domains, such as business management and urban comput-

ing. In this thesis, we focus on research into knowledge discovery from multi-source

heterogeneous trajectory data. To be specific, five research questions in three scenarios

are studied. The details are as follows.

The first research question is how to perform trajectory pattern identification and

anomaly detection for pedestrian flows. We propose to adopt contour maps as the visual-

ization method of the origin-destination flow matrix to describe the distribution of pedes-

trian movements in terms of entry/exit areas. By transforming the origin-destination

flow matrix into a dissimilarity matrix, a visual clustering algorithm is applied to visu-

ally cluster the most popular and related areas. We also propose a clustering-based algo-

rithm to detect normal/abnormal time periods with similar/anomalous pedestrian flow

patterns. Our results on one synthetic and one real-life dataset validate the effectiveness

of our proposed algorithms.

The second research question is how to perform contrast pattern mining from multi-

source datasets in retail environments. Given the sales data and customers’ trajectory

data, in order to find patterns where there has been a big change in one dataset but

little change in the other dataset, we define a new kind of contrast pattern, conditional

contrast patterns, which are a subset of traditional contrast patterns in one kind of dataset

conditioned on a property of these patterns in another kind of dataset. Accordingly, we

propose an algorithm based on tree search for mining these patterns. Experiments on a
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synthetic dataset as well as a real-life retail dataset show that our proposed patterns are

more informative and actionable for decision makers than traditional contrast patterns,

and our tree-based algorithm has good performance in terms of computational efficiency.

Three research questions are studied in the third scenario, i.e., human behavior anal-

ysis in heterogeneous mobile networks. First, we focus on identifying the underlying

geographical corridors of trajectories generated in mobile networks. We propose a hier-

archical multi-scale trajectory clustering algorithm for corridor identification by analyz-

ing the non-homogeneity of the spatial distribution of cell towers and users’ movements.

Results on a three-week real-life dataset from China Mobile show that our method can

achieve the best performance with more than 10% improvement in clustering quality

compared with other state-of-the-art methods.

Identifying static corridors plays an important role in managing networks for the long

term design of a network. However, there is also a great opportunity for dynamically

reconfiguring a network in response to changes in traffic flows. Therefore, in our fourth

work, we propose a framework based on contrast data mining to identify significantly

different corridors during different time periods. Contrast corridors are defined and a

distance measure based on Hausdorff distance and earth movers’ distance is proposed

to calculate the dissimilarity between the identified corridors. Experimental results on

synthetic as well as real-life datasets show that our method can effectively and robustly

detect contrast corridors from trajectories generated from different time periods in mobile

networks by improving the F1 score by 20% on average.

Finally, we focus on how to design caching strategies at the edge of networks. Edge

caching in mobile networks can improve users’ experience, reduce latency and balance

the network traffic load. Considering that cells located in different places have different

levels of predictability due to the heterogeneity of mobile users’ content preferences and

mobility, we propose an adaptive edge caching algorithm based on content popularity as

well as the individual’s prediction results to provide an optimal caching strategy, aiming

to maximize the cache hit rate with acceptable file replacement cost. Our results on a

real-life dataset as well as simulation data show that our method is more appropriate for

resource-limited and heterogeneous network than other methods.
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In summary, we have proposed several trajectory data mining approaches to extract

useful knowledge from heterogeneous trajectory data or multi-source datasets in three

different scenarios. We have shown that our proposed methods can achieve better per-

formance compared to existing state-of-art techniques on a variety of real-life datasets.
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FM Fréchet Metric

GA Genetic Algorithms

GPS Global Positioning System

GMM Gaussian Mixture Models

GSM Global System for Mobile Communications

HD Hausdorff Distance

HMM Hidden Markov Models

IRD Interpolated Route Distance

iVAT improved Visual Assessment of cluster Tendency

xxii



JEP Jumping Emerging Pattern

LCSS Longest Common SubSequence

LDA Latent Dirichlet Allocation

LFU Least Frequently Used

LOF Local Outlier Factor

LRU Least Recently Used

LSS Location Sharing Services

LSTM Long Short Term Memory

MAC Media Access Control

MDL Minimum Description Length

MHD Modified Hausdorff Distance

O-D Origin-Destination

OPTICS Ordering Points To Identify the Clustering Structure

xxiii



PC Popularity Caching

PCA Principal Component Analysis

QoE Quality of Experience

RFID Radio-Frequency IDentification

RSS Received Signal Strength

SJEP Strong Jumping Emerging Pattern

SSPD Symmetrized Segment-Path Distance

t2vec Trajectory to Vector

VAT Visual Assessment of cluster Tendency

WLAN Wireless Local Area Networks

ZBDD Zero-suppressed Binary Decision Diagram

xxiv



Chapter 1

Introduction

RAPID improvements in location acquisition technologies have led to the increas-

ing availability of trajectory data for different types of objects, such as pedestrians,

customers, vehicles and animals. This has motivated research into data mining tech-

niques that can extract insights into the behavior and movement patterns of such objects

in domains such as business management, urban computing, social media and trans-

portation. The objective of this thesis is to study human mobility patterns from multi-

source heterogeneous datasets using unsupervised machine learning techniques. In the

following sections, we begin with a brief introduction to the motivation for our work.

Then we present the existing challenges and our research questions in this thesis. Finally,

the organization of the thesis and a summary of our contributions are presented.

1.1 Motivation

Trajectory data can be obtained through a variety of passive or active sensing modalities,

e.g., traditional travel survey data, Global Positioning System (GPS) data, Call Detail

Record (CDR) data in mobile networks, video cameras, Wireless Local Area Networks

(WLAN), Bluetooth, Radio-Frequency IDentification (RFID) and other non-conventional

sources, such as mobile social media and check-in data [5]. As a consequence, it is be-

coming easier to generate large-scale trajectory data traces of moving objects.

Generally, a trajectory is represented by a sequence of locations sampled from the

continuous movement of the moving object with corresponding timestamps, i.e., T =

{(p1, t1, a1), ..., (pi, ti, ai), ..., (pn, tn, an)}, where pi is the spatial location of the sampled

1
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Figure 1.1: Illustration of a trajectory with seven sampled points.

point at timestamp ti, and ai is the additional associated attribute (e.g., purchased items of

customers, requested files of mobile users, etc.), as shown in Figure 1.1. The encoding of

the position may be represented in different ways depending on the recording technology

or the trajectory representation method, such as Cartesian coordinates (longitude and

latitude), grid cells or mobile cell id.

Similar to the general field of data mining, trajectory data mining aims to discover

interesting knowledge from the trajectory data. A wide spectrum of applications can

benefit from trajectory data mining, such as urban planning, traffic flow control, path

discovery, travel recommendation, anomaly detection, location/destination prediction,

as well as location-based services and applications. These applications can have signifi-

cant benefits for individuals, commercial organizations or government agencies [38]. For

example, by using anomaly detection on pedestrian trajectories, it is possible to detect

the occurrence of major events, such as celebrations, parades, business promotions, ac-

cidents or disasters, which may be a risk to public security or safety. Another example

is contrast mining of trajectory patterns of customers in retail stores, which can help as-

sess how customer behavior is influenced by different factors such as time of day, day of

week, store layout, supply shortage or shifts, advertising campaigns, in-store promotions

or in-store signage. This knowledge can then be used to improve decision-making tasks

for retail business owners.
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1.2 Challenges

Trajectory data mining creates a range of challenges for traditional data mining tech-

niques, due to several inherent properties of trajectory data that need to be taken into

consideration. For example, normally in classical data mining problems, the instances

are independent and identically distributed, whereas in trajectory data mining, instances

are structurally related to each other in the context of space and time, and show varying

properties over different spatial regions and time periods [5]. Consequently, trajectory

mining techniques need to be able to capture these spatial and temporal structural re-

lationships when characterizing and generalizing patterns of trajectories. In this thesis,

we focus on solving three main challenges when dealing with trajectory data, namely

anomaly detection, multi-source, and spatial and temporal heterogeneity.

C1: Anomaly detection The definition of trajectory anomaly is heavily dependent on

the nature of the application. For example, an anomaly can be a trajectory or a segment

of a trajectory that is significantly different from other trajectories in terms of some simi-

larity measure on features, such as shape, direction or speed [134]. An anomaly can also

be an event or a group of trajectories that do not conform to an expected pattern, which

could be caused by traffic accidents, road blocks, disasters, celebrations, protests or other

events. Therefore, it can be challenging to construct a general definition of anomalies

for different application purposes, and provide appropriate methods for detecting these

anomalies.

C2: Multi-source In many applications it is interesting and challenging to extract

patterns form multi-source datasets. Many existing studies on trajectory data mining are

primarily focused on the trajectory dataset alone, i.e., movement points with time stamps.

However, in certain applications, additional information about human behavior can be

obtained from other data sources. For example, in a retail environment, in addition to tra-

jectory data on customers’ visiting behavior (e.g., visits or browsing in different areas),

we may also have access to information about their shopping behavior, which can be ob-

tained from sales data (i.e., what purchases they made). As shown in Figure 1.2, based on

the trajectory data of customers in a shop, we have summarized the number of customers

visiting the shop per hour during 78 days from November 2015 to February 2016, which
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(a) number of customers (b) number of transactions

Figure 1.2: The number of customers and transactions per hour in different days.

is visualized in Figure 1.2a. Similarly, we can obtain the number of transactions per day

from the sales data, as shown in Figure 1.2b. By comparing these two datasets, some in-

teresting patterns can be discovered, e.g., identifying the sets of products where there has

been an increase in sales but not an increase in the number of visiting customers. Knowl-

edge of such a product or set of products is important as it highlights that the conversion

rate of customers has improved. (Details of this dataset are given in Chapter 4.)

C3: Heterogeneity In classical trajectory data mining, trajectories are assumed to be

homogeneous, which implies that each trajectory is generated by the same population

and is thus identically distributed. However, trajectories can show spatial and temporal

heterogeneity in varying ways in different application domains.

• Temporal heterogeneity For example, customers can show different visiting or pur-

chasing behaviors at different times of a day or different days of a week, which

can be observed in Figure 1.2. Thus, the patterns of customer behavior on week-

days can be different from the patterns on weekends. Figure 1.3 shows another

example, which shows the heatmaps of the traffic density of mobile phone users

on weekdays and weekends. It clearly shows that the traffic flows of mobile phone

users are different in weekdays and weekends. (Details of this dataset are given in

Chapter 5.)
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(a) weekdays (b) weekends

Figure 1.3: The heat map of mobile phone users’ traffic density on weekdays and week-
ends in a province of China.

• Spatial heterogeneity In mobile network management, the movement patterns of mo-

bile users can vary over different spatial scales according to the density of different

regions of the network, e.g., across the central business district, suburbs or rural

areas of the network. Also due to the heterogeneity of users’ movement patterns

(e.g., different transportation methods), trajectories of different users or even the

same user can have inconsistent granularity. Figure 1.4 shows the distribution of

cell towers in one city in the southern part of China. Due to the non-homogeneity

of the spatial distribution of cell towers, the spatial resolution of the trajectories

generated from mobile networks can vary from several hundred meters to a few

meters.

1.3 Research Questions and Objectives

Considering the challenges of trajectory data mining of multi-source heterogeneous datasets,

in this thesis, five research questions about human mobility analysis are studied in three

different scenarios: (1) To address C1, we studied the pedestrian movement patterns in

public places; (2) Customers’ shopping and visiting behaviors are studied in retail envi-

ronments to address the second challenge C2; (3) Three research questions are studied
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Figure 1.4: The cellular tower distribution in one city in China.

for analyzing phone users’ mobility patterns in mobile networks to address the spatial

and temporal heterogeneity challenges as mentioned in C3.

Q1: How to discover and describe the movement patterns hidden in trajectories,

and identify any misbehavior or interesting events using visualization methods?

Understanding patterns of pedestrian movement is useful in applications such as

pedestrian flow management, public security, and safety. One challenge is how to dis-

cover and describe the movement patterns hidden in trajectories, and identify any mis-

behavior or interesting events. Therefore, three related research questions are studied:

(1) how to visually identify and summarize related sets of pedestrian flows over a given

time period; (2) how to visually identify which time periods exhibit similar patterns of

pedestrian flows; and (3) how to visually identify which time periods have experienced

anomalous flow patterns.

Q2: How to extract useful rules from trajectory data as well as other associated

datasets?

Trajectory data is often associated with other datasets, e.g., in a retail environment, the

trajectory data can be obtained as well as the sales data. Identifying or extracting rules
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from multi-source data can provide more insightful or helpful knowledge than using one

single dataset in isolation. For example, shop managers may be interested in finding the

relationships or differences between customer movement and sales data. Contrast pat-

terns are itemsets that frequently occur in one dataset while not in another [30]. These

patterns have been successfully applied to many data mining domains, such as predic-

tion, classification, and clustering. However, none of the previous studies has consid-

ered extracting contrast patterns from different types of datasets. Therefore, our second

question is how to extract useful rules from multi-source datasets using contrast mining

techniques.

Q3: How to identify common corridors from the heterogeneous trajectory data of

phone users in mobile networks?

Identifying the underlying geographical pathways/corridors shared by users in mo-

bile networks can help the network providers better understand the movement patterns

of the mobile users, provide them with insights on the deployment of networks and base

stations and the utilization of network resources. However, compared with other types

of trajectories, mobile trajectories are coarse, and their granularity varies due to the in-

consistent density of cell towers. Our third question is how to identify common corridors

from the heterogeneous trajectory data of phone users in mobile networks.

Q4: How to discover what are the significant changes in corridors in dynamic het-

erogeneous mobile networks?

Identifying static movement corridors in mobile networks plays an important role in

managing resources for the long term design of network. However, with the introduction

of a new generation of cellular network technology, such as 5G, there is an emerging op-

portunity for dynamically reconfiguring the network in response to changes in the traffic

flows by time of day. Therefore, considering the temporal heterogeneity in trajectory

data, our fourth research question is how to discover what are those significant changing

corridors in mobile networks.

Q5: How to design an appropriate edge caching strategy in mobile networks?

One important decision-making context where trajectory patterns can in mobile net-

works is in caching content in the mobile network. Edge caching in mobile networks
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can help improve users’ experience, reduce latency and balance the network traffic load.

However, edge caching requires suitable strategies for determining what files to pre-fetch

at which cell and at what time. Due to the heterogeneity of users’ content preferences

and mobility, caching based only on popularity has limitations. Therefore, considering

the spatial heterogeneity in trajectory data, our fifth question is how to design an appro-

priate edge caching strategy in mobile networks.

1.4 Organization and Contributions

The core chapters of this thesis are mostly derived from the refereed publications made

during my PhD candidature. Figure 1.5 provides an overview of the structure of the

thesis. In this section, we provide an overview of the focus and contributions of each

chapter in the thesis.

Chapter 2 – Literature Review

In this chapter, we present a general review of three unsupervised learning tasks in tra-

jectory mining, i.e., trajectory pattern mining, trajectory clustering and anomaly detec-

tion. We provide a literature review of the recent work in different application scenarios,

indoor human mobility analysis and mobile phone user behavior analysis in mobile net-

works, in terms of data acquisition techniques and existing trajectory mining techniques.

We also raise open questions which we believe are worthy of further research.

• We review existing unsupervised data mining techniques for trajectory data. We

propose to utilize contrast pattern mining techniques to better understand the dif-

ferences and changes in different datasets.

• Techniques for trajectory clustering are also reviewed in terms of different similarity

measures and clustering algorithms.

• We give a survey of the trajectory data acquisition techniques and application ques-

tions in two scenarios, i.e., indoor human mobility analysis and phone users’ behav-

ior analysis in mobile networks.
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Figure 1.5: Thesis organization.
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Chapter 3 – Related pedestrian flow identification and anomaly detection of pedestrian
flows based on visual clustering

In this chapter, we study research question Q1, the problem of trajectory data analy-

sis and anomaly detection, which falls into the category of trajectory data mining. Two

common approaches used to address this problem are statistical methods combined with

classification and clustering-based methods. Many existing approaches to address this

problem have the limitations that they focus on the details of trajectories but do not con-

sider the characteristics of the overall trajectory distribution.

In this chapter, we focus on three specific questions. The first question is how to

summarize related pedestrian flows. We propose to transform the origin-destination flow

matrix into a dissimilarity matrix first. Then a visual clustering algorithm is adopted to

find related pedestrian flows. The second question is how to detect normal/abnormal

time periods/pedestrian flows. We propose a clustering-based method to identify time

periods with abnormal pedestrian flows. Finally, we utilize contour maps to visualize

the distribution of identified anomalous pedestrian flows. The main contributions of this

work are as follows:

• Considering the distribution of trajectories, we propose a method based on visual

clustering to find related pedestrian flows.

• We propose a novel method based on the improved Visual Assessment of clus-

ter Tendency (iVAT) algorithm [111] to detect normal/abnormal time periods with

similar/anomalous pedestrian flow patterns.

• Synthetic and large, real-life datasets are used to validate the effectiveness of our

proposed algorithms.

The publication arising from the work in this chapter is paper P1 listed in the Preface.

Chapter 4 – A pattern tree based method for mining conditional contrast patterns of
multi-source data

There have been many contrast pattern mining methods proposed in the literature. How-

ever, none of them has considered mining contrast patterns for different kinds of data
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sources. In this chapter, we propose a new kind of contrast pattern, conditional contrast

patterns for multi-source data, which differ from other existing types of patterns - it is

a subset of contrast patterns, which can be more informative and instructive for decision

makers since it utilizes information from additional related data sources. The main contribu-

tions of this work are as follows:

• We introduce a new type of contrast pattern, Conditional Contrast Patterns (CCP).

Three conditions for mining CCPs are also proposed.

• We propose a conditional contrast pattern tree based method for mining CCPs.

• We evaluate our method and compare its performance with two baseline methods

on a synthetic dataset. The results demonstrate better efficiency of our method in

comparison with the other two methods.

• We also apply our method to one real-life retail dataset, which includes the trans-

action data and customer behavior of each customer in a retail store in Melbourne.

The results show the practicality of our proposed method.

The publication arising from the work in this chapter is paper P2 listed in the Preface.

Chapter 5 – A Corridor identification algorithm in mobile networks

Identifying the underlying geographical corridors of trajectories generated in mobile net-

works helps mobile operators to better manage and orchestrate the allocation of network

resources. However, compared with other types of trajectories, mobile trajectories are

coarse, and their granularity varies due to the inconsistent density of cell towers. Pre-

vious trajectory clustering approaches are not appropriate for trajectory data in mobile

networks since they fail to consider the heterogeneity of mobile networks. In this chapter,

we propose a hierarchical multi-scale trajectory clustering algorithm for corridor identi-

fication by analyzing the non-homogeneity of the spatial distribution of cell towers and

users’ movements. The main contributions of this work are as follows:

• To measure trajectory similarity on different scales we propose a distance measure

based on Hausdorff distance [50] that considers the cell density distribution.
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• A two-level clustering method based on the developed distance measure is pro-

posed. Corridors are identified and represented as weighted graphs based on the

clustering result.

• Experiments are conducted over the real-life data of mobile users in a southern

province in China to evaluate our approach. Results show that by considering the

heterogeneity of mobile networks, our method can achieve the best performance

with more than 10% improvement in clustering quality compared with state-of-

the-art methods.

The publication arising from the work in this chapter is paper P3 listed in the Preface.

Chapter 6 – Discovery of contrast corridors from trajectory data in heterogeneous dy-
namic cellular networks using contrast mining

Identifying static corridors plays an important role in managing networks for the long

term design of the network. However, with the introduction of new generations of cellu-

lar network technology, such as 5G, there is a great opportunity for dynamically reconfig-

uring the network in response to changes in traffic flows by time of day. However, most

studies treated the network as temporally homogeneous in their analyses. In this chap-

ter, we focus on the problem of identifying what are those significant changing corridors

based on contrast data mining. The main contributions of this work are as follows:

• We propose a distance measure to calculate the dissimilarity between corridors in

heterogeneous mobile networks.

• We propose a contrast corridor mining algorithm based on Earth Movers’ Distance

[94] to detect the differences/changes in movement patterns during different time

periods.

• Experiments over the real-life data of mobile users as well as a synthetic dataset are

conducted to evaluate our approach. These experiments show that our method can

effectively and robustly detect contrast corridors from trajectories generated from
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different time periods in mobile networks by improving the F1 score by 20% on

average.

The submission arising from the work in this chapter is paper P5 listed in the Preface.

Chapter 7 – An adaptive edge caching strategy for mobile networks

Edge caching in mobile networks can improve users’ experience, reduce latency and bal-

ance the network traffic load. Due to the heterogeneity of users’ content preferences and

mobility, caching based only on popularity has limitations. The challenge is how to de-

sign a suitable strategy for determining what files to pre-fetch at which cell and at what

time. Considering that cells located in different places have different predictabilities, in

this chapter, we propose an adaptive edge caching strategy for mobile networks based

on content popularity as well as the individual’s prediction results to provide an optimal

caching strategy, which aims to maximize the cache hit rate with acceptable file replace-

ment cost. The main contributions of this work are as follows:

• Considering that cells located in different places have different degrees of pre-

dictability, we propose an adaptive edge caching algorithm based on content pop-

ularity as well as the individual’s prediction results to provide an optimal caching

strategy, which aims to maximize the cache hit rate with acceptable file replacement

cost.

• A heuristic optimization strategy based on genetic algorithms is presented, along

with a prediction model based on an improved Markov model for each user accord-

ing to the historical data. In the model, similar users are clustered based on their

behavior patterns.

• We evaluate our algorithm on a simulation dataset as well as a 3-week real-life

dataset from China Mobile. The results indicate that our optimal caching strategy

can improve the cache hit rate compared with other methods, especially when the

storage capacity is small and the similarity in content requests of users is low.

The publication arising from the work in this chapter is paper P4 listed in the Preface.
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Chapter 8 – Conclusions and future directions

In this chapter, we conclude the thesis with a summary of the key research outcomes and

a discussion of future directions.



Chapter 2

Background on Unsupervised
Learning for Trajectory Data

The prevalence of tracking methods and technologies has generated a large amount of spatial tra-

jectory data. Such trajectory data provides us with an unprecedented volume of information to better

understand moving objects, which plays an important role in a broad range of applications, such as

urban computing, location-based services, and environment science. Many trajectory data mining

techniques have been proposed for knowledge discovery and pattern mining in the literature, which

can be generally divided into two categories, i.e., supervised learning and unsupervised learning. The

focus of this thesis is on unsupervised learning, the goal of which is to learn the inherent structure or

distribution in the data without using explicitly provided labels. In this chapter, we first review the

related work of three unsupervised learning tasks in trajectory mining, i.e., trajectory pattern mining,

trajectory clustering and anomaly detection. The relevant theories and concepts are also provided.

Then we give an overview of trajectory data acquisition techniques and existing trajectory mining

techniques in the context of two application areas that are most related to our research, namely, indoor

human mobility analysis and mobile phone user behavior analysis in mobile networks.

2.1 Unsupervised Learning Tasks for Trajectory Data

Similar to data mining, trajectory data mining can involve supervised learning tasks (e.g.,

trajectory classification and location prediction [117]) that learn from labeled training

data, and unsupervised learning tasks that focus on finding underlying patterns or mod-

els based on unlabeled data. Given the focus of this thesis, in this section, we review three

important unsupervised learning tasks for trajectory data, i.e., trajectory pattern mining,

trajectory clustering and trajectory anomaly detection.

15
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2.1.1 Trajectory Pattern Mining

Trajectory pattern mining concentrates on identifying rules that describe the movement

patterns hidden in the trajectory data, such as frequent patterns, contrast patterns, group

patterns, and periodic patterns, which we describe as follows.

Frequent Sequential Patterns

Frequent sequential patterns are subsequences (a sequence of visited locations) that oc-

cur in a trajectory dataset with a frequency no less than a user-specified threshold, which

can be used for travel recommendation, next place prediction, and trajectory compres-

sion. Considering the spatio-temporal characteristics of trajectory data, frequent sequen-

tial patterns are also defined as a frequent sequence of locations with similar transition

times between the locations. In [135], this problem was categorized into two subprob-

lems, which are sequential pattern mining in free space [119,123], and sequential pattern

mining in road networks [115]. In free space, normally the original trajectories need to be

simplified or re-formed in terms of higher-level regions (e.g., change a sequence of points

to a sequence of clusters), using techniques such as clustering [90] or stay point detection

[19]. An alternative approach is to divide the area into uniform grids [136], then trajecto-

ries can be represented as a sequence of grid cell identifiers. Similarly, in a road network,

by using map-matching, trajectories can be represented as a sequence of road segment

identifiers [114].

Group Patterns

Group pattern mining aims at discovering a group of objects that move together for a

certain period of time. Based on the spatio-temporal closeness of a group or the internal

structure of a group, various group patterns have been studied in the literature, such as

flocks [46], convoys [55], and swarms [68]. A flock is defined as a group of objects trav-

eling together within a disk of some user-specified size for at least m consecutive times-

tamps, a convoy is a group of densely connected objects traveling together for at least

m consecutive timestamps, and a swarm is an extension of the convoy pattern, which is
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a group of objects traveling together for at least m timestamps (not necessarily consecu-

tive). Normally clustering-based algorithms are adopted for group pattern mining.

Periodic Patterns

Periodic patterns aim to extract the regular movement patterns of an object [18]. For ex-

ample, people commute between their work place and home every weekday, and some

animals migrate repeatedly every year. The discovery of periodic patterns can help com-

press trajectory data and predict the behavior of a moving object. A common approach

for mining periodic patterns is to apply frequent sequential pattern mining, e.g., an algo-

rithm for retrieving maximal periodic patterns from trajectories was proposed in [18].

Contrast Patterns

Contrast pattern mining aims to quantify and describe the differences between two given

multivariate datasets, which was first proposed by Bay and Pazzani [9]. Contrast patterns

are often defined as patterns whose supports differ significantly among the datasets that

are under contrast [30]. If the supports of all the frequent itemsets in two datasets are

very similar, then we can say there is no significant change between these two datasets

and vice versa. For example, in transactional data, a transaction ti is said to contain a

pattern X if X is a subset of ti. Then the support count, σ(X, D), of one pattern X in a

dataset D can be stated as:

σ(X, D) = |{ti|X ⊆ ti, ti ∈ D}|,

where | · | denotes the number of elements in a set. Then the support for a pattern X in a

dataset D is calculated as:

supp(X, D) =
σ(X, D)

N
, (2.1)

where N is the total number of transactions in D.

Then given two datasets Di and Dj under contrast, the growth rate of a pattern X is
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defined as:

gr(X, Dj) =


0 if supp(X, Dj) = supp(X, Di) = 0;

∞ if supp(X, Dj) > 0, supp(X, Di) = 0;

supp(X, Dj)/supp(X, Di) otherwise.

(2.2)

and the support difference (suppδ(X, Dj)) of a pattern X with respect to datasets Di and

Dj is defined as:

suppδ(X, Dj) = supp(X, Dj)− supp(X, Di). (2.3)

The definition of a contrast pattern can then be given as follows.

Definition 2.1. Contrast pattern Given a growth rate threshold (or a support delta threshold),

a pattern X is called a contrast pattern for dataset Dj if gr(X, Dj) (or suppδ(X, Dj)) is greater

than the threshold. Dataset Dj is called the positive dataset, and the other dataset Di is called the

negative dataset. Specifically, if the support of a pattern in the negative dataset is 0, whereas in

the positive dataset it is nonzero, the pattern is called a jumping emerging pattern.

Here in the problem of contrast mining on trajectory data, our aim is to find discrimi-

native patterns (e.g., sequences, graphs, matrices or tensors) that occur frequently in one

dataset and infrequently in another. For example, in the work of Wang et al. [114], a

framework for discovering the impact of road closures on traffic flows was proposed.

By computing the growth rate of traffic flows on n-Edgesets, the emerging n-Edgesets

were selected by using the Local Outlier Factor (LOF), and by comparing the frequency

of the neighboring edge of emerging n-Edgesets, frequent emerging networks were also

detected. The results showed that the proposed LOF-based method was more effective

than a method whose thresholds were chosen arbitrarily. That is because in the former

method the distribution of the growth rate is taken into account, which can provide use-

ful information for the threshold setting. Note that here we treat contrast pattern mining

as an unsupervised learning task, because we do not treat the data from the positive or

negative datasets as labeled data.
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2.1.2 Trajectory Clustering

The objective of trajectory clustering is to find clusters of similar trajectories based on

their movement characteristics. Although there have been some studies on developing

trajectory-specific approaches [2, 40], most state-of-the-art clustering algorithms are ex-

tensions of traditional clustering algorithms with an appropriate definition of distance

measure (or similarity function). Therefore, in this section, we first review existing work

related to trajectory clustering from these two perspectives, i.e., distance measures and

clustering algorithms. Then a brief review of clustering-based anomaly detection is pro-

vided.

Distance Measure

Many distance measurements have been proposed for measuring the dissimilarity be-

tween trajectories.

• Euclidean Distance (ED) Euclidean distance is the point-by-point distance between

two trajectories in Euclidean space [36]. It requires the number of points in the two

trajectories to be consistent. However, in real applications, the number of sampling

points in each trajectory may vary and the lengths of two trajectories can be differ-

ent.

• Dynamic Time Warping (DTW) DTW [11] was proposed to find the distance between

two temporal sequences with the best alignment, which uses a recursive approach

to search all possible point combinations between two trajectories to find the align-

ment with the minimal distance.

• Longest Common SubSequence (LCSS) LCSS [109] was proposed to address the chal-

lenges of noisy data, by finding the longest common subsequence existing in two

trajectory sequences, which is generally solved recursively. In this approach, there

are two user-defined thresholds in this distance measure that need to set.

• Edit Distance on Real sequence (EDR) The idea of EDR [23] is to count the number of

edit operations (insert, delete, replace) that are necessary to transform one sequence
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into the other.

These measures are all based on the spatial proximity between sampled locations

(point-to-point), and hence are easily affected by the sampling strategies adopted.

Some distance measures were proposed to measure the distance between two polyg-

onal curves based on the shape of the trajectories.

• Hausdorff Distance (HD) Hausdorff Distance [50] is used to measure how far two tra-

jectories are from each other, which is defined as the maximum of all the distances

from each point in one trajectory to the closet point in the other trajectory.

• Fréchet Metric (FM) or Discrete Fréchet Metric (DFM) FM [3] or DFM [34] measures the

similarity between two curves by taking into account location and time ordering,

which is defined as the maximum distance a point on the first curve has to travel as

this curve is being continuously deformed into the second curve.

• Symmetrized Segment-Path Distance (SSPD) In [12], the authors proposed a new met-

ric for vehicle trajectories called SSPD based on point-to-segment distance. The

method returns the mean distance instead of the maximum distance, which is less

sensitive to noise.

• Trajectory to Vector (t2vec) Recently, an approach has been proposed to use deep

learning for a distance similarity measure. t2vec was proposed by Li et al. in

[67], which is a seq2seq-based algorithm to learn representations of trajectories.

It is robust to sampling rate variations and noisy sample points. Trajectories are

represented as vectors using their proposed model and then Euclidean distance is

adopted to measure the similarity.

Table 2.1 compares the distance measures we mentioned above from six perspec-

tives: parameters, which indicates whether the algorithm has parameters to be tuned; anti-

noise, which means whether the measure is sensitive to noise or not; metric, which shows

whether the distance measure is a metric or not; unifying length, which indicates whether

the two trajectories under comparison need to have equal numbers of sampling points;

temporal, which shows whether temporal information is considered when calculating the
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Table 2.1: A comparison of different trajectory similarity measures.

measure parameters anti-noise metric unifying
length

temporal complexity

ED 7 7 3 3 7 O(n)
DTW 7 7 7 7 7 O(n2)
LCSS 3 3 7 7 7 O(n2)
EDR 3 3 7 7 7 O(n2)
HD 7 7 3 7 7 O(n2)
FM 7 7 7 7 7 O(n2)
SSPD 7 3 7 7 7 O(n2)
t2vec 3 3 7 3 7 O(n)

distance; complexity, which shows the time complexity of the algorithm, where the two

trajectories under comparison have n sampling points on average. Here the complexity

is the time complexity of the basic distance measure algorithms without any particular

optimization methods.

There are also some other distance measures proposed for specific problems. For ex-

ample, in [60], a distance measure was defined as the weighted sum of three components,

i.e., perpendicular distance, parallel distance, and angle distance. In another example

[105], the authors proposed a distance function called Interpolated Route Distance (IRD),

which computes the distance between each pair of aligned points (real or interpolated)

to cope with asynchronous sampling rates.

Clustering Algorithms

Clustering is the task of dividing a set of objects into groups (clusters) that are mean-

ingful, useful or both. The goal is that the objects within a group should be similar (or

related) to one another and different from (or unrelated to) the objects in other groups

[103]. There are different ways to categorize clustering techniques. For example, in [48],

the major fundamental clustering methods are classified into four categories, i.e., parti-

tioning methods, hierarchical methods, density-based methods, and grid-based methods.

In the rest of this section, we divide the clustering techniques used for trajectory data into

four categories and discuss them separately.
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• Prototype-based methods Prototype-based methods aim to find a prototype that de-

fines a cluster so that the objects in one cluster are closer to the prototype than to the

prototype of any other cluster. The prototype is often a centroid, i.e., the average of

all the points in the cluster. It can also be a medoid when a centroid is not meaning-

ful. For example, in [59], Larson et al. utilized k-medoids clustering to find feasible

centroid paths for different groups of people. The prototype can also be a statistical

distribution. Each distribution corresponds to a cluster and the parameters of each

distribution provide a description of the corresponding cluster. For example, in

[40], a trajectory clustering algorithm was proposed based on a regression mixture

model and the expectation maximization algorithm.

• Hierarchical methods Hierarchical methods create a hierarchical decomposition of

the given set of data objects. These methods can be classified into two categories,

agglomerative and divisive. The agglomerative approach starts with individual

points as clusters, and then the two closest clusters are merged into a new cluster

successively until only one cluster remains or a termination condition holds. This

method has been adopted in papers such as [136–138]. The divisive approach starts

with all the objects in one cluster. Then a cluster is split into smaller clusters until

eventually each object is in one cluster, or a termination condition holds [103].

• Density-based methods Density-based methods locate regions of high density that are

separated from one another by regions of low density. Several density-based clus-

tering algorithms have been proposed, such as Density-Based Spatial Clustering of

Applications with Noise (DBSCAN) [35] or Ordering Points To Identify the Cluster-

ing Structure (OPTICS) [4]. For example, in [60], a line segment clustering method

was proposed based on DBSCAN. In [82], T-OPTICS, an extension of OPTICS was

proposed to compare and cluster trajectories.

• Graph-based methods Graph-based methods took a graph-based view of the data,

i.e., the data is represented as a graph. Data objects are represented as vertices and

the proximity between two data objects is represented by the weight of the edge

between the corresponding nodes. For example, in [66], Li et al. utilized a graph-
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theoretic clustering method for trajectory clustering, which takes on an iterative

bi-partition manner and splits a ”dominant set” from a weighted graph in each

round.

2.1.3 Trajectory Anomaly Detection

In contrast to trajectory patterns that frequently occur in trajectory data, anomaly de-

tection focuses on rare patterns. A trajectory anomaly (also called an outlier) is defined

as a trajectory (or subtrajectory) which is significantly different from others in terms of

some distance metric [73], such as shape, direction, location or travel time. The anoma-

lies can also be events or observations (represented by a collection of trajectories) that do

not conform to an expected pattern (e.g., traffic congestion caused by accidents) [135].

There have been many methods proposed for anomaly detection for different kinds of

data. Han et al. [48] categorized anomaly detection methods into three types: statistical

methods, proximity-based methods, and clustering-based methods. In the following, we

review the related papers to these three types.

• Clustering-based methods Clustering-based methods assume that the normal data ob-

jects belong to large and dense clusters, whereas outliers belong to small or sparse

clusters, or do not belong to any clusters. Clustering-based methods can be adopted

for detecting anomalous trajectories. For example, in [61], an anomalous subtrajec-

tory detection method was proposed based on the subtrajectory clustering algo-

rithm proposed in [60].

• Proximity-based methods Proximity-based methods (such as distance-based methods

and density-based methods [48]) assume that an object is an outlier if the nearest

neighbors of the object are far away in feature space, that is, the proximity of the

object to its neighbors significantly deviates from the proximity of most of the other

objects to their neighbors in the same data set.

• Statistical-based methods Statistical methods (also known as model-based methods)

make assumptions of data normality. They assume that normal data objects are

generated by a process with a known statistical distribution, and that the data not
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following the model are outliers. For example, Pang et al. [84] proposed a sta-

tistical model, which adapts a likelihood ratio test to find anomalous regions for

monitoring the emergence of unexpected behavior based on GPS data from taxis.

2.2 Applications

Different application areas often require the design of specific trajectory mining algo-

rithms and the discovery of new types of patterns for two reasons. First, the trajectory

data generated by different recording techniques have different characteristics. For exam-

ple, GPS trajectory data can be generated from individuals and vehicles with a relatively

high sampling rate and accuracy, but it is only available in the open air and the accuracy

may be affected by the urban canyon effect [27]. Mobile phone trajectory data do not

have such problems, but the sampling rate depends on phone users’ network usage pat-

terns. Therefore, different data preprocessing techniques and mining algorithms need to

be designed for different data acquisition methods even for the same mining task. Sec-

ond, the mining tasks may vary in different application areas, and different additional

data is required to help with mining tasks. For example, in a retail environment, the

main motivation of customers’ trajectory data mining is to help improve the profit of the

business, while the mining of pedestrian data in public areas is mainly for public security

or urban planning. Therefore, more specific algorithms need to be designed to help with

decision-making.

To date, many trajectory data mining techniques have been proposed for solving

problems in different application areas. In this section, we first review the related work

of indoor human mobility analysis in terms of the corresponding trajectory acquisition

techniques and two application scenarios, i.e., pedestrian analysis and customer behavior

analysis. Then we review the related work of phone users’ behavior analysis in mobile

networks, in terms of the data acquisition techniques, data characteristics, application

problems, and the corresponding solving techniques.
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2.2.1 Indoor Human Mobility Analysis

Understanding human movement patterns in indoor environments, such as shopping

malls, stores, and stations, plays an important role in public security, crowd manage-

ment, or other specific applications. In this section, we review several trajectory data

acquisition techniques in indoor environments and provide a brief review about two sce-

narios, pedestrian analysis and customer behavior analysis.

Trajectory data acquisition techniques

Several types of sensing technologies have been developed for tracking human move-

ments in indoor environments, such as RFID tags, Bluetooth beacons, WLAN Received

Signal Strength (RSS), and video cameras.

• Video camera Human tracking within the field of view of a camera generates the

moving trajectories of human objects over time by locating their positions in each

frame of a given video sequence. It has been applied in many applications such

as public security, transportation control, and urban planning. For instance, video

surveillance systems can be installed in public places, such as airports, subways,

railway stations and shopping malls, which can help protect the security of pub-

lic facilities and citizens and provide insights about the use of that infrastructure

[124]. Another example is in a retail environment, it can be used to track customer

behavior, which includes the movement, product handling, verbal contact with the

store staff and display viewing [99]. It can not only provide path information, but

other features of customers like demographic groups (gender, age, ethnicity) based

on visual appearance, and the facial expressions of shoppers, which can capture

their emotional reactions to the in-store environment. However, it may be limited

to locations within the direct line of sight of the cameras.

• WLAN RSS WLAN based positioning techniques use the Media Access Control

(MAC) addresses of mobile phones to track the movement path of customers, and

have been commonly used in indoor localization systems [107]. This technique can

be cost-effective as it uses existing infrastructure. The problems with this approach
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are that the accuracy is not high and not everyone would use the Wi-Fi or would

like to be tracked.

• Bluetooth beacon Beacons provide data about when a person or object is within range

of a certain point (the beacon location). Beacons can be attached to the objects/walls

in a store. Devices within the range of a single beacon can pick up the radio signal,

and the distance between the device and beacon can be measured by the signal

strength. Companies, such as Senion1 and Crosscan2, have adopted this techniques.

Similar to WLAN, it has a low set up cost. It has been used in applications for

environments such as museums and shops, for tracking users’ movement behavior.

For example, Pierdicca et al. [86] used Bluetooth beacon sensors to detect and locate

mobile phones in retail environments, which can be used to generate a heat map of

detected positions over time.

• Radio-Frequency IDentification (RFID) RFID systems consist of three components: a

RFID tag or smart label, a RFID reader, and an antenna. RFID tags contain an inte-

grated circuit and an antenna, which are used to transmit data to the RFID reader

(also called an interrogator). The reader then converts the radio waves to a more

usable form of data. RFID has been widely used for customer behavior analysis in

retail environments [59]. The shopping paths of customers can be tracked by at-

taching tags to trolleys/baskets through the store. It has relatively high accuracy,

but the setting up of the RFID system can be expensive, because both scanning and

scanned devices need to be installed [21]. The sample of tracked customers may

be biased, since this method may exclude customers without trolleys/baskets, and

customers may also sometimes leave their carts behind to shop in the store aisles.

Another drawback is that trolleys/baskets may not always be available in some

kinds of shops, such as clothing shops and small-sized stores.

1https://senion.com/
2https://crosscan.com/
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Scenario 1: Pedestrian Analysis in Public Area

Understanding the movement patterns of pedestrians in a public area can provide valu-

able guidance to city planning, public security and safety. Trajectory data can be easily

obtained by video cameras in public areas, such as stations, sport stadiums or shopping

malls. In the literature, many research questions have been studied, such as anomaly de-

tection in public places, pedestrian movement prediction and layout design. We briefly

introduce some of them as follows.

• Anomaly detection Anomaly or outlier detection is the search for individuals or groups

who do not conform to an expected moving pattern. For example, Chong et al. [25]

proposed a framework of hierarchical crowd analysis and anomaly detection. From

historical trajectory data, the regions of interest are first learned based on a Hierar-

chical Dirichlet Processes grouping. Then the statistical template of the pedestrian

distribution is learned for identifying observations that differ from this normal pro-

file. Afiq et al. [1] provided a review of the major techniques applicable for classify-

ing abnormal behavior in a crowded scene, including the use of Gaussian Mixture

Models (GMM), Hidden Markov Models (HMM), optical flow methods and spatio-

temporal techniques.

• Pedestrian movement prediction Pedestrian movement prediction aims to estimate

pedestrians’ future locations in terms of trajectories based on their previously ob-

served movements. Yi et al. [124] proposed an algorithm for pedestrian behav-

ior modeling by including stationary crowd groups as a key component. Given a

source and a destination, the optimal walking path can be predicted by optimizing

an objective function. A method for destination prediction was also proposed in

the paper. In [14], a novel hierarchical Long Short Term Memory (LSTM) based

network is proposed to consider both the influence of the social neighborhood and

scene layouts.

• Group pattern discovery Group pattern discovery aims to efficiently discover moving

objects that are found in close proximity to each other for a period of time. This

can help with the understanding of pedestrian behavior, such as group gathering
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and group dispersion, in public places. In [95], a time window based method was

proposed to discover groups of pedestrians of varying group pattern semantics. At

first, pairs of moving objects over time are discovered and then the evolving groups

are identified by expanding pairs to larger groups. In [14], a sequential method

is proposed to detect and track small groups (convoys). A two-phase algorithm

was implemented which consists of a density clustering phase and an intersection

phase.

• Layout design Layout design focuses on how to design facilities for pedestrians, such

as the arrangement of walkways, exits, staircases and the shape of the rooms or

corridors [98, 101]. For example, Sun et al. [101] conducted a series of pedestrian

experiments to investigate the effectiveness of adding a funnel shape buffer zone

in front of the bottleneck entrance of a subway station. The results show that the

funnel shape can improve traffic efficiency at the bottleneck, especially under large

pedestrian traffic volumes.

In Chapter 3, we propose to use an origin-destination matrix representation to de-

scribe pedestrian flow patterns, and a visual clustering based method is proposed to

address the problem of anomaly detection of pedestrian flows.

Scenario 2: Customer Behavior Analysis in Retail Environments

The rapid growth of e-commerce has provided retailers with diverse sources of infor-

mation about their online customers. This is has driven a substantial body of research

into data analytics for modeling the behavior of on-line customers [52]. However, the

growth of e-commerce has not entirely displaced traditional brick-and-mortar retailing,

and physical stores are still a major channel of customers for many retail businesses [121].

The cost of staff and maintaining these physical retail outlets means that retailers need to

constantly improve their stores to meet the needs of customers and increase revenue and

profitability. Indoor location technologies can provide information about the customers’

location, which can be used in advanced analytics and visualizations. In the following,

we review some applications based on location data of customers in retail environments.
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• Customer segmentation Customer segmentation addresses the discovery of customer

behavioral segments, the analysis of segment characteristics and the utilization of

segment data [121]. For example, some studies have focused on identifying typical

in-store travel paths in supermarkets. A shopping path is the route a customer fol-

lows from the point of entering the store to the point of leaving the store. Trajectory

clustering is a common technique adopted to solve this problem. Larson et al. [59]

proposed an algorithm based on k-medoids clustering to report feasible centroid

paths, which considered the spatial constraints in the store. Fourteen ”canonical

path types” are identified to represent typical grocery store travel paths. The study

in [83] created a hierarchical clustering based on the stores in a shopping mall that

customers visited.

• Store layout optimization By analyzing customers’ movement patterns in a store,

shop owners can design a better shop layout that can increase shopper traffic, con-

version rates and profitability. In [54], a field experiment for 11 months was con-

ducted to develop algorithms for store layout optimization. They compared the

positioning data and transaction data before and after critical store layout opti-

mization decisions to identify which customer movement patterns generated the

highest sales.

• Change detection of customer behavior In [99], customers’ behaviors during three time

periods, mornings (8:00 - 12:00), afternoons (12:00 - 16:00) and evenings (16:00 -

20:00), are compared by using two types of visualization methods. The first method

is called pixel models, which visualize all places in the store that have been visited

at least once. The second method is called square models. The shop was divided

into several equal-sized grids, and the cumulative number of visits in each grid is

visualized using different grayscale tones.

• Prediction and recommendation Some customer behavior prediction/recommendation

models have been proposed based on the movement path and transaction data. For

example, Tsai et al. [106] proposed a shopping behavior prediction system based on

rule matching by considering movement patterns and purchase transactions, where
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store similarity and item similarity are considered in the prediction module.

• Relationship between shopping path and purchase By combining the shopping path data

with sales data, shop managers can better understand the relationship between cus-

tomers’ visiting behavior and shopping behaviors, and help with decision making.

In [57], to examine grocery shoppers’ movement direction within the store and its

influence on their shopping behavior (purchase value and walking distance), the

authors introduced and tested two hypotheses. The results show that the shoppers

who move in a clockwise direction spend more money and walk a longer distance

than those who walk in an anti-clockwise direction. Other works have focused on

finding the relationship between the shopping distance/stay time and the purchase

amount, such as [53, 102].

However, many of the current works only focus on the trajectory data of customers

to extract the movement patterns of customers. Some studies aim to find out the rela-

tionship between shopping paths and customers’ purchase behavior. However, none of

them focus on finding changes in their relationships by considering the trajectory data

and sales data at the same time. In Chapter 4, we propose a new kind of pattern, condi-

tional contrast patterns, based on contrast data mining techniques to find patterns that

change significantly in one dataset but not in the other.

2.2.2 Phone Users’ Behavior Analysis in Mobile Networks

The fast development of mobile networks and the popularity of mobile phones enable the

availability of large volumes of mobile phone users’ trajectory data, such as Call Detail

Records (CDRs), GPS records and Global System for Mobile Communications (GSM) cell-

tower data. Such trajectory data provide us with an opportunity to understand phones

users’ movement behavior, which can help with the optimization of network resources,

urban planning and the improvement of a user’s experience. In this section, we first

review the data acquisition techniques in mobile networks, and then present a review on

a variety of applications from two perspectives, i.e., network oriented and user oriented

analysis.
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Trajectory data acquisition techniques

• GPS GPS records the locations (latitude and longitude) of a user along with the

timestamps when those location measurements were made. Although GPS data

can normally provide data with a high frequency and accuracy, there are several

limitations [69]: (1) it may become unavailable when the user is indoors or un-

derground, (2) the GPS signal may be poor when using it in street canyons with

tall buildings, (3) collecting GPS data continuously may consume devices’ energy

quickly, and (4) privacy is also an issue of using GPS data.

• CDRs CDRs provide information about calls/messages made over a mobile phone

service, including the time when the calls/messages took place and the identity

of the cell tower with which the phone was associated. However, CDRs are only

generated when a call is made or a message is sent/received, which is a limitation

for human mobility analysis. A report from Ofcom3 shows that call volumes stayed

almost stable from 2012 to 2018 and the average number of monthly messages per

subscriber continued to decline every year, which may limit the utility of CDRs.

• GSM cell-tower data In recent years, Internet-connected mobile devices have pen-

etrated every aspect of individuals’ life, work and entertainment. According to a

report from CISCO4, by 2022 wired devices will account for 29 percent of IP traf-

fic, and Wi-Fi and mobile devices will account for 71 percent of IP traffic [26]. The

report from Ofcom also shows that the average monthly data volumes per mobile

user increased by about 25% to 3GB per month in 2018. In a cellular network, each

cell tower (base station) covers a small geographical area. If phone users access the

Internet, their positions can be passively detected by the cell towers that provide

Internet data to them. Thus, a mobile phone user’s trajectory can be represented as

a sequence of cell tower IDs with corresponding timestamps. The locations of cell

towers can be obtained from some open databases of cell towers, which normally

include the latitude and longitude coordinates for each cell towers. In addition,

other information may be also available, such as what types of service the users

3https://www.ofcom.org.uk/research-and-data/multi-sector-research/cmr/interactive-data
4https://www.cisco.com/
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Table 2.2: A comparison of different data types in mobile network for mobility analysis.

Data Type Spatial
Resolution

Temporal
Resolution

# of Users Accuracy Availability

CDR cell-level low large low easy
GPS m high limited high hard
GSM cell-level medium large medium easy
LSS m low limited low hard

Table 2.3: Description of mobile network data records.

Field Name Description

user ID identity number of mobile phone users
cell ID identity number of cell towers
latitude latitude of the corresponding cell tower
longitude longitude of the corresponding cell tower
application application the user is using
service type type of the service, such as email, instant mes-

sage
timestamp recording time

are using, the download/upload bytes, and the download/upload speed. Table 2.3

shows a data set description of this type of network data. Although GSM cell-tower

data is similar to CDRs as they can both be collected by telecommunications com-

panies, GSM cell-tower data are collected periodically, e.g., every 5 minutes, which

usually has a much higher temporal resolution than CDRs. However, the spatial

resolution can vary from several hundred meters to a few meters determined by

the cell tower density of different areas.

• Location Sharing Services (LSS) Some researchers also use location information from

LSS, such as Facebook, WeChat and Foursquare, to analyze human’s movement

behavior.

Table 2.2 summarizes a comparison of the properties of the aforementioned four data

types in terms of resolution, the number of users under consideration, accuracy and avail-

ability for network operators.

Data preprocessing is necessary to make the mobile network data usable for mobility
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analysis. One common problem is the oscillation phenomenon. An oscillation happens

when the device intermittently switches between cell towers instead of connecting to the

nearest cell tower [118]. One solution is to aggregate the cell stations, such as utilize the

semantic tags of the cell towers or group cell towers that are close together into clusters

[16, 96]. In order to avoid relying on other data sources and using cell tower location

directly (not cell clusters), several techniques have been proposed to resolve oscillation

for mobile phone traffic data [88, 118]. In [118], an algorithm called DECRE is proposed,

which consists of four steps (Detect, Expand, Check, and REmove) to detect and remove

oscillations. Qi et al. [88] analyzed five conditions that may cause oscillations and pro-

posed a heuristic algorithm called SOL, based on three different time periods, i.e., Stable

Period, Oscillation Period and Leap Period, to reduce oscillations.

Applications

This type of data can be applied in a variety of urban-related applications, such as mobil-

ity pattern mining [133], urban planning, traffic prediction [32,110,113,120,127] and social

network structure. In [133], Zhang et al. found that cellular network data can provide a

finer granularity of location and movement information, and investigated the difference

of mobility properties between network data and CDR data. Qiao et al. [89] proposed

a mobility analytical framework for big mobile data. There have been some reviews

about mobile phone network data analysis. For example, Calabrese et al. [17] surveyed

techniques related to the use of telecommunication data for urban sensing. Techniques

proposed in the literature are categorized into two levels, individual level and aggrega-

tion level. Zhang et al. [126] have presented a comprehensive survey of the crossovers

between deep learning and mobile wireless networking research.

In the following, we summarize the techniques for processing mobile phone network

data in the literature and divide them into two categories, i.e., user-oriented analysis and

network-oriented analysis.

Network oriented Network oriented analysis means that the focus is on analyzing the

dynamics and properties of the whole network in order to understand and optimize the
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network.

• Network traffic prediction of each cell One popular research direction is traffic load

prediction for each cell. Normally, a dataset provides the throughput of some cells

in one area, then prediction algorithms such as AutoRegressive Integrated Moving

Average (ARIMA) [32, 120] or neural network [110, 113, 127] can be applied for the

prediction of the traffic load in different cells or cell clusters.

• Land use inference Another application is land use inference. Understanding land

usage is crucial for practitioners and researchers to perform urban analysis and

planning. For example, Pei et al. in [85] proposed a semi-supervised fuzzy c-means

clustering approach to infer land-use types using CDRs data. In [79], two land

use patterns, commercial/business/industrial and residential, are discovered by

applying non-negative matrix factorization.

User oriented Finding the mobility patterns of phone users in mobile networks, such as

Origin-Destination (O-D) matrix inference [7, 16], home-work place detection [56], trans-

port mode detection [6, 63], user segmentation [56, 132], and behavior (location and/or

service type) prediction [58, 75].

• Transport mode detection Li et al. [63] referred to the road network to identify trans-

portation modes of mobile users. Approaches for subway and train trip detection

and bus trip detection are proposed separately. For example, based on a K-nearest

reference system and a D meters coverage tower reference system, cell towers are

defined as reference towers of the closest station. Then the sequence of cell tower

ids is transformed into a sequence of bus/subway stations. Then the transport

mode can be identified by matching it with the travel time schedule of the subway

and trains. Bachir et al. [6] proposed to combine Bayesian inference and clustering

for transport mode detection using CDR data. Features are extracted from both mo-

bile and transport networks, and sectors are clustered to find the transport proba-

bilities of each sector. Then Bayesian inference was adopted to compute trajectories’

transport mode probabilities. In their subsequent work [7], the identified transport

modes are utilized for the inference of O-D flows.
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• User segmentation Ben-Gal et al. [10] analyzed trajectories of semantic locations to

find users who have similar movement behavior or mobility lifestyle, even when

they live in different areas. A grouping scheme, Lifestyle-Based Clustering (LBC)

was proposed, where the mobility and movement of each user is represented by a

Markov model, and the Jensen-Shannon distances were calculated among pairs of

users to measure their dissimilarity.

• Behavior prediction The behavior prediction of mobile users includes the prediction

of the service type and next place of a user [58]. For example, in [58], an online

algorithm was proposed to learn routes between important locations and predict

the next location of users. Lu et al. [75] proposed a sequential pattern mining

method called Cluster-based Temporal Mobile Sequential Pattern Mine (CTMPSP-

Mine). By using the discovered patterns, a prediction method based on similar

users and temporal properties was proposed.

• Underlying geographical corridors identification A corridor can be treated as a pathway

that is frequently traversed by a considerable number of mobile users. A three-

phase approach based on grids was proposed in [136] to discover trajectory corri-

dors using the Discrete Fréchet distance. Recently, the authors in [137] proposed a

method for detecting a set of corridors from GPS trajectories using the Minimum

Description Length (MDL) principle. In their subsequent work [138], a grid-based

method was proposed to transfer trajectories into grid cell sequences and then mine

frequent corridors from the grid cell sequences.

Most work has focused on GPS data or CDR data but not on the mobile network

GSM data, and the methods they proposed cannot deal well with the heterogeneity of

GSM data. In Chapters 5, 6 and 7, we propose several algorithms to deal with GSM tra-

jectory data generated in mobile networks to help with network resource management

and deployment. To be specific, in Chapter 5, we address the problem of corridor identi-

fication from GSM mobile network data by proposing a multi-scale trajectory clustering

algorithm. Then, in Chapter 6, we propose a method to discover corridors that are sig-

nificantly different during two different time periods based on contrast data mining to
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help understand changes in mobile network traffic flows. In Chapter 7, we focus on

how to utilize the data mining techniques to help improve the network performance.

An adaptive optimization algorithm is proposed to improve the edge caching hit rate by

combining the popularity of files and results from our prediction model.

2.3 Summary

In this chapter, we first provided a review of unsupervised learning techniques for trajec-

tory data and then discussed three application scenarios, including pedestrians in public

places, customers in retail stores and phone users in mobile networks, in terms of the data

acquisition techniques and research questions. Although there have been several studies

on different applications, there has been little research on the heterogeneous characteris-

tics in trajectory data. In the following chapters, we focus on five research questions in

three different scenarios. Meanwhile, the detailed literature review for existing data min-

ing techniques in each specific research question will be included in each of the following

five chapters.



Chapter 3

Trajectory Pattern Identification and
Anomaly Detection of Pedestrian
Flows Based on Visual Clustering

Extracting pedestrian movement patterns and determining anomalous regions/time periods is a

major challenge in data mining of massive trajectory datasets. In this chapter, we apply contour map

and visual clustering algorithms to visually identify and analyze areas/time periods with anomalous

distributions of pedestrian flows. Contour maps are adopted as the visualization method of the origin-

destination flow matrix to describe the distribution of pedestrian movement in terms of entry/exit

areas. By transforming the origin-destination flow matrix into a dissimilarity matrix, the iVAT vi-

sual clustering algorithm is applied to visually cluster the most popular and related areas. A novel

method based on the iVAT algorithm is proposed to detect normal/abnormal time periods with simi-

lar/anomalous pedestrian flow patterns. Synthetic and large, real-life datasets are used to validate the

effectiveness of our proposed algorithms.

The publication arising from the work in this chapter is paper P1.

3.1 Introduction

There is growing interest in the problem of extracting useful information from mas-

sive trajectory datasets derived by various sensing methods. Understanding patterns

of pedestrian movement is useful in applications such as pedestrian flow management,

public security and safety. A major challenge in pattern analysis of pedestrian move-

ment is how to discover and describe the movement patterns hidden in trajectories, and

identify any misbehavior or interesting events.

The main approaches to trajectory data analysis and anomaly detection fall into the

37
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category of trajectory data mining. To detect and recognize special events, two common

approaches used to address this problem are statistical methods combined with classifi-

cation and clustering-based methods. Many existing approaches to address this problem

have the limitations that they focus on the details of individual trajectories, but do not

consider the characteristics of the trajectory distribution.

Therefore, we address this limitation of existing approaches by proposing the use of

contour maps and visual clustering. Contour maps are a very useful visualization tool

for three-dimensional data, which we adopt to visually describe the connection between

different subareas and describe the distribution of trajectories. Visual clustering methods

such as Visual Assessment of cluster Tendency (VAT) and iVAT [13, 111] are proposed

to visually assess the clustering tendency of a set of objects. By using the VAT/iVAT

approach, we are able to visualize and determine the possible number of clusters of loca-

tions or the periods with similar activity, and then determine abnormal areas/days with

significantly different trajectory distributions.

The main contributions of this chapter are as follows. First, we use a visualization

method to describe pedestrian movement distributions in terms of their origin and des-

tination points. By transforming the origin-destination flow matrix into a dissimilarity

matrix, we visually cluster the most popular flows using the VAT/iVAT algorithms. The

popular flow patterns are important for monitoring the safety and security of public ar-

eas. Second, we propose a novel method of detecting abnormal time periods with anoma-

lous pedestrian trajectory distributions based on the results of the VAT/iVAT algorithms.

By doing so, it is possible to detect the occurrence and impact of special events. Finally,

we evaluate our methods and make relevant comparisons on a large, real-life dataset,

the Edinburgh informatics forum database [78], and demonstrate the effectiveness of our

proposed algorithms.

3.2 Related Work

An important aspect of a monitoring system is to detect significant events or unusual

behavior in that environment. By mining pedestrian trajectories, it is possible to detect
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the occurrence of major events, such as celebrations, parades, business promotions, acci-

dents, disasters and others, which may be threats to public security or safety. With the

increasing availability of big trajectory data, there have been various research methods

on the detection and recognition of anomalous social events from trajectory data. In our

work, we focus on the challenges of how to detect normal patterns of flows, and how to

detect abnormal pedestrian flow patterns.

The first problem we address is to find and visualize the most visited subareas in a

given region. In [44], an algorithm for extracting popular regions was proposed, with the

popular regions defined as regions with trajectory densities greater than a given thresh-

old, which is manually prescribed instead of adaptively adjusted. Therefore, we aim to

find a parameter-free algorithm for this problem. Liu et al. [72] designed real-time analyt-

ical method for spatial-temporal data of daily travel patterns in metropolitan urban en-

vironments. The data for analysis of Liu et al. [72] are taxi traces and smart card records,

whereas in contrast we mainly focus on pedestrian trajectories. While they provided an

analysis on travel patterns, they did not consider the problem of detecting anomalies. Liu

et al. [73] and Lu et al. [76] shared the same idea of extracting entry/exit points and using

length analysis to derive indoor scene structure and identiy abnormal motion behaviors.

However, the methods in [73, 76] only detect particular instances of trajectories. In our

work, using the same dataset [73, 76], we focus on using the origin-destination matrix as

a whole to describe the pedestrian flow patterns and cluster the most visited areas.

The second problem we address is how to detect a set of time periods with abnormal

trajectory motion patterns. In the literature, there have been many research studies on

anomaly detection methods for traffic or pedestrian data. Pang et al. [84] proposed a

statistical model, which adapts likelihood ratio tests to find anomalous regions for mon-

itoring the emergence of unexpected behavior based on GPS data from taxis. Chawla et

al. [22] adopted Principal Component Analysis (PCA) to detect traffic anomalies from

GPS data. In [22], moving activities of a crowd were simulated as the movements of a

group of points, and the distribution of point groups is described with fractal dimen-

sions. PCA was used to remove the disturbed factors from a feature vector and maintain

only relevant information. Witayangkurn et al. [116] proposed a framework based on a
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(a) Video image (b) Functional areas

Figure 3.1: Video image and functional areas of the Edinburgh informatics forum.

hidden Markov model to construct a pattern of spatial-temporal movement of people in

each area in a grid during each time period. However, they focused on using changes in

the population to detect anomalies. However, we intend to detect anomalous time peri-

ods of trajectory distributions based on the use of visual clustering methods, which can

partition the data into clusters in a visual manner. In this way, we can provide a robust,

unsupervised approach for clustering periods of normal pedestrian activity and visually

highlighting periods of anomalous pedestrian activity.

3.3 Problem Statement

Our aim is to find the most popular routes of pedestrians in a given region and check

which areas are the most related by visualizing the motion patterns, and to detect and

visualize abnormal time periods by comparing the distributions of motion patterns. An

outlier or anomaly in a dataset is considered to be an inconsistent observation (or subset

of observations) compared with the remainder of that set of data, such as a substantial

change in the popularity of pedestrian routes.

Suppose that the structure of the monitored area is known and can be divided into

k subareas A = {A1, A2, ..., Ak} according to the functions of different areas or some

other predefined labeling. For example, as shown in Figure 3.1 (from the Edinburgh

informatics forum database), there are 13 functional areas in this forum.

The dataset consists of a set of detected people walking through these subareas. Sup-

pose we are given the trajectory data T = {Tday1 , Tday2 , ..., Tdaym} covering a set of m days
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TP = {day1, day2, .., daym}, where on dayi a set of trajectories Tdayi = {Ti1, Ti2, ..., Tini} has

been collected, where ni is the number of trajectories on dayi, and it is assumed that the

trajectory data is the outcome of a robust tracking system. Each trajectory is composed of

triplets (x, y, t) containing X/Y coordinates and sampling time Tij = {(x1, y1, t1), (x2, y2,

t2), ..., (xl , yl , tl)}ij, where l is the number of points in trajectory Tij. Given a trajectory

dataset T, our aim is to find and visualize the most visited subareas A′ ⊂ A and identify

a set of time periods TP′ ⊂ TP with abnormal trajectory motion patterns.

To address this aim, we examine three related research questions: (1) how to identify

and summarize related sets of pedestrian flows over a given time period; (2) how to

identify which time periods exhibit similar patterns of pedestrian flows; and (3) how to

identify which time periods have experienced anomalous flow patterns? We present our

approach to these research questions in the following three sections.

3.4 Case Study - Edinburgh Pedestrian Flow

The trajectory dataset from the University of Edinburgh is used as a case study. The

dataset provides the scene under surveillance and its configuration, which covers most

of the main hall, as shown in Figure 3.1. The most significant features of the hall are that

there are many entry and exit points, i.e., the main entrance to the building, lifts, access

to the Atrium, access to the second part of the hall, staircase, reception desk, and the four

other exits, which means that there are a variety of possible pedestrian flows in this area.

The dataset consists of a set of detected targets of people walking through the Infor-

matics Forum, the main building of the School of Informatics at the University of Edin-

burgh. The valid data covers 118 days of observation, resulting in about 90,000 observed

trajectories in total. Substantial differences are observed between weekdays (Mon-Fri)

and weekends. The average number of trajectories on weekdays is 932, which is signifi-

cantly larger than the number of 140 on weekends.

Some papers [73, 76, 78] provided clustering methods to exact the pedestrian flows

from trajectory data in terms of these entry and exit points. Based on the pedestrian

trajectories detected from video images in Majecka et al. [78], which are represented by
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(a) case A (b) case B

Figure 3.2: Two synthetic cases. Italic numbers from 1 to 12 represent 12 different ar-
eas. Lines and dashed lines between different areas represent the large pedestrian flows
and small pedestrian flows respectively, and numbers next to lines indicate the size of
pedestrian flows.

a sequence of centroid positions, we provide a visual clustering using contour maps and

iVAT.

3.5 Summarizing Related Flows

The first question we address is how to identify and summarize related sets of pedes-

trian flows over a given time period. The challenges in addressing this question are

how to summarize a given pedestrian flow matrix so that a user can identify the dom-

inant flows, and then how to identify related subsets or clusters of flows. In this way,

we can summarize the pedestrian activity over a given period of time. In this section,

we illustrate methods to summarize a flow matrix and detect normal/abnormal days by

identifying related flows.

3.5.1 Synthetic Cases

The rows and columns of a contour map reflect the order in which entry/exit pairs are

labeled, but it does not reflect the clustering relationships between flows, so we would

like to visually group related flows. Consider the following synthetic example.
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(a) case A (b) case B

Figure 3.3: Contour maps of the two synthetic cases in Figure 3.2.

As shown in Figure 3.2, these two synthetic cases both have four relatively high

pedestrian flows 50, 80, 100 and 100, but the relationships between flows are different.

To visually display the origin-destination pair distribution characteristics, we introduce

contours to represent the flow matrix. Contours indicate equal valued regions with the

same color. This is similar to a heat map, and the characteristics of the matrix distribution

can be visually analyzed. The application of contours helps us better visualize and com-

pare the distribution characteristics of the origin-destination flow matrix, which would

otherwise be hard to analyze only by the values of the matrix. The contour maps of the

two cases are shown in Figure 3.3 respectively.

Although we can easily find the distribution of trajectories flows and detect origin/

destination pairs that have high pedestrian flows in Figure 3.3, we cannot easily identify

related flows, since the light areas are scattered on the contour map. The main challenge

is how to reorder the rows/columns of a contour map to group related flows. In our

work, we propose to treat this as a visual clustering problem.

VAT and iVAT are useful tools for visual assessment of clustering tendency, as is

shown by Bezdek et al. [13] and Wang et al. [111]. The VAT algorithm displays a re-

ordered dissimilarity matrix D as a gray-scale image with a modified version of Prim’s

minimal spanning tree algorithm. The iVAT algorithm augments VAT by applying a path-

based distance transform to the input dissimilarity data before VAT images are made. It

reorders the dissimilarity matrix of the given set of objects so that it can display any clus-

ters as dark blocks along the diagonal of the image, and a diagonal dark block appears in
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(a) iVAT-A (b) contour map-A

(c) iVAT-B (d) contour map-B

Figure 3.4: Results on synthetic examples.

the iVAT image only when a tight group exists in the data. We only provide the results

based on the iVAT algorithm. The main steps of iVAT are:

Step 1: Transform input dissimilarity matrix D → D′ using a path-based distance;

Step 2: VAT is applied to reorder D′ → D′∗, resulting in an iVAT image I(D′∗) whose

(i, j)th element is a scaled dissimilarity value between objects oi and oj.

Since a dissimilarity matrix D is the input data to the iVAT algorithm, a method to

transform the origin-destination matrix F to a dissimilarity matrix D is proposed in our

approach. Considering that the origin-destination flow matrix F is non-symmetric (Fij

and Fji may be different), the first step is to transform the flow matrix to be symmetric.

There are three methods to derive a symmetric matrix S: (1) Sij = Sji = max(Fij, Fji);

(2)Sij = Sji = min(Fij, Fji); (3) Sij = Sji = (Fij + Fji)/2.

This symmetric flow matrix S can be normalized by using S′ij = Sij/Smax, where Smax

is the value of the largest element in S. Then we can compute the dissimilarity matrix
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D. If i 6= j, Dij = 1− S′ij; otherwise, Dij = S′ij, where S′ is the normalized symmetric

transferring matrix. When i = j, the dissimilarity between the same area is 0; when i 6= j,

the dissimilarity between two areas decreases as the normalized symmetric flow matrix

S′ increases, which means that high pedestrian flows result in low dissimilarity values,

and vice versa.

To verify the effectiveness of iVAT, we apply it to the two synthetic examples. The

iVAT image results and reordered contour maps are in Figure 3.4. The reordering of

these two cases are both Areas {1 9 5 2 7 11 3 10 4 6 8 12}. However, the clustering results

are different. For case 1, the clustering is {(1 9 5) (2 7) 11 3 10 4 6 8 12}, i.e., Areas 1, 9 and

5 are strongly related and also 2 and 7. For case 2, the clustering is {(1 9) 5 2 (7 11) (3 10)

(4 6) 8 12}. The results indicate that iVAT can cluster the related areas correctly.

3.5.2 Case of Real Trajectory Data

Next, we test our method of visual clustering on the real trajectories from one Sunday

(20-Jun-2010). We assume that the structure of the scene is known, so we can classify

trajectories based on the location of their first (start) and last (end) regions. For exam-

ple, given T = {(xstart, ystart, tstart), ..., (xend, yend, tend)} with (xstart, ystart, tstart) ∈ A11 and

(xend, yend, tend) ∈ A6, then T belongs to (11,6).

By counting all the trajectories, we obtain an origin-destination flow matrix (i.e., the

frequency-adjacency matrix) F. In this matrix, the value of F(i, j) represents the number

of trajectories which start at Ai and end at Aj. Note that the origin-destination matrix can

be asymmetric, e.g., Table 3.1 on Sunday (20-Jun-2010). Applying the iVAT algorithm,

there are 12 clusters for all 13 areas, as is shown in Figure 3.5. The clustering result is {1

(11 2) 8 3 5 12 4 10 13 6 7 9}.

Using the iVAT results, we obtain the reordered origin-destination flow matrix, which

is shown in Table 3.2. For most origin-destination pairs, there are few trajectories between

them (Sij is small compared with Smax), leading to S′ij ∼ 0 and Dij ∼ 1. Thus, most

clusters/area groups contain only one area, except the cluster containing A11 and A2,

which means Areas A2 and A11 have high pedestrian flows and they are most related to

each other.
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Figure 3.5: iVAT image on the No.13 Sun.

Table 3.1: Origin-destination flow matrix.

Area 1 2 3 4 5 6 7 8 9 10 11 12 13
13 0 8 0 0 0 0 0 2 0 0 0 0 0
12 1 17 0 0 0 0 0 0 0 0 3 0 0
11 4 102 5 2 0 0 0 11 0 11 0 4 1
10 0 3 1 0 3 0 0 0 0 0 11 1 1
9 0 0 0 0 0 0 0 0 0 0 0 0 0
8 0 16 29 0 6 0 2 0 0 0 14 0 3
7 0 0 0 0 1 0 0 1 0 0 0 0 0
6 0 0 0 0 1 0 0 0 0 0 2 0 0
5 0 7 26 17 0 0 0 4 0 1 0 0 0
4 0 3 8 0 13 0 0 0 0 0 1 0 0
3 0 1 0 8 25 0 0 16 0 2 20 0 0
2 0 0 2 5 5 0 0 32 0 4 103 21 2
1 0 2 0 0 0 0 0 0 0 0 0 0 0

Table 3.2: Reordered origin-destination matrix.

Area 1 11 2 8 3 5 12 4 10 13 6 7 9
9 0 0 0 0 0 0 0 0 0 0 0 0 0
7 0 0 0 1 0 1 0 0 0 0 0 0 0
6 0 2 0 0 0 1 0 0 0 0 0 0 0
13 0 0 8 2 0 0 0 0 0 0 0 0 0
10 0 11 3 0 1 3 1 0 0 1 0 0 0
4 0 1 3 0 8 13 0 0 0 0 0 0 0
12 1 3 17 0 0 0 0 0 0 0 0 0 0
5 0 0 7 4 26 0 0 17 1 0 0 0 0
3 0 20 1 16 0 25 0 8 2 0 0 0 0
8 0 14 16 0 29 6 0 0 0 3 0 2 0
2 0 103 0 32 2 5 21 5 4 2 0 0 0
11 4 0 102 11 5 0 4 2 11 1 0 0 0
1 0 2 0 0 0 0 0 0 0 0 0 0 0
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3.6 Identifying Time Periods with Similar Flows

The second question we address is how to identify which time periods exhibit similar

patterns of pedestrian flows. The challenges in addressing this question are how to com-

pare the flow patterns of different time periods, and how to identify which time periods

have similar flow patterns. This enables users to profile normal activity.

3.6.1 Comparing Flow Patterns

Given flow matrices Fi from time period Ti and Fj from time period Tj, we require a mea-

sure of how similar are the flows between these two time periods, i.e., we require a dis-

tance measure d(Fi, Fj). We use the Frobenius norm, ‖Fi− Fj‖F =
√

Tr
[
(Fi − Fj)(Fi − Fj)T

]
,

which reflects the pairwise difference of individual flows between the same pairs of lo-

cation, where (Fi − Fj)
T is the transpose of Fi − Fj, and Tr means the trace of the ma-

trix. For example, given Fi =

 0 5

3 2

 and Fj =

 2 1

2 4

, then the Frobenius norm

‖Fi − Fj‖F =

√√√√√Tr

 20 −10

−10 5

.

3.6.2 Identifying Similar Time Periods

Given a set of flow matrices F = {F1, F2, ..., Fm} corresponding to m different time periods

T1, T2, ..., Tm, we would like to group or cluster these flow matrices so that we can identify

which time periods have similar flow patterns. For example, if F contains seven flow

matrices, each corresponding to the average flows on each day of the week, then we

would like to detect F in order to identify which days have similar pedestrian traffic.

To achieve this goal, we again make use of the iVAT algorithm. First, we create a m×

m distance matrix DF, where the (i, j)th entry in DF is d(Fi, Fj) = ‖Fi − Fj‖F. The distance

matrix can be normalized by using norm(DF) = (DF−min(DF))/(max(DF)−min(DF)),

where min(DF) and max(DF) are the minimum and maximum values in DF respectively.

We then reorder the normalized DF using iVAT to produce D′F, which should visually
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(a) 7 days (b) all Sun

Figure 3.6: iVAT image.

reorder the clusters of time periods with similar flow patterns.

We evaluated our proposed method on the data set of 118 days, which has been clas-

sified into seven groups, corresponding to 7 days of the week. Then the averaged flow

matrices of the 7 days of the week (7 samples, i.e., Sun, Mon, Tue, Wed, Thu, Fri, Sat) are

compared. The iVAT results are shown in Figure 3.6a.

The ordering of the iVAT image is {(4 6 3 5 2) (1 7)}, and it shows two clusters, cor-

responding to clusters of weekdays (Wed, Fri, Tue, Thu, Mon) and the weekend (Sun,

Sat).

3.7 Identifying Anomalous Flow Patterns

Once we have a profile of normal flow patterns over different periods of time, our final

question is how to identify which time periods have experienced unusual or anomalous

flow patterns. The challenge in addressing this question is how to identify individual

time periods in which the pedestrian flows significantly differ from what is expected.

This enables users to detect when an anomaly has occurred, and to analyze how the

pedestrian flows during that time period differ from what is expected.

Given a set of flow matrices F = {F1, F2, ..., Fm}, the aim of visual anomaly detection

is to detect a subset of these flow matrices that are anomalous or outliers compared to

the rest. To be specific, if the number of objects in a cluster is fewer than a user-defined
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(a) No.4 Sun (b) No.13 Sun

(c) No.14 Sun (d) average Sun

Figure 3.7: Contour of abnormal and normal Sundays.

threshold δa, then these objects are defined as outliers. As before, we use the Frobenius

norm to compare flow patterns from different time periods, and construct DF. We then

reorder the distance matrix DF using iVAT to generate D′F. Here we set δa = 1, which

means that if a time period does not strongly belong to any cluster, then it is anoma-

lous. When we visualize DF, any anomalous time periods should appear as singleton

dark blocks, which are significantly different from the larger clusters in F. For example,

consider the set of flow matrices for all Sundays, the iVAT result is shown in Figure 3.6b.

The iVAT result shows that Sunday has four clusters {(13) (4) (8 15 16 5 9 17 18

3 12 11 7 10 1 6 2) (14)}, which means that the anomalous time periods are TP′ =

{Sun13, Sun4, Sun14}. The average of normal Sundays contour map, and No.4, No.13

and No.14 Sunday contour maps are shown in Figure 3.7.

The contour maps indicate that each of the three anomalous Sundays has different

high value regions, and all these three time periods are significantly different from the
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distribution of the average of normal Sundays. For example, in Figure 3.7(b), the top left

area and lower right area are very bright, which indicates that there are lots of people

moving between A2 and A11 as the most visited areas, corresponding to the two largest

values F(11, 2) = 102 and F(2, 11) = 103 in the origin-destination flow matrix respec-

tively. Some other areas are rather dark, indicating few people moving between these

area pairs. There are some regions with relatively bright color, indicating relatively high

value of trajectory numbers between corresponding area pairs, e.g., A2 → A8, A5 → A3,

A8 → A3. Similar analyses can be applied to other days of week.

3.8 Conclusion and Future Work

In this chapter, we use the origin-destination matrix to discover and characterize the

connectivity between places or regions. In order to find and visualize related areas, we

introduce a contour map to represent the origin-destination flow matrix, and propose a

visual and parameter-free area clustering method based on the VAT/iVAT algorithms.

To detect and visualize abnormal days with significantly different flow patterns, an iVAT

based method is also developed. The results on synthetic data and the Edinburgh infor-

matics forum database show that our methods can effectively cluster related areas and

identify normal/abnormal pedestrian flow patterns. Possible future research directions

are to discuss on the scalability of the method on large data and to modify the proposed

method for data stream analysis.

In the next chapter, we focus on how to extract interesting and actionable patterns

using not only a trajectory dataset but also other associated datasets.



Chapter 4

A Pattern Tree Based Method for
Mining Conditional Contrast Patterns

of Multi-Source Data

In the previous chapter, we studied how to detect anomalies from pedestrian trajectory data. In

this chapter, we focus on finding significant changes from multi-source data based on contrast mining

techniques. Contrast patterns are itemsets that frequently occur in one dataset while not in another.

These patterns have been successfully applied to many data mining domains, such as prediction, clas-

sification and clustering. However, none of the previous studies has considered extracting contrast

patterns from different types of datasets. Therefore, we introduce a new type of contrast pattern,

CCPs (Conditional Contrast Patterns), which are a subset of traditional Contrast Patterns in one

kind of dataset conditioned on a property of these patterns in another kind of dataset. Accordingly, we

propose an algorithm based on tree search for mining Conditional Contrast Patterns (CCPs), which

can compress the datasets into a tree representation. We evaluate our proposed method in comparison

with two other methods (Brute force and Apriori-based methods) on a synthetic dataset as well as a

real-life retail dataset. The results show that CCPs are more informative and actionable for decision

makers than normal Contrast Patterns (CPs), and our tree-based algorithm has the best performance

in terms of efficiency.

The publication arising from the work in this chapter is paper P2.

4.1 Introduction

Contrast data mining aims to quantify and describe the differences between two given

multivariate datasets, where a contrast pattern is defined as a pattern that occurs fre-

quently in one dataset and infrequently in the second dataset [9]. Finding such changes

or contrast patterns in datasets is useful in many applications, such as urban traffic man-
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agement [62, 114], medical diagnosis [41], customer analysis [97, 121], and anomaly de-

tection [65]. However, current research in the literature cannot answer questions like If

we have data from multiple types of data sources, how can we extract interesting patterns by con-

sidering different datasets at the same time? or Can we find patterns where there has been a big

change in one type of dataset but little or no change in the other?

There have been many contrast pattern mining methods proposed in the literature,

such as border based [31], tree structure based [37], and Zero-Suppressed Binary Decision

Diagrams [74]. The border based method can represent many Emerging Patterns (EPs) (a

kind of contrast pattern) by using borders. The tree structure based method is inspired

by the Frequent Pattern tree method [49]. In [74], the Zero-suppressed Binary Decision

Diagram (ZBDD) method was proposed to deal with high dimensional data. However,

none of them has considered mining contrast patterns by utilizing different kinds of data

sources.

Alternatively, to produce a high-quality representation and improve the generaliza-

tion performance [128], one can use datasets from multiple sources. Most existing multi-

source (or multi-view) learning methods mainly focus on how to incorporate knowledge

extracted from multiple databases [92]. In that approach, different types of data from

multiple sensors are integrated to obtain more detailed information using fusion tech-

niques, instead of extracting contrast patterns. Therefore, to benefit from multiple types

of data sources in contrast pattern mining we introduce a new type of pattern, called

CCPs, which aims to find more interesting contrast patterns by utilizing supplementary

data sources (i.e., different types of data) and conditioning contrast factors. Note that

we focus on extracting patterns from data generated from multiple data sources, but not

data with heterogeneous data types.

One typical application of our proposed CCP is customer analysis. For example, in a

retail environment, shop managers may be interested in finding the relationships or dif-

ferences between sales data and customers’ behavior. If we use traditional contrast data

mining techniques, we can only use one type of data, e.g., sales data, and find combina-

tions of products that are frequently purchased together on one day but not on another

day. However, by using conditional contrast pattern mining, we can make use of both
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sales data and customers’ behavior data to find sets of products where there has been an

increase in sales but little or no increase in the number of customers, which represents

a stronger buying intention of customers. These patterns can be more interesting and

helpful for decision makers.

Therefore, we propose a Conditional Contrast Pattern tree (CCP-tree) search method,

which has two steps: (1) CCP-tree construction, and (2) CCP mining. In the first step,

we build a CCP-tree by scanning every instance in the datasets. A CCP-tree, similar to

the frequent pattern tree, builds a compressed representation of the input data. Then

each instance in the datasets can be mapped onto a path in the tree, and the node in the

CCP-tree has fields to record the counts in different datasets. In the second step, by using

depth-first search and applying three predefined subjective conditions of a CCP, we are

able to extract all the CCPs. These conditions ensure that the patterns we find are not

only the CP in one kind of data, but also exhibit the required properties in another kind

of data.

Contributions. The main contributions of this chapter are as follows:

• We introduce and define a novel class of pattern, called a Conditional Contrast

Pattern (CCP). Three conditions for mining CCPs are also proposed. This class

of pattern differs from other existing types of patterns - it is a subset of contrast

patterns, and it can be more informative and instructive for decision makers since it

utilizes information from additional related data sources.

• We propose a conditional contrast pattern tree based method for mining CCPs. The

counts in all datasets are recorded by the CCP-tree. This method is complete, mean-

ing that all itemsets satisfying our conditions can be found using our method.

• The proposed method is efficient. The complexity of mining CCPs does not depend

on the number of instances.

• We evaluate our method and compare its performance with two baseline methods

on a synthetic dataset. The results demonstrate better efficiency of our method in

comparison with the other two methods.
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• We also apply our method to one real-life retail dataset, which includes the trans-

action data and customer behavior of each customer in a retail store in Melbourne.

The results show the practicality of our proposed method.

4.2 Related Work

Contrast patterns are often defined as patterns whose support differ significantly among

the datasets that are under study, which were first proposed by Bay and Pazzani [9]. If

the supports of all the frequent itemsets in two datasets are very similar, then we can say

there is no significant change between these two datasets, and vice versa. These patterns

have been successfully applied to many areas. For example, in the work of [114], frequent

emerging networks are detected to discover the impact of road closures on traffic flows.

In the literature, various kinds of contrast patterns have been proposed, such as

Jumping Emerging Pattern (JEP) [64], Strong Jumping Emerging Pattern (SJEP) [37] and

Fuzzy Emerging Pattern (FEP) [42]. Jumping emerging patterns [64] are defined as item-

sets whose support changes suddenly from zero in one dataset to nonzero in another

dataset, i.e., the growth rate is infinity. Strong jumping emerging patterns [37] are sub-

sets of emerging patterns, such that the support of the second dataset should be above

a threshold and the subsets of a SJEP are not a SJEP. The authors in [37] also proposed

NEPs (Noise-tolerant EPs) and GNEPs (Generalized NEPs). In [42], FEPs are proposed

as a combination of the concepts of fuzzy logic and emerging patterns [31][30]. In [24],

shared emerging patterns are proposed for mining the similarity of two datasets.

A key challenge for mining contrast patterns is how to reduce the computational com-

plexity. A brute force approach for mining contrast patterns is to enumerate all combi-

nations of items and calculate their respective supports in each dataset, and then find

contrast patterns according to the change in these supports. However, this method is

not efficient because of the number of candidate itemsets. Therefore, in the literature,

many different kinds of contrast mining methods have been proposed in terms of the

data structures used in the mining algorithms. These contrast pattern algorithms can be

categorized into: (i) border based [31], (ii) tree based [37], and (iii) ZBDD based [74]. In
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[31], a suite of emerging patterns mining algorithms is proposed, which discover a class

of EPs by manipulating only the borders of two collections. This algorithm can finish

quickly even when the number of EPs is large since the discovered EPs can be repre-

sented using the borders. Tree-based contrast data mining is based on the use of a tree

structure [30]. This method takes advantage of a tree representation to compress the input

datasets by sharing patterns with common prefixes. Therefore, it only searches itemsets

that are known to occur in the dataset. In several studies [37], this method has been found

to work well in practice. A ZBDD based method is proposed in [74]. This method can

store input data or output patterns in a highly compressed form and is advantageous for

mining high dimensional datasets.

Although many different kinds of contrast patterns have been proposed in previous

work, none of the methods has considered utilizing multiple types of data sources. In

our study, we mainly focus on how to find interesting contrast patterns from multiple

data sources. In the information domain, most information fusion techniques only focus

on how to fuse data from multiple sources [135]. However, little work has been done on

how to find contrast patterns based on other types of data sources.

4.3 Problem Statement

Finding interesting patterns is important to decision makers, especially from multiple

types of data sources. Our aim is to find interesting contrast patterns by utilizing addi-

tional related data sources. Contrast patterns are itemsets whose support change signif-

icantly from one dataset to another. In our work, we are interested in finding contrast

patterns that change significantly in one data source, while the change in another data

source is not notable. We introduce a new concept, a Conditional Contrast Pattern (CCP),

which consists of a baseline and a set of conditional contrast factors, where small changes

make big differences.

Suppose we have two datasets from different sources, D = {D1, D2} and S = {S1, S2},

where subscripts 1/2 indicate negative/positive datasets respectively. For instance, in re-

tail environments, the first dataset D is retail transaction data, which includes datasets
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Table 4.1: Transaction data in D1 (Morning of 11-10-15).

time-date Item code Zone code
10:20:20 11-10-15 B1 b
10:20:20 11-10-15 C2 c
10:30:35 11-10-15 B2 b
10:55:35 11-10-15 A2 a
10:55:35 11-10-15 B3 b
11:30:01 11-10-15 D2 d

Table 4.2: Transaction data in D2 (Afternoon of 11-10-15).

time-date Item code Zone code
15:25:07 11-10-15 A2 a
15:25:07 11-10-15 B2 b
15:25:07 11-10-15 C2 c
15:25:07 11-10-15 D1 d
16:05:01 11-10-15 A1 a
16:05:01 11-10-15 B1 b
16:05:01 11-10-15 D1 d
16:35:03 11-10-15 A1 a
17:02:01 11-10-15 A1 a
17:02:01 11-10-15 B3 b

D1 and D2. Table 4.1 and Table 4.2 provide examples for these two datasets respectively.

Each record contains the time, item code and zone code. As shown in Table 4.1, there are

four transactions generated in the morning of 11-10-2015. The second dataset S contains

spatial data, which records the shopping path of each customer. Datasets S1 and S2 are

shown in Figure 4.1a and 4.1b respectively. In the morning, four customers are detected,

e.g., customer 1 visited zones b and d, while customer 4 visited zones b and c. Here we

only considered the zones where the customer stayed longer than a certain dwell-time

threshold.

Let I = {i1, i2, ..., in} be the set of all items in each type of dataset. Each instance in

the datasets contains a subset of items chosen from I, and a collection of items is defined

as an itemset X. For example, in the example shown in Table 4.3, there are 4 items in the

itemset, I = {a, b, c, d}. Instance {b, c} in dataset D1 means that one customer bought

products of categories b and c in time period 1, while another instance {b, c} in dataset S1

means in time period 1 a customer visited zones where products of category b and c are
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(a) customers trajectories in S1
(Morning of 11-10-15)

(b) customers trajectories in S2
(Afternoon of 11-10-15)

Figure 4.1: An example of the trajectories of customers.

Table 4.3: Example of datasets of two time periods from two different data sources.

D1 D2 S1 S2

{b, c} {a, b, c, d} {b, d} {a, b}
{b} {a, b, d} {c} {b}
{a, b} {a} {a} {c, d}
{d} {a, b} {b, c} {b, c}

sold. Here, we should notice that {b, c} in D1 and {b, c} in S1 probably track two different

customers. There are 15 possible candidate itemsets. They are {a}, {b}, {c}, {d}, {a, b},

{a, c}, {a, d}, {b, c}, {b, d}, {c, d}, {a, b, c}, {a, b, d}, {a, c, d}, {b, c, d}, and {a, b, c, d}. Here

notice that each line in Table 4.3 shows just one record in each dataset, and the records in

the same line are not necessarily from the same customer.

The count of an itemset is the number of instances containing it in the dataset. Here

the support of an itemset supp(X) is defined as the absolute occurrence frequency (i.e.,

the count of an itemset) instead of the definition of relative proportion used in some

papers. The counts of all the itemsets are shown later in Table 4.4.
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Table 4.4: Counts of all itemsets of four datasets.

a b c d ab ac ad bc bd cd abc abd acd bcd abcd
D1 1 3 1 1 1 0 0 1 0 0 0 0 0 0 0
D2 4 3 1 2 3 1 2 1 2 1 1 2 1 1 1
S1 1 2 2 1 0 0 0 1 1 0 0 0 0 0 0
S2 1 3 2 1 1 0 0 1 0 1 0 0 0 0 0

Definition 4.1. The growth rate of an itemset in D is:

gr(X, D) =



supp(X,D2)
supp(X,D1)

supp(X, D1) 6= 0

∞ supp(X, D1) = 0 & supp(X, D2) 6= 0

1 supp(X, D1) = 0 & supp(X, D2) = 0

(4.1)

Definition 4.2. The ratio of an itemset between D and S is:

RatioD|S(X) =



gr(X,D)
gr(X,S) gr(X, S) 6= 0

∞ gr(X, S) = 0 & gr(X, D) 6= 0

1 gr(X, S) = 0 & gr(X, D) = 0

1 gr(X, S) = ∞ & gr(X, D) = ∞

(4.2)

Definition 4.3. Given two different kinds of datasets D = {D1, D2} and S = {S1, S2}, where

D and S both contain one negative and one positive dataset, a conditional contrast pattern from

D1 to D2 is an itemset X that satisfies the following conditions:

C1. Supp(X, D2) ≥ minsupp;

C2. Growth(X, D) ≥ mingrowth;

C3. RatioD|S(X) ≥ minratio

The first condition C1 means the support of CCP X is greater than a user-defined

threshold minsupp. This constraint ensures that the pattern should be contained in a min-

imum number of transactions in dataset D. Condition C2 guarantees that the support of

the pattern increases significantly in dataset D. The first two conditions make sure that
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the patterns we find are CPs in dataset D. In the last condition, we constrain the ratio

between the growth rates of patterns in datasets D and S. This ensures the growth rate

of X in dataset D is significantly greater than its growth rate in dataset S.

Our aim is to find all patterns whose support increased significantly in the transaction

dataset, while not changing much in the spatial dataset. For example, for itemset {a}, its

growth rate in dataset D is gr({a}, D) = 4/1 = 4, while in dataset S, its growth rate is

only 1, which means there is no significant increase in the number of visits to the area

selling product a. Therefore, {a} is regarded as a CCP. Knowledge of such a product is

important as it represents a product when the conversion rate of customers has improved.

For itemset {c, d}, the growth rate of it in dataset D is gr({c, d}, D) = 1/0 = ∞, and the

growth rate of it in dataset S is still ∞. It is not a CCP, since it does not satisfy condition

C3.

4.4 CCP Tree-based Method

In this section, we propose a novel method for mining Conditional Contrast Patterns

(CCPs) based on a CCP tree, which is similar to a Pattern tree [37]. The main difference

is that in a CCP tree we need to record values for two different kinds of datasets. There

are two steps in our algorithm: constructing the CCP tree and finding CCPs. First, we

provide the definition of a CCP tree.

4.4.1 Definition of a CCP tree

A CCP tree is a compressed representation of the input data. It can be constructed by

reading the data sets one transaction at a time and mapping each transaction onto a path

in the tree. Since different transactions may have common items, their paths may overlap.

Figure 4.2 shows a CCP tree constructed by using the datasets in Table 4.3. Each node N in

the CCP tree contains an ordered set of items. Suppose we have m items in node N, then

each node can be denoted as N.items[i], i = 1, ..., m. Each item has 6 fields: items.name,

item.countD1, item.countD2, item.countS1, item.countS2 and item.child. In the field of an

item, item.name records the item name; item.countD1, item.countD2, item.countS1 and
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item.countS2 are the count of the item in datasets D1, D2, S1 and S2 respectively; pointer

item.child stores all the children nodes of the current item. The root of the CCP tree is also

a node that contains items, which is different from the null root for an FP tree.

4.4.2 Construction of a CCP tree

To illustrate the process of constructing a CCP tree, we use the example provided in Table

4.3.

(i) Datasets D1 and D2 are scanned once to determine the support count of each sin-

gleton item. Infrequent items can be discarded in this process. The remaining items are

sorted in descending order of support counts, and the item names and support informa-

tion are stored in a header table. If we set the minimum support to 1.0, we can obtain the

ordered item list: b : 6→ a : 5→ d : 3→ c : 2.

(ii) The second pass is made to construct the CCP tree. For example, for the case in Ta-

ble 4.3, we have the first transaction in D1, {b, c}. We first sort each transaction by the or-

dered item list. In this case, it is still {b, c}. Then a node with one item {b, 1, 0, 0, 0, p.child}

is created as the root node, and a node with item {c, 1, 0, 0, 0, {}} is stored as the child

node of item b. For the second transaction in D1, we scan the current tree to check if

there is an existing path. Because the root node already contains item b, we only in-

crease its field countD1, i.e., the node is updated to {b, 2, 0, 0, 0, p.child}. For transac-

tion {a, b}, it can be sorted as {b, a}. Similarly, item b in the root node is updated to

{b, 3, 0, 0, 0, p.child}, and this time, item a is added to the children of item b, which means

that item b has a new child item {a, 1, 0, 0, 0, {}}. For the last transaction {d}, since there

is no d in the root node, the root node has a new item {d, 1, 0, 0, 0, {}}. This scanning

process continues until every transaction in datasets D1, D2, S1 and S2 has been mapped

onto one of the paths in the CCP tree. The final CCP tree is shown in Figure 4.2, and the

pseudo-code is shown in Algorithm 1 and Algorithm 2.
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Figure 4.2: CCP tree of the example data set.

Algorithm 1 create tree(D1, D2, S1, S2, minsupp)
Input: All the datasets and minimum support threshold of D2
Output: The final CCP tree

1 T = {};
2 for trans in D2 do
3 count the frequency of each singleton item;

4 delete item in D2 with frequency lower than minsup;
5 sort remaining items;
6 for trans in D1, D2, S1 and S2 do
7 sort trans;
8 insert tree(trans, T);

9 return T
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Algorithm 2 insert tree(P, T)
Input: One sorted transaction P; T is a CCP tree
Output: The updated pattern tree T

10 search T for T.item[i] = P[0];
11 if T.item[i] is not found then
12 insert p at the appropriate place in T obeying the order, denoted as T.item[i];
13 T.item[i].countD1 = 0;
14 T.item[i].countD2 = 0;
15 T.item[i].countS1 = 0;
16 T.item[i].countS2 = 0;

17 increase T.item[i].countD1, countD2, countS1, countS2 by 1 according to the class label of
the instance;

18 if P[1 :] is not empty then
19 if T.item[i]’s subtree is empty then
20 create a new node N as T.item[i]’s subtree;

21 let N ← T.item[i]’s subtree;
22 call insert tree(P[1 :], N);

4.4.3 Mining CCPs

After building the CCP tree, we mine CCPs from the tree. To obtain the count of each

itemset, we propose to use the merging subtree algorithm, which is inspired by [37]. The

main idea is that the subtree of the current item should be merged with the tree where the

current item is located before we decide whether an itemset is a CCP. For example, before

we check whether {b} is a CCP or not, we need to merge b’s subtree N to the original

tree T. We check all the itemsets using a Depth First Search (DFS) strategy. This means

that after checking {b}, we need to check itemset {b, a} (list order is b → a → d → c).

Because item {a}’s subtree is not empty, its subtree should be merged with tree N. Thus,

for all the itemsets including item b, the order of checking should be {b}, {b, a}, {b, a, d},

{b, a, d, c}, {b, d}, {b, d, c} and {b, c} in our case, as shown in Figure 4.3. The pseudo-code

of merge tree is shown in Algorithm 4.

For every item in the header table, if we find it in the current root node of the tree

and it has a subtree, merge its subtree into the current tree. Then we add the item to an

accumulation itemset β = α ∪ T.item[i], which records the itemset we are checking. If

the item satisfies our CCP conditions, the itemset β is a CCP. Then we keep searching its

subtree if the item satisfies the first condition C1 and its subtree is not empty. Here, we
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use condition C1 to decide whether to check the superset of itemsets, because condition

C1 is anti-monotone. If β does not satisfy the minimum support threshold, neither will

its superset. The algorithm stops when all items in the header table have been checked.

The final merged tree is shown in Figure 4.3, from which we can see that the counts

of all the itemsets are consistent with the statistics of the counts of all possible itemsets

shown in Table 4.4. Here we set minsupp = 1, mingrowth = 2, minratio = 2. This consistency

demonstrates that by using our method, we can obtain the correct counts of each itemset.

After applying our conditions, we derive 10 CCPs from all the itemsets. They are {a},

{a, b, d}, {a, b, d, c}, {a, b, c}, {a, d}, {a, d, c}, {a, c}, {b, d}, {b, d, c} and {d}. We can see

that pattern {c, d} is a jumping emerging pattern in the transaction dataset, while it is not

a conditional contrast pattern, since it does not satisfy condition C3.

Algorithm 3 mine tree (T, α, minsupp, mingrowth, minratio, headerTable)
Input: T is a pattern tree, α is an accumulating itemset, minsupp, mingrowth and minratio

are the minimum support, minimum growth rate, and minimum ratio, which are
designed by the user, headerTable stores the sorted singleton item list

Output: A set of CCPs
23 for item in headerTable do
24 if item is found in T’s items T.item[i] then
25 if T.item[i]′s subtree M is not empty then
26 merge tree(M, T);

27 β = α ∪ T.item[i];
28 if T.item[i] satisfies CCP conditions then
29 generate an CCP β of D2;

30 if T.item[i]’s subtree N is not empty and T.item[i].countD2 ≥ minsupp then
31 mine tree(N, β, minsupp, mingrowth, minratio, headerTable);

4.4.4 Analytical Results

Space complexity During runtime, we not only need to store the counts of each node,

but also the pointers between nodes. This may result in increased storage. To solve this

problem, we can adopt the method proposed in [37] and [49], which partitions the data

set into a set of projected data sets and mine patterns for each projected dataset.
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Algorithm 4 merge tree(T1, T2)
Input: T1 and T2 are two pattern trees
Output: An updated tree T2 after being merged with T1

32 for each item of T1, T1.item[i] do
33 search T2 for T2.item[j] = T1.item[i];
34 if T2.item[j] is found then
35 update T2.item[j] by adding the count of T1.item[i] correspondingly;

36 else
37 copy and insert T1.item[i] with its counts and child node at the right place in T2,

and denoted as T2.item[j];
38 continue;

39 if T1.item[i]’s subtree M is not empty then
40 if T2.item[j]’s subtree is empty then
41 create a new node N as T2.item[j]’s subtree;

42 N← T2.item[j]’s subtree; call merge tree(M,N);

Figure 4.3: Final merged tree of the illustrative dataset.

Computational complexity A detailed analysis of the time complexity for the CCP tree

based algorithm is shown below.

Construction of CCP tree: First, we need to scan all the datasets once to obtain the

header table. In the second scan, for each transaction, we need to find the right position

for each item in the transaction to insert in the current CCP tree. Assuming that Nt is

the total number of transactions, w is the average transaction width, and the algorithm

complexity of sorting items is O(w · log(w)), then the computational complexity of con-

structing the CCP tree is O(w · log(w)Nt).

Mining CCPs: The best case happens when all the transactions have the same set

of items, which means the CCP tree contains only a single branch of nodes. If all the
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candidates satisfy the CCP conditions, the algorithm complexity will be O(2w). In the

worst case, all the possible itemsets appear in the transactions and their counts are all

greater than the minimum support threshold. In this case, we build the biggest CCP

tree. Assuming that d is the number of singleton items, the computational complexity

of mining CCPs is O(d · 2d−1) in the worst case. In practice, since not all the patterns

will exist in transactions and not all the patterns satisfy condition C1, the computational

complexity will be lower than the worst case O(d · 2d−1).

Completeness proof The construction of the CCP tree is exhaustive, and all the counts

in different datasets are recorded in the tree node. This preserves complete information

for CCP mining. By merging the tree, we can obtain the exact counts for each itemset. In

our mining algorithm, all possible itemsets are checked except some itemsets that may

be pruned by using condition C1, since this condition is anti-monotone. We also test the

accuracy of our method using a brute force method, which checks all combinations of

items. The experiments show that the results of these two methods are the same.

4.5 Performance Evaluation

In this section, we evaluate the performance of our CCP tree based method. We describe

the synthetic and the real-life dataset in Section 5.1, and baseline methods in Section 5.2.

Then we compare our method with other methods in terms of efficiency and quality for

synthetic data in Section 5.3. In the last section, we show the results derived from the real

dataset.

All experiments are performed on a laptop with 2.6 GHz Intel® Core™ i7− 5600U

CPU, 16 GB memory, and Windows 7 64bit Enterprise operating system. The programs

are coded in Python (version 3.6.0).

4.5.1 Synthetic Dataset

For synthetic data, we simulate a store with Np zones in terms of the product categories.

Suppose that we have five categories of customers, who have different probabilities in
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buying different products. Note that costumers may visit a set of zones and purchase

several categories. The probability of a customer belonging to category j buying products

in zone i is Pb(i, j), which is chosen arbitrarily, and the value chosen has no effect on the

evaluation of our algorithm.

The chance that a customer of category j entered zone i, Pv(i, j) is decided by a sale

ratio, Ratio, namely:

Pv(i, j) = Pb(i, j) · Ratio,

wherein Ratio(j) ≥ 1. Then we can get the probabilities of customers visiting different

areas according to the formula above. We also suppose that the probabilities of different

categories of customers P(Cate(j)) are equal. For example, if there are 5 categories of

customers, P(Cate(j)) = 0.2 for j = 1, ..., 5.

By changing the parameter Ratio, we can generate dataset D and S of two different

time periods. For example, setting Ratio = 1.1, we can generate dataset D1 and S1.

Similarly, setting Ratio = 1.2, we can generate another two datasets D2 and S2.

4.5.2 Real Dataset – Melbourne Retail Shop

In this dataset, 78 days of transaction data and spatial data in one store located in Mel-

bourne were collected from November 2015 to February 2016. In the store, a set of sensors

are installed, which monitor the position of individual customers over time by detecting

the WiFi MAC address of a customer’s mobile phone. Note that some customers may

not have a mobile phone, or WiFi is not activated on their phones. We assume that the

proportion of this kind of customer is constant among different days. Since in our prob-

lem, we only pay attention to the change of the number of customers, these customers in

constant proportion will have no effect on our results. Each trajectory represents one cus-

tomer visiting the store, and each transaction represents one customer buying product(s)

in the store. Based on the category of items on the shelf, the store is divided into eight

polygon zones, with the cashier zone excluded. The trajectory of one customer is com-

posed of a sequence of 2D points with a unique WiFi MAC address. Based on which zone

each 2D point occurs in, each trajectory is translated to a set of zones. Then, a threshold
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of total dwell time (30 seconds in the current case) is applied to discard customers with

short dwell time. Also, trajectories that occurred out of business hours are considered as

those generated by staff, which are removed. Transaction data with a negative amount

indicates a refund, which should not be taken into account in our experiment. In all, there

are 215, 748 valid trajectories and 109, 752 valid transactions. The name and detailed lay-

out of the store cannot be revealed for confidentiality reasons. The names of the 8 zones

in the store are also anonymized.

4.5.3 Evaluation

Baseline Mining Methods

We compare our proposed method with two other methods: brute force method, and

Apriori-based method. The brute force method considers all the combinations of items.

It scans the datasets every time it calculates the counts of all the itemsets. Since the

first proposed condition satisfies the anti-monotone property, we can apply the Apriori

principle to help us reduce the number of possible candidate itemsets.

Results for Synthetic Data

To evaluate the efficiency of our method, we compared the running time of the three

approaches. Figure 4.4 shows the running time of the three methods as the number of

transactions in each dataset varied from 100 to 20, 000. Other parameters setting are:

Np = 15, minsupp = 2, mingrowth = 2, minratio = 2.

We can see that the running time of the brute force method increased dramatically

as the number of transactions increases. Here, we only provide the results of the brute

force with less than 3000 transactions. When the number of transactions is below 3000

transactions, the Apriori-based method has comparable run time to the CCP-tree based

method. However, as the number of transactions further increases, the Apriori-based

method becomes slower, while the running time of our proposed method stays almost

stable.
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Figure 4.4: CCP mining time v.s. number of transactions of synthetic data.

We also compared the number of patterns we can find using the CCP-tree based

method and CP-tree based method [37]. The numbers of CPs and CCPs are also shown in

Figure 4.4 as the number of transactions in each dataset increased from 100 to 20, 000. We

can see that the number of CCPs is less than the number of CPs, since we filter CCPs from

CPs by utilizing information from other datasets. The growth rate of the number of CCPs

is also slower than CPs. This is because as the number of transactions increased, there

would be more patterns that satisfy the conditions of CPs, while for CCPs, the number of

transactions has little influence on the number of CCPs we can find.

Table 4.5 shows the running time of the three methods as the number of items varies.

Here the number of transactions in each dataset is 3000. The brute force method is still

the slowest. With only 15 items, its running time can be 61 times longer than the other

two methods. When the number of items is no more than 20, the Apriori-based method is

a little faster than the CCP-tree based method. While when the number of items reached

25, the CCP-tree based method is about 1.5 times faster than the Apriori-based method.

In practice, the running time of our proposed method may be reduced by using compiled

languages and algorithm parallelization.
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Figure 4.5: Number of CCP and CP v.s. number of transactions of synthetic data.

Table 4.5: Running time depending on the number of items on synthetic data.

Running time(s)
15 items 20 items 25 items

Brute force 371.98 - -
Apriori 5.95 94.67 1384.49

CCP tree 6.08 95.24 986.83

Table 4.6: Description of the five tests on real data: Transaction data and spatial data of
customers.

Test
Data set Number of Transactions

Negative Positive D1 D2 S1 S2

1
26/12/15-
28/12/15

22/12/15-
24/12/15

2,397 7,366 4,706 8,340

2
25/01/16-
31/01/16

01/02/16-
07/02/16

9,910 12,195 19,754 29,372

3 Sundays Mondays 18,129 19,156 34,566 36,965
4 Sundays Saturdays 18,129 18,852 34,566 35,300
5 Tuesdays Mondays 17,147 19,156 33,281 36,965
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(a) Running time comparison (b) Number of CCPs and CPs

Figure 4.6: Results on real data - transaction data and spatial data of customers.

Results for Melbourne Retail Shop

In a retail environment, emerging patterns of purchased items are often analyzed to pro-

vide sales strategies. Intuitively, sale increases relate to more customer visits. It is the

patterns whose sales change significantly but with little variation in customer visits that

are of special interest. These patterns fit well with our proposed conditional contrast

patterns (CCPs), and can be obtained using our CCP tree based mining algorithm.

We select 5 representative time periods from the data to test the performance of our

algorithm. The first time periods in the comparison are 26/12/2015− 28/12/2015 and

22/12/2015 − 24/12/2015, which are 3 days after the Christmas Day and 3 days be-

fore it. The second comparison is between 01/02/2016− 07/02/2016 and 25/01/2016−

31/01/2016, which are one week before the start of school and one week after it. The last

three comparisons are Sundays and Mondays, Sundays and Saturdays, and Mondays

and Tuesdays. The description of the time period is shown in Table 4.6.

Then we obtain five sets of datasets {D = D1 ∪ D2, S = S1 ∪ S2}. The detailed num-

bers of transactions in D1, D2, S1 and S2 are shown in Table 4.6. In these experiments, the

parameter threshold settings are minsupp = 5, mingrowth = 2, minratio = 2.

The running time of the three methods is shown in Figure 4.6a. As shown in Fig-

ure 4.6a, in all the five tests, the running time of the brute force is the highest, and it

strongly depends on the number of transactions. The Apriori-based method is much bet-
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ter than brute force, but it also depends on the number of transactions. Our method is the

fastest, with all the running times less than 0.5 second, and the number of transactions

has little influence on its performance.

The number of CCPs and CPs are shown in Figure 4.6b. We can see that the number

of CCPs is less than CPs, which means that we extract fewer contrast patterns by utilizing

two kinds of datasets and these patterns are more informative and actionable for decision

makers. We also notice that in test 1 and test 2, although the number of transactions is less

than the number of transactions in test 3, test 4 and test 5, the number of CCPs in the first

two cases is larger than the number in the last three cases. This means that the time

periods under contrast are more different than other time periods.

4.6 Conclusion and Future Work

In this chapter, we have introduced a new kind of contrast pattern, conditional contrast

patterns. In contrast to normal contrast patterns, CCPs are able to use information from

other data sources. We also have proposed a conditional contrast pattern tree based al-

gorithm for mining CCPs. By comparing our method with two other baseline methods

(brute force method and Apriori-based method) on synthetic data, we have evaluated

the efficiency of our method. The results show that our CCP tree based method is the

most efficient one among these methods. A real-world case study relating to customer

behaviors has been applied to further explain our proposed method.

Overall, we believe that we have proposed a useful and interesting contrast pattern

for multi-source mining, and our proposed CCP method is practical in analyzing data

from retail environments. Also, we believe CCPs can be applied to other areas, such as

classification. In the future, we would like to develop more time-efficient methods, such

as approximate methods, for mining CCPs.

In the next chapter, we will focus on knowledge discovery and contrast mining from

the trajectories generated from heterogeneous mobile networks.





Chapter 5

Multi-scale Trajectory Clustering to
Identify Corridors in Mobile Networks

In the previous two chapters, the trajectory data we studied are generated from pedestrian in indoor

environments, such as a station or a shop. In the following three chapters, we mainly focus on the

study of trajectory data generated from large-scale heterogeneous mobile networks.

Deployment and management of large-scale mobile edge computing infrastructure in 5G networks

has created a major challenge for mobile operators. The ability to extract common users’ trajectories

(i.e., corridors) in mobile networks helps mobile operators to better manage and orchestrate the allo-

cation of network resources. However, compared with other types of trajectories, mobile trajectories

are coarse, and their granularity varies due to the inconsistent density of cell towers. To identify the

underlying geographical corridors of users in mobile networks, we propose a hierarchical multi-scale

trajectory clustering algorithm for corridor identification by analyzing the non-homogeneity of the

spatial distribution of cell towers and users’ movements. To measure trajectory similarity on different

scales we propose a distance measure based on Hausdorff distance that considers the cell density dis-

tribution. Common corridors are represented as weighted graphs as the final results, which can not

only highlight users’ frequent paths but also users’ movement pattern between cell towers. The pro-

posed methods are validated using real-life datasets provided by China Mobile. Results show that by

considering the heterogeneity of mobile networks, our method can achieve the best performance with

more than 10% improvement in clustering quality compared with state-of-the-art methods.

The publication arising from the work in this chapter is paper P3.

5.1 Introduction

The development of smart devices and data networks (from 2G/3G/4G to the new gen-

eration 5G) has provided mobile users with faster and easier access to the mobile In-

73
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ternet. The movements of mobile users can be detected and collected by their mobile

phones, which results in large volumes of human mobility data, such as GPS tracks and

CDR traces available to mobile operators. Recently, studies showed that this data can be

helpful in human dynamics studies [133]. When mobile users access the Internet, their

trajectories can be passively detected by identifying the sequence of locations of the cell

towers that provide Internet data to them. This kind of data acquisition method has sev-

eral advantages, such as low energy consumption, wide range coverage and fine time

granularity (applications may send or receive packets periodically when running in the

background and people may access the Internet while moving).

In our work, we focus on the problem of identifying the underlying geographical cor-

ridors of trajectories generated in mobile networks. A corridor can be treated as a path-

way that is frequently traversed by a considerable number of mobile users. In Figure 5.1,

there are 4 distinct continuous trajectories sharing a corridor (marked as a gray area).

Identifying corridors provides us an opportunity to understand the movement patterns

of users in mobile networks, which will then help service providers in the deployment of

networks and base stations, and the management of network resources. For example, the

costs of deploying a large number of mobile edge computing [70] servers at the edge of

mobile networks could be minimized by focusing on deployment at corridors. Further-

more, the ability to identify the temporal dynamic patterns of corridors could help the

orchestration of 5G network resources through network function virtualization [81] and

network slicing [39].

However, there are challenges in identifying corridors generated in mobile networks.

First, the trajectories represent discrete approximations of original continuous paths de-

rived by users using different travel modes with varying speeds. Thus, in mobile net-

works, sometimes trajectories of the same path may result in totally distinct cell se-

quences. Second, the cell towers are distributed heterogeneously, i.e., the density of cell

towers varies at different places. For example, in rural areas or suburbs, the cell towers

are distributed coarsely, whereas in urban places, the density of cells is higher. Therefore,

using the absolute distance measures between trajectories may not be suitable for finding

the real corridors. Figure 5.2 illustrates the cell sequences generated from the continuous
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Figure 5.1: Example of four trajectories sharing one corridor - continuous trajectories.

Figure 5.2: Real-life mobile trajectories of example in Figure 5.1. (The yellow circle shows
the coverage of a cell tower.)
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trajectories in Figure 5.1. Although T1, T2, T3 and T4 all share one corridor, their cell

sequences are different. We also notice that trajectories which are close to each other can

have large distances between them in areas with sparse cells, while distinct trajectories

may be closer to each other in dense areas. To measure the similarity between trajecto-

ries, the density of cells needs to be considered in the distance measure instead of directly

using the absolute distance.

Therefore, we propose a multi-scale trajectory clustering algorithm for identifying

users’ corridors in mobile networks. To the best of our knowledge, it is the first study

that focuses on the corridor identification of human trajectories generated from heteroge-

neous mobile data networks. Our main contributions are: (1) We propose a new distance

measure based on Hausdorff distance to calculate the similarity between sub-trajectories

by considering the distribution of cells. (2) We propose a two-level clustering method

based on the developed distance measure. Corridors are identified and represented as

weighted graphs based on the clustering result. (3) We conduct experiments over the

real-life data of mobile users in a southern province in China to evaluate our approach,

which show improvements in both interpretability and clustering quality.

5.2 Related Work

In the literature, generally there are two strategies for solving the trajectory clustering

problem. The first one is clustering the whole trajectory. The second one is clustering the

segments of trajectories to find the common sub-trajectory, which is more conservative

compared to complete trajectories and was first proposed in [60].

The authors in [60] proposed a partition-and-group framework for clustering trajec-

tories, TRACLUS, which enables the discovery of common sub-trajectories, based on

a trajectory partitioning algorithm that uses the Minimum Description Length (MDL)

principle. They also defined the distance measure between two single line segments

as the weighted sum of three measurements, i.e., perpendicular distance, parallel dis-

tance and angle distance. A clustering method based on DBSCAN for line segments

is also proposed. Finally, the notion of the representative trajectory of a cluster is also
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provided based on sweeping. However, the proposed algorithm for clustering is sensi-

tive to its input parameters, and the representative trajectory of a cluster primarily sup-

ports straight movement patterns but cannot identify complex (e.g., circular, polygonal)

motions, which are common in real-world applications. To solve this problem, a three-

phrase approach was proposed in [136] to discover trajectory corridors (i.e., frequently

followed paths) using the Discrete Fréchet distance. In the first step, trajectories are seg-

mented into sub-trajectories (short polygonal curves not line segments) using meshing-

grids, and then the sub-trajectories in each grid cell are clustered separately using a hi-

erarchical clustering method to avoid accumulation. In the third phrase, local clusters

in each cell are concatenated together to construct the final corridors. In [45], a trajec-

tory clustering method based on motifs (frequently occurring substrings) was proposed.

Trajectories are simplified first and partitioned according to some predefined motion pat-

terns, such as wide left turn and short left turn. Then the algorithm computes motifs and

maps subtrajectories corresponding to motifs into some feature space. Finally, DBSCAN

clustering is applied and representative trajectories are obtained using the method men-

tioned in [60]. The authors claimed that their method is better than [60], because they

can detect more patterns and not just relatively straight curves. Recently, the authors in

[137] proposed a method for detecting a set of corridors from GPS trajectories using the

MDL principle. The DTW distance measure is adopted, and for inferring the most likely

path of a sparse uncertain movement a graph-based approach was proposed. In their

consecutive work [138], they proposed to use a grid-based method to transfer trajectories

into grid cell sequences and then Latent Dirichlet Allocation (LDA) was applied to dis-

cover frequent sets. Then a hierarchical clustering algorithm was applied for grouping

trajectories. Finally, the MDL principle was adopted for corridor selection. A summary

of this prior work is given in Table 5.1.

Although there has been extensive literature on mining the trajectory data or finding

common human mobility patterns, few of them focus on mobile network data. In [89], the

authors proposed a method based on the Apriori algorithm to find the frequent hotspot

sequences, which is different from our work. Here we choose to use the location of cel-

lular towers directly to find the common pathways. To the best of our knowledge, this is
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Table 5.1: A summary of papers related to corridor/pathway identification.

Reference Lee et al. [60] Zhu et al. [136] Zygouras et al.
[137, 138]

Data Type GPS GPS GPS
Segmentation MDL principle grid meshing grid meshing
Similarity weighted sum of

three measure-
ments

Discrete Fréchet
distance

DTW

Clustering DBSCAN hierarchical clus-
tering

hierarchical clus-
tering

Identification sweeping inter-grid con-
catenation

MDL principle

Spatial 3 3 3

Temporal 7 7 7

homogeneous 3 3 3

heterogeneous 7 7 7

the first study that focuses on the pathway identification of human trajectories generated

from heterogeneous mobile data networks.

5.3 Problem statement

Suppose that in a mobile network there are N cellular towers, which is represented as

C = {c1, c2, ..., cN}, and each cell tower has a unique identifier and is associated with its

coordinates.

Definition 5.1. Trajectory A trajectory can be represented as a sequence of states in a given

period of time: Traj = {s1, s2, ..., sn}, where n is the number of cells visited by the user. A state

is defined as s = (c, t, stay), where c is the cell ID, t is the time when the user entered the current

cell, stay is the stay time in the current cell.

Definition 5.2. Tracklet A tracklet, T, is a directed fragment of a trajectory Traj, i.e., T =

{sa, ..., sb}, where 1 ≤ a < b ≤ n .

Definition 5.3. Corridor A corridor, cor, is a cluster of similar tracklets, which represents the

movement of a certain number of mobile users, denoted as cor = {T1, T2, . . . , TK}. It satisfies the

following conditions:
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Figure 5.3: Flowchart of corridor identification.

1. K ≥ δ, which means the number of tracklets in cor should be no less than a threshold δ;

2. The tracklets in one corridor are similar, where the similarity measurement of tracklets is

described in Section 5.4.2.

Problem: Given the historical trajectories of a set of M mobile users Traj = {Traj1,

Traj2, . . . , TrajM}, our task is to identify a set of corridors COR = {cor1, cor2, . . .} of users

in the network.

5.4 Multi-scale Corridor Identification

There are four steps in the corridor identification algorithm, as shown in Figure 5.3. First,

data are preprocessed by data aggregation, data cleaning and oscillation resolution. In

the second step, trajectories are partitioned into tracklets according to our defined con-

straints on stay time and movement direction. Then tracklets are clustered together to

extract common journeys shared by users, and clustered again in the second level to

identify corridors.

5.4.1 Data Preprocessing

There are three steps in data preprocessing.
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Aggregation The original data include logs of mobile phone users’ activities. Each log

is generated every 5 minutes, which contains the timestamp and the ID of the cell tower

that the phone is connected to. Mobile phone users’ logs are aggregated if the consecutive

logs have the same cell ID, then each state of a user includes the cell ID, the time when

the user entered the cell, and the stay time in the cell, as defined in Section 5.3.

Cleaning Users who have only a few records are discarded since they have insufficient

data for analysis.

Oscillation resolution Oscillation is a common phenomenon and major problem in

the location data collected from mobile cellular networks. This occurs when the mobile

phone intermittently switches between cells quickly or when the mobile users are located

near the boundary of different cells. There has been some research on how to resolve this

problem to enable further mobility modeling (e.g., [88, 118]). Here, the DECRE (Detect,

Expand, Check, REmove) algorithm [118] is adopted, since this method does not rely

on other data sources and uses the cell locations (rather than cell clusters) to represent

locations of mobile users.

5.4.2 Two-level Clustering

Tracklet Extraction from Trajectories

Tracklet extraction is similar to trajectory segmentation, wherein the main task is to iden-

tify when a trip starts or ends. We propose to extract the tracklets based on both tem-

poral and spatial heuristics. We suppose that in a trip, the movement direction should

not change a lot, and the stay time at the start and end cells should be reasonably long.

According to these two basic assumptions, a tracklet T = {sa, ..., sb} (1 ≤ a < b ≤ n)

extracted from a trajectory Traj = {s1, s2, ..., sn}, needs to satisfy the following two con-

straints:

1. ∆(dir(si−1, si), dir(si, si+1)) ≤ dirthres, ∀i ∈ [a + 1, b− 1];

2. stayi ≤ staythres, ∀i ∈ [a + 1, b− 1],
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where dir(·, ·) is the movement direction of two consecutive states, dirthres is the threshold

of direction difference, which makes sure that the heading direction of the mobile user

does not change dramatically, and stayi is the stay time in cell ci, which should be no

greater than a time threshold staythres.

The pseudo-code for tracklet extraction from trajectories is shown in Algorithm 5.

Algorithm 5 Trajectory2tracklet
Input: A trajectory Traj = {s1, s2, . . . , sn}; two thresholds dirthres, staythres
Output: A set of tracklets in TL

43 Initialize TL = {} ;
44 Add the first line segment Tcurr = {s1, s2} ;
45 for each state in trajectory si ∈ Traj, (2 ≤ i ≤ n− 1) do
46 if ∆(dir(si−1, si), dir(si, si+1)) ≤ dirthres and staysi ≤ staythres then
47 append si+1 to Tcurr ;

48 else
49 add Tcurr to TL ;

Tcurr = {si, si+1} ;

First Level Clustering

A two-level clustering scheme is proposed to group similar trajectories. On the first level,

similar tracklets are grouped in one cluster and dissimilar tracklets into different clusters.

In our problem, it is difficult to determine the number of clusters and all the tracklets are

not necessarily assigned to one specific cluster. Therefore, we propose to use the modified

sequential algorithm [104], which is not sensitive to noise and does not need to set the

number of clusters.

In order to measure the dissimilarity between two tracklets, we propose a distance

measure based on Hausdorff distance. Hausdorff distance represents the maximum mis-

match level between two point sets [50]. Instead of using the distance between points,

here we use the distance between a point and line segment. Moreover, to overcome the

problem caused by cell heterogeneity, we propose to normalize the distance by introduc-

ing a normalization factor, which is calculated based on the cell density. We suppose that

the density contributed by a cell follows a Gaussian distribution. The mean vector is the

center of the cell tower, and that three times the standard deviation is equal to the cover-



82 Multi-scale Trajectory Clustering to Identify Corridors in Mobile Networks

Figure 5.4: Illustration of distance measure between T1 and c2
2.

age radius of the cell. Therefore, the accumulated density at each cell in the network is

considered as the density of the cell in a network, which is:

ρ (ci) =
N

∑
j=1

1√
2πσj

exp(−
d2

ci ,cj

2σ2
j
), (5.1)

where dci ,cj is the spherical distance between centers of two cells ci and cj, and σj = rj/3,

rj is the coverage radius of cj. Then, the distance from ci to Tj is:

dρ
ci ,Tj

= α · dci ,Tj =
N · ρ (ci)

∑N
k=1 ρ(ck)

· dci ,Tj , (5.2)

where α is the normalization factor and dc,T is the distance between cell c and tracklet

T, i.e., the shortest distance from the cell center to all line segments in tracklet T. For

example, in Figure 5.4, the distance between cell c2
2 and tracklet T1 is the shortest distance

from the cell c2
2 to the three line segments (c1

1, c1
2), (c

1
2, c1

3) and (c1
3, c1

4) of T1, i.e., dc2
2,T1

=

min(d1, d2, d3) = d2. If c2
2 is in a dense area, then α will be greater than 1, and d2 will turn

larger; otherwise, d2 will be normalized to a lower value. Specifically, when the network

is homogeneous, dρ
ci ,Tj

= dci ,Tj since ρ (ci) = ρ
(
cj
)
, ∀ci, cj ∈ C. Then we can define the

Modified Hausdorff Distance.

Definition 5.4. Modified Hausdorff Distance Given two tracklets T1 = {s1
1, s1

2, ..., s1
m} and

T2 = {s2
1, s2

2, ..., s2
n}, the Modified Hausdorff distance dist(T1, T2) is defined as:

dist(T1, T2) = max(∆(T1, T2), ∆(T2, T1)), (5.3)
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∆(Ti, Tj) = max(dρ

ci
1,Tj

, dρ

ci
2,Tj

, . . . , dρ

ci
m,Tj

). (5.4)

We refer to the clusters from the first level as journeys, since the tracklets in one cluster

are similar to each other in terms of movement path, start point and end point. Common

journeys are selected if the number of tracklets in the journey is greater than a user-

specified threshold.

Second Level Clustering

On the second level, the similarity of journeys is evaluated on a grid-based strategy, and

these similar journeys are grouped using hierarchical clustering. First, the whole region

is divided in both horizontal and vertical directions to form small rectangular grids. A

high density in a certain grid indicates a large number of tracklets in this journey pass

through this small area. Then, the similarity of two journeys is calculated as the similarity

between their corresponding density matrices. Here, the similarity s between two m by

n density matrices A = (aij) and B = (bij) is evaluated as the cosine similarity:

s(A, B) =
∑m

i=1 ∑n
j=1 aij · bij√

∑m
i=1 ∑n

j=1 a2
ij ·
√

∑m
i=1 ∑n

j=1 b2
ij

. (5.5)

Since each element in the density matrix is non-negative, s ranges between 0 and 1. A

higher value indicates a higher similarity between two journeys.

Given the clustering result of a set of journeys, the density matrix of all the journeys,

and a frequency threshold δ, we take two steps to find the corridors in each cluster. In

the first step, for each cluster, areas that have frequencies higher than the threshold δ are

identified. A binary matrix can be obtained, with each element indicating whether or not

the frequency of the corresponding area is above the threshold. In the second step, each

tracklet in one cluster is checked by the binary matrix, and the parts that pass through

high-frequency areas are extracted as a new tracklet in a corridor. Then the tracklets in

each corridor are represented and visualized as a weighted graph. For example, as shown

in Figure 5.5, journey 1 and 2 are identified from the first level clustering. Since these
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Figure 5.5: Illustrative example of corridor identification.

two journeys share some common parts they are clustered together in the second level

clustering, and the common parts are identified as a weighted graph in the rightmost

subfigure, where the small red circles represent cell towers and the line width reveals the

traffic volume.

Algorithm 6 identi f y corridor(clusters, M, δ)

Input: clusters = {c1, ..., ck} generated from the second level clustering, each cluster con-
tains several common journeys; the density matrix of all the common journeys M;
one threshold δ

Output: Common pathways P = {p1, ..., pk}
50 for each cluster ci in clusters do
51 Initialize pi = {} ;
52 density matrix Mci ← sum of density matrices of the common journeys in ci ;
53 binary matrix Bci ← element of Mci greater than δ labels 1, otherwise labels 0 ;
54 for each commom journey in cluster ci do
55 for each tracklet Tj in the common journey do
56 Tnew ← extract part of Tj that located in the high frequency area Bci ;
57 append si+1 to Tcurr ;

5.5 Experiments and Results

The real-life dataset was originally collected by China Mobile which contains 5,000 mo-

bile users from a province in South China (nearly 80,000 cell stations). The cell locations

(longitude and latitude) of each user is recorded every 5 minutes in a time period of three

weeks (from 23:55 14/11/2015 to 23:50 05/12/2015). In the following experiments, we
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Table 5.2: Distance measure comparison for the tracklets.

Tracklets Ours HD DFM DTW LCSS EDR SSPD
T1, T2 3.50 0.75 0.81 2.98 0.18 0.18 1.10
T3, T4 1.00 1.48 24.01 7.66 0.67 0.45 1.12
T2, T3 30.08 24.97 25.46 69.07 0.89 0.74 13.38

Figure 5.6: Illustrative example of tracklet distance measure.

studied three cities, Foshan, Shenzhen and Guangzhou.

5.5.1 Evaluation of the Distance Measure

Here we compared our distance measuring method, Modified Hausdorff Distance (MHD),

with Hausdorff Distance (HD) [50], Discrete Fréchet Metric (DFM) [34], Dynamic Time

Warping (DTW) [11], Longest Common SubSequence (LCSS) [109], Edit Distance on Real

sequence (EDR) [23] and Symmetrized Segment-Path Distance (SSPD) [12]. As shown in

Figure 5.6, four tracklets (T1, T2, T3 and T4) are extracted from our data of Foshan city. T1

and T2 are two tracklets within the CBD area, whereas T3 and T4 are tracklets commut-

ing between the CBD of Sanshui District and the CBD of Foshan City. Then we calculate

the distance between T1 and T2, and the distance between T3 and T4 using the method

in Section 5.4.2. The results in Table 5.2 show that only our proposed MHD method can

identify that T3 and T4 are closer than T1 and T2.

Then we compare the first level clustering results of these distance measures on three
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cities. The quality of a clustering algorithm can be evaluated using several validity in-

dices proposed in the literature [103, 125], such as Davies-Bouldin Index and Dunn’s In-

dex [33]. Here, we propose to adopt three evaluation metrics, silhouette coefficient (SC),

cohesion (Co) and separation (Se) to verify the advantages of our proposed method. For

the ith tracklet, the computation method is given as:

1. Calculate its average distance to all other tracklets in its cluster, which is denoted

as ai;

2. For other clusters that do not contain the tracklet, calculate the tracklet’s average

distance to all the tracklets in the given cluster. Denote the minimum value as bi;

3. The Silhouette Coefficient of the ith tracklet can be obtained by si = (bi− ai)/max(ai, bi).

Then, the Silhouette Coefficient of a cluster is the averaged Silhouette Coefficients of

all tracklets belonging to the cluster. Similarly, the overall measure of the clustering re-

sults is the average of all the tracklets’ Silhouette Coefficients. The value of the Silhouette

Coefficient is in a range of [−1, 1]. A positive and high value of the Silhouette Coefficient

indicates a good clustering.

In addition, we also use the averaged distance within clusters and the averaged dis-

tance between clusters to measure the cohesion Co and separation Se of the clustering

result. The formulas are given as:

Co(ci) =
1
|ci| ∑

x∈ci ,y∈ci

dist(x, y), (5.6)

Se(ci) = minj 6=i
1

|ci||cj| ∑
x∈ci ,y∈cj

dist(x, y), (5.7)

where | · | represents the number of tracklets in the cluster. The overall Co and Se are the

averaged cohesion and separation of all the clusters, respectively.

As shown in Table 5.3, our proposed method considering density can achieve the best

results with a high SC, a relatively low Co and a high Se. The SSPD [12] uses a similar

idea of calculating the distances between points and line segments instead of points-to-

points. The difference is that SSPD uses the mean value of all the distances whereas our
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Table 5.3: Clustering comparison of different methods.

Method
Foshan Shenzhen Guangzhou

SC Co Se SC Co Se SC Co Se
HD 0.33 6.72 19.40 0.47 6.48 16.27 0.49 9.73 25.38

DFM 0.31 4.94 8.50 0.31 16.25 25.10 0.45 24.90 48.56
DTW 0.26 21.32 31.40 0.42 24.31 54.54 0.37 15.63 33.68
LCSS 0.14 0.67 0.81 0.29 0.49 0.74 0.35 0.45 0.71
EDR 0.06 0.62 0.68 0.23 0.45 0.59 - - -
SSPD 0.32 3.29 5.80 0.43 3.30 7.01 0.46 2.60 7.98
Ours 0.47 9.40 26.98 0.58 4.76 26.93 0.69 2.85 15.76

(a) Heat map generated without considering the cell dis-
tribution.

(b) Heat map generated by our proposed method.

Figure 5.7: Heat maps generated on users from Foshan City.

proposed method uses the maximum value. This also explains why SSPD can achieve

better results than other methods, since they use the averaged distance which reduces

the effect of noise to some extent.

Figure 5.7 shows the heat maps of the clustering results by using our proposed method

and the method without considering the cell distribution. In Figure 5.7a, since the het-

erogeneous distribution of cells is not considered, in the city center area, pathways are

not easy to be detected. Moreover, some frequent pathways traversing rural areas can

not be identified. However, the result of our proposed method as shown in Figure 5.7b

can clearly show users’ movement flows in dense areas, as well as in sparse areas.
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(a) TRACLUS [60] (b) FDMG [136] (c) our proposed

Figure 5.8: Corridors identified using different methods.

5.5.2 Corridor Evaluation

Figure 5.8 compares the corridors identified by our method and two other methods

[60,136]. In the urban areas, our proposed method can clearly identify multiple corridors,

which are either missing in Figure 5.8a or indistinguishable in Figure 5.8b. Meanwhile,

by considering the heterogeneous distribution of cell towers (refer to Section 5.4.2), our

proposed method can identify more corridors that follow the road directions in the sub-

urbs.

The stay time threshold staythres and dirthres in Section 5.4.2 are selected when the

change rate of the number of extracted tracklets is the lowest. Figure 5.9 studies the vari-

ation of the number of extracted tracklets as a function of threshold parameters staythres

and dirthres. In Figure 5.9a, the number of extracted tracklets decreases as staythres be-

comes larger, and the most rapid decline occurs at low values of staythres. When staythres

exceeds 60min, the number of extracted tracklets remains essentially unchanged with

only a slight decrease for each dirthres. Thus, here staythres = 60min is applied to the

experiments. In Figure 5.9b, the number of extracted tracklets consistently decreases as

dirthres turns larger, with the most rapid decrease when dirthres approaches 180◦. We se-

lect dirthres to be 90◦, which corresponds to the position with the minimum rate of change.

A variation of staythres from 50min to 70min is observed to have negligible effect on the

shape of the curve.

The distance threshold disthres in the first-level clustering is chosen when SC reaches
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(a) staythres (b) dirthres

Figure 5.9: Parameter analysis on staythres and dirthres.

(a) Silhouette coefficient (b) Cohesion and separation

Figure 5.10: Parameter analysis on disthres.

the maximum whilst the number of identified corridors are relatively high. We calculate

the SC, Co and Se with several different disthres values, ranging from 2 to 20, as shown in

Figure 5.10. The silhouette coefficient, as shown in Figure 5.10a, measures how similar

an object is to its own cluster as compared to other clusters. Figure 5.10b shows the

variations of cohesion and separation. The result with a high value of separation and

a low value of cohesion is preferred. The results are based on the data in Foshan city,

which indicates that when the distance threshold disthres is between 5 and 10, we can

make sure the silhouette coefficient and separation value are high and the cohesion value

is relatively low. Therefore, in our experiment, the value of 7 is chosen as the distance

threshold dirthres.

An appropriate grid size is chosen to balance the quality of clustering and computing
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(a) 160× 150 meshing grids (b) 480× 450 meshing grids

Figure 5.11: Heat maps in different grid sizes.

time. We investigate the effect of spatial resolution, i.e., the granularity of the mesh grid.

Besides the currently applied resolution of 320 × 300 (see Figure 5.7b), two cases with

coarser (160× 150) and finer (480× 450) mesh grids are compared in Figure 5.11. For

the coarser mesh grid, the size of each grid is 2.26km × 2.56km. Figure 5.11a indicates

some artificially inter-connected regions with high density in the urban area, which is

an artifact compared with the result in Figure 5.7b. Thus, a mesh size of 160 × 150 is

believed to be inadequate. On the other hand, when the mesh size is increased by 50%

to 480× 450, the size of each grid is 1.13km × 1.28km. Figure 5.11b indicates a similar

result as compared with that in Figure 5.7b. No additional features can be extracted with

increased spatial resolution. However, an increase in the spatial resolution by 50% leads

to a rapid increase in the computational cost, with the computation time increasing from

424s to 3112s. Thus, a mesh size of 320× 300 as applied in the present study is sufficient

and appropriate.

5.6 Conclusion

In this chapter, a multi-scale trajectory clustering algorithm for corridor identification

in mobile networks is proposed. We consider the non-homogeneous distribution of cell

towers in our proposed distance measure, which gives better clustering results of trajec-

tories compared to other state-of-the-art distance measures. For example, compared with
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using the Hausdorff distance measure, our proposed method improved cluster quality by

more than 10%. The identified corridors are shown as a weighted graph, which can better

show users’ movement patterns within a frequent path. Our findings could help mobile

operators to identify the key focus areas (i.e., corridors) in large-scale deployments of 5G

networks for cost minimization.

In the next chapter, we focus on finding the significantly different corridors during

different time periods, which can help network managers better understand the dynam-

ics and changes in mobile phone users’ movement patterns.





Chapter 6

Discovery of Contrast Corridors from
Trajectory Data in Heterogeneous

Dynamic Cellular Networks Using
Contrast Mining

In our previous chapter, we studied how to extract static movement patterns of mobile users from

the trajectories generated during a specific time period to help with the management and orchestration

of network resources. However, movement patterns of mobile users are not static over time. Under-

standing significant differences in mobile users’ movement during different time periods can provide

insights for mobile operators to dynamically reconfigure the network in response to the changes in

traffic flows by time of day. Therefore, in this chapter, we propose a framework based on contrast data

mining to identify significantly different movement patterns, which we model as corridors, during

different time periods. To measure the difference, an improved distance measure based on a modified

Hausdorff distance and earth movers’ distance is proposed to calculate the dissimilarity between the

identified corridors, which considers the heterogeneity of mobile networks. To further extract the sig-

nificantly different corridors, we formulate the definition of contrast corridors of mobile users’ move-

ment. Experimental results on synthetic datasets as well as real-life datasets collected by China Mobile

show that our method can effectively and robustly detect contrast corridors from trajectories generated

from different time periods in mobile networks by improving the F1 score by 20% on average.

The paper arising from the work in this chapter is paper P5.

6.1 Introduction

A major challenge in the management of mobile networks is how to provide high band-

width coverage to large numbers of mobile users. In particular, understanding and dis-
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(a) morning (b) afternoon

Figure 6.1: Heat maps of mornings and afternoons. (The results are obtained based on
the methods in Chapter 5.)

covering significant changes in the movement patterns of users in mobile networks can

help service providers in the deployment of networks and base stations, and the man-

agement of network resources. Some studies have focused on identifying the underlying

geographical corridors of users, which can be treated as pathways that are frequently tra-

versed by a considerable number of mobile users [136, 137]. However, most studies tried

to find the pathways based on the data during one specific time period and treated the

network as temporally homogeneous in their analyses.

Therefore, in our work, we focus on the problem of identifying what are those signifi-

cant changing corridors, which we model as contrast patterns that can be used to identify

targets for network configuration. We consider two challenges from real-life data. The

first challenge is that mobile trajectories are coarse and their granularity varies due to

non-uniform spatial distribution of cell towers. Thus, it is necessary to propose a distance

measure that can deal with the heterogeneous scales when measuring the dissimilarity

between trajectories. The second challenge is that identifying static corridors plays an

important role in managing networks for the long term design of network, but with the

introduction of new generations of cellular network technology, such as 5G, there is a

great opportunity for dynamically reconfiguring the network in response to changes in

traffic flows by time of day. For example, users’ movement patterns might be different in

the morning to the patterns in the afternoon, as shown in Figure 6.1.
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In this chapter, we propose to use contrast data mining on trajectories generated in

mobile networks to analyze the changes in phone users’ movement patterns during dif-

ferent time periods. To the best of our knowledge, this is the first study that focuses on

the temporal changes of human trajectories generated from heterogeneous mobile data

networks. Our main contributions are: (1) We propose a modified Hausdorff distance to

measure the dissimilarity between corridors in heterogeneous mobile networks. (2) We

propose a contrast corridor mining algorithm based on Earth Movers’ Distance to detect

the differences/changes in movement patterns during different time periods. (3) We con-

duct experiments over the real-life data of mobile users in a southern province in China

as well as a synthetic dataset to evaluate our approach, which shows improvements in

both interpretability and detection accuracy.

6.2 Related Work

Contrast patterns are often defined as patterns whose supports differ significantly among

the datasets that are under contrast [30], which can describe discriminative behavior be-

tween classes or emerging trends between datasets with respect to a property of interest

by means of an understandable representation [43]. In the problem of contrast mining

on trajectory data, the aim is to find discriminative patterns (e.g., sequences, graphs,

matrices, tensors) that occur frequently in one dataset and infrequently in another. For

example, in the work of Wang et al. [114], a framework for discovering the impact of

road closures on traffic flows was proposed. By computing the growth rate of traffic

flows on n-Edgesets, the emerging n-Edgesets were selected by using the LOF [15]. In

our work, we focus on finding the discriminative corridors, which are represented as

directed weighted graphs, between two trajectory data sets generated in different time

periods.
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Figure 6.2: Framework of our proposed method.

6.3 Overview of Problem

In this section, we introduce some definitions and formulate our problem. Suppose

that in a mobile network, there are N cellular towers, which are represented as C =

{c1, c2, ..., cN}, and each cell tower has a unique identifier and is associated with its coor-

dinates. According to the definition in Chapter 5, a corridor can be treated as a pathway

that is frequently traversed by a considerable number of mobile users. It can be repre-

sented as a graph, denoted as cor = 〈V, E〉, where V is the set of cells in the corridor, E

is the set of all the edges in the graph and the weight of each edge represents the traffic

load between the corresponding two nodes.

Here we focus on characterizing the major differences between these corridors in

different time periods. Specifically, given the historical trajectories of M mobile users

during two different time periods, i.e., the positive trajectory data set TRAJ+ = {Traj+1 ,

Traj+2 , . . . , Traj+M} and the negative trajectory data set TRAJ− = {Traj−1 , Traj−2 , . . . , Traj−M},

and the identified corridor sets COR+ =
{

cor+1 , cor+2 , . . .
}

and COR− = {cor−1 , cor−2 , . . .},

our research question is how to detect the significantly different corridors, contrast corri-

dors, between COR+ and COR−. In order to answer this question, we study the following

two sub-problems:

(1) How to measure the dissimilarity between two corridors, i.e., how can we

calculate the distance between corridors?

(2) How to define and mine contrast corridors?

The framework of our proposed method is illustrated in Figure 6.2. As introduced
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in Chapter 5, the inputs are the record of mobile users and the location of cell towers

(longitude and latitude). Each record includes user ID, cell ID and the corresponding

timestamp. There are three main steps to identify the contrast corridors in different time

periods. The first step is trajectory extraction. In the first step, data are preprocessed

by data aggregation, data cleaning and oscillation resolution [118]. Then the trajectory

of each user is extracted according to our definition in Section 5.3. In the second step,

corridors are identified by using the method proposed in Section 5.4. The final step is

to identify significantly different corridors by using contrast mining. In particular, the

pair-wise distances between corridors are calculated and contrast corridors are formally

defined and extracted.

6.4 Methodology for Contrast Corridor Mining

In the following subsections, we describe the details about our methodology for contrast

corridor mining.

6.4.1 Distance Measure for Corridors

In order to measure the distance between two corridors, we propose an algorithm that

is based on Earth Mover’s Distance (EMD) [94]. The EMD is a method that is applied to

evaluate the dissimilarity between two multi-dimensional distributions in some feature

space where a distance measure between single features, which we call the ground dis-

tance, is given. It is proportional to the minimum amount of work required to change one

distribution into the other, where a unit of work is defined as the amount of work needed

to move a unit of weight by a unit of ground distance. Here some other distance mea-

surements for two distributions, such as K-L divergence (Kullback-Leibler divergence),

cannot be adopted to measure the distance between corridors. This is because K-L diver-

gence cannot take the geographical information of corridors into consideration, whereas

the geographical information can be modeled as ground distance in EMD.

Suppose there are two corridors corp = Gp
〈
Vp, Ep

〉
and corq = Gq

〈
Vq, Eq

〉
, where V

denotes the vertices and E represents the edges in the corridors. For each non-zero edge
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in a corridor, the weight of it, w, is defined as the weight of the edge, which indicates the

traffic volume between two cells. Each corridor can be treated as a distribution, which

has a set of edges with their corresponding weights, i.e., a cor can be represented as

{(e1, we1), (e2, we2), ...}, where e is an edge in the graph and we is the weight of edge e.

{(e1, we1), (e2, we2), ...} is also called the signature of the distribution.

Then the ground distance matrix between two corridors is defined as D = [dkl ] (k =

1, ..., m, l = 1, ..., n), where m and n is the number of edges in corridor p and q respectively,

and dkl is the ground distance between edge ek ∈ Ep and edge el ∈ Eq. Considering

the non-uniform distribution of cell towers, we propose to calculate the ground distance

between two edges based on a modified version of the distance measure proposed in

Chapter 5, which will be described in Section 6.4.2. Then we can formulate the problem

as a linear programming problem.

Given the corresponding signatures of two corridors and the ground distance matrix,

our aim is to find a flow F = [ fkl ], where fkl is the flow between edges ek and el , that

minimizes the overall cost defined as:

WORK(p, q, F) =
m

∑
k=1

n

∑
l=1

fkldkl , (6.1)

subject to the following constraints:

1. fkl ≥ 0;

2.
n
∑

l=1
fkl ≤ wek , 1 ≤ k ≤ m;

3.
m
∑

k=1
fkl ≤ wel , 1 ≤ l ≤ n;

4.
m
∑

k=1

n
∑

l=1
fkl = min(

m
∑

k=1
wek ,

n
∑

l=1
wel );

The first constraint means that only the weight from corp can be moved to corq. The

second constraint ensures that the total weight moved from an edge in corp to corq should

be no more than its own weight, and the third constraint ensures that the total weight

moved to any edges in corq should be no more than their own weight. The last constraint
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requires that the total weight moved should be equal to the total weight of the lighter

corridor.

Then the EMD is defined as the work normalized by the total flow:

EMD(corp, corq) =

m
∑

k=1

n
∑

l=1
fkldkl

m
∑

k=1

n
∑

l=1
fkl

. (6.2)

6.4.2 Multi-scale Hausdorff Distance

In order to calculated the ground distance between two edges, here we adopt the dis-

tance measure proposed in Chapter 5 with additional modifications by considering the

direction. Here we briefly describe it and then introduce our modifications on it. Haus-

dorff distance is the maximum distance of a set to the nearest point in the other set, which

represents the maximum mismatch level between two point sets [50].

Algorithm 7 ∆(T1, T2)

Input: Two tracklets T1 and T2
Output: ∆(T1, T2)

58 ∆(T1, T2) = 0 ; for each c1
i in T1 do

59 dc1
i T2

= ∞ ; for each line segment c2
j c2

j+1 in T2 do
60 calculate the distance dc1

i (c
2
j c2

j+1)
) between a point c1

i and a line segment c2
j c2

j+1 ;

dc1
i T2

= min(dc1
i T2

, dc1
i (c

2
j c2

j+1)
) ;

61 calculate αc1
i

using Equation (5.1) and (5.2) ; ∆(T1, T2) = max(∆(T1, T2), αc1
i
· dc1

i T2
) ;

62 calculate β using Equation (6.3), (6.4), (6.5); ∆(T1, T2) = β∆(T1, T2) .

This measurement can be used to find the closeness of two set of points. However,

it ignores the direction information of sequences. Therefore, we propose to add another

factor that considers the direction of movement. Here we use the accumulated direction

of all the segments in one tracklet as the direction of movement of the tracklet. Given a

tracklet Ti = {c1, c2, ..., cm}, the direction of movement of it can be calculated as:

dirTi =
m−1

∑
i=1

dir(si, si+1). (6.3)
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Then the direction difference between two tracklets Ti and Tj is:

dir(Ti, Tj) =
dirTi · dirTj

|dirTi | · |dirTj |
. (6.4)

The direction distance will be used to obtain the second normalization factor β, which

can be calculated as:

β =

1/dir(Ti, Tj), dir(Ti, Tj) > 0

∞. dir(Ti, Tj) ≤ 0
(6.5)

Then the distance between two tracklets after normalized is:

∆(T1, T2) = β · ∆(T1, T2). (6.6)

The pseudo-code is provided in Algorithm 7.

6.4.3 Contrast Corridor Mining

Algorithm 8 Contrast Corridor Mining
Input: a positive corridor set P and a negative corridor set Q
Output: a set of contrast corridors Corcon

63 Corcon = ∅ ;
64 for each corpi in P do
65 common = 0 ; for each corqj in Q do
66 calculate the EMD distance EMD(corpi , corqj) and the flow matrix F between corpi

and corqj ; supp =

m
∑

k=1

n
∑

l=1
fkl

∑ wpi
; if EMD(corpi , corqj) < disthres and supp > suppthres

then
67 common = 1 ;

68 if common 6= 1 then
69 Corcon = Corcon ∪ {corpi} ;

Given two different datasets, two sets of corridors P = {corp1 , ..., corpi , ..., corpN1
} and

Q = {corq1 , ..., corqj , ..., corqN2
} can be found respectively using our proposed corridor

identification method, where N1 and N2 are the numbers of corridors identified in these
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two datasets, and corpi (1 ≤ i ≤ N1) and corqj (1 ≤ j ≤ N2) represent each individual

corridor in these two datasets.

Then we define an emerging corridor as follows:

Definition 6.1. Emerging Corridor A corridor corpi in P is defined as an emerging corridor if

it satisfies any of these two following conditions:

1. Distance If the distance between corridor corpi and any other corridors in Q is greater

than a threshold disthres, then the corridor is treated as an emerging corridor in P, which

indicates that corpi is sufficiently different from any corridors in Q.

EMD(corpi , corqj) ≥ disthres, ∀corqj ∈ Q; (6.7)

2. Support If two corridors are similar to each other but a certain amount of earth of one

corridor cannot move to the other corridor, then it will be treated as an emerging corridor.

Satisfaction of this condition means that the corridors under contrast are similar but their

supports are significantly different.

m
∑

k=1

n
∑

l=1
fkl

∑ wpi

≤ suppthres, ∀corqj ∈
{

corq|EMD(corpi , corq) ≤ disthres, corq ∈ Q
}

, (6.8)

where ∑ wpi is the sum of the weights of all the edges in corridor corpi .

The pseudo-code is provided in Algorithm 8.

6.5 Experiments and Results

In this section, we first evaluate our proposed algorithm on a synthetic dataset in terms

of accuracy, F1 score, precision and recall. Then two real-life case studies are conducted

to further evaluate the effectiveness of our method.
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6.5.1 Contrast Mining on Synthetic Data

To validate the effectiveness of our proposed method, we compare it with two other

baseline methods:

1. Non-density This method is generally similar to our proposed method except for

the distance metric between two edges, i.e., the original Hausdorff distance is adopted.

(The non-density method can be any other state-of-the-art method that does not take the

heterogeneity into account, such as DFM, DTW, LCSS, EDR and SSPD.)

2. Node-based The ground distance is defined as the spherical distance between two

nodes, and for each node in a corridor, its weight is defined as the degree of the node,

which is the number of edges that are incident to the node.

Synthetic data are generated by utilizing the real corridors identified by the method

proposed in Chapter 5. We generate positive and negative datasets based on the data of

Foshan City. The details are as follows.

Given a set of corridors COR = {cor1, cor2, . . . , corn}, we first divide the corridor set

into two equal-sized subsets (here we assume n to be even.), i.e., COR1 = {cor1, . . . , corn/2}

and COR2 = {corn/2+1, . . . , corn}. The corridors in COR2 are considered as the negative

dataset, i.e., COR− = COR2. Then the corridors in the positive dataset COR+can be

generated by considering the following four scenarios:

1. n/2 corridors have same distribution as the corridors in COR2;

2. n/2 corridors have same distribution as the corridors in COR1;

3. n/2 corridors have same cell set as the cell set of corridors in COR2 but with distinct

distributions;

4. n/2 corridors have same distribution as the corridors in COR2 but with signifi-

cantly different amount of traffic volume.

Corridors generated by scenario 1 are treated as common corridors for both positive

and negative datasets, whereas corridors generated by scenarios 2, 3 and 4 are emerging

corridors according to our definition.
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Figure 6.3: Performance comparison in emerging pattern finding between our proposed
method and two reference methods.

Figure 6.3 shows the comparison between our proposed method and the other two

baselines in terms of accuracy, F1 score, precision and recall. The results indicate that

our proposed method performs better than the other two methods with varying distance

thresholds (which has been normalized for comparison). In the node-based method, the

direction of the movement pattern is ignored. Therefore, some close-located corridors

may be treated as very similar even though they have different directions/connections

between nodes.
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(a) positive (b) negative

Figure 6.4: Two sets of corridors under contrast.

6.5.2 Contrast Mining on Real Data

The real-life dataset was originally collected by China Mobile, which contains 5,000 mo-

bile users from a province in South China. The cell locations (longitude and latitude)

of each user were recorded every 5 minutes in a time period of three weeks (from 23:55

14/11/2015 to 23:50 05/12/2015).

First, we select two corridor sets to illustrate the effectiveness of our proposed method

compared with two other baselines. As shown in Figure 6.4, there are six corridors in

each of the two corridor sets under contrast. While three of the corridors are the same

in both the positive and negative datasets, the other corridors are different from each

other. Figure 6.5 shows the distance matrices we obtained by using different methods.

By using our proposed method, clearly similar corridors have smaller distances between

each other. Although the non-density and node-based method can also identify similar

corridors, incorrect conclusions may be obtained when calculating the distance between

corridor 5 in the positive dataset and corridor 5 in the negative dataset. This is because

these two corridors have similar directions and they are located close to each other in

a dense area. Our method can deal with this well since it normalizes the distance by

considering the heterogeneous distribution of cell towers.

Then two sets of experiments are conducted using the dataset in Foshan City, i.e.,

weekday (Mon-Fri) vs weekend (Sat-Sun) and morning (0:00-12:00) vs afternoon (12:00-
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(a) our method

(b) non-density

(c) node-based

Figure 6.5: The distance matrix between two sets of corridors obtained by three different
methods.
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0:00). The EMD between weekdays and weekends in Figure 6.6a is 0.7632. There are

more emerging corridors identified on weekdays in Figure 6.6a, and most of them are

located in the central area, which indicates that people would move more frequently on

weekdays, especially in the central area. The emerging patterns on the weekdays may

be attributed to work commutes. By contrast, some emerging patterns surrounding the

urban area (e.g., beltway) are identified on weekends, as shown in Figure 6.6b, and these

patterns may be explained by leisure activities out of the city center on weekends.

The results of morning vs afternoon (Figure 6.6c and Figure 6.6d) indicate that the

city is more active in the afternoon compared with in the morning, since more emerging

corridors are identified in the afternoon. Most emerging corridors in the morning are lo-

cated outside the city area, while in the afternoon some emerging corridors are identified

in the central area. Note that the afternoon time period starts from 12:00 to 0:00, which

means the corridors are generated not only from the afternoon activity but most of the

evening movement of mobile users.

6.6 Conclusion

In this chapter, a framework for mining the changes in the movement patterns of mo-

bile users is proposed. We consider the non-homogeneous distribution of cell towers in

the distance measure, which is more appropriate for trajectories generated in mobile net-

works compared to other state-of-the-art distance measures. A contrast corridor mining

algorithm is also proposed to find significant changes between the corridors generated in

different time periods. Both synthetic and real-life datasets are applied to validate the ef-

fectiveness of our proposed method. Contrast corridors can be effectively detected from

trajectories in mobile networks, and our method outperforms others by an average 20%

improvement in the F1 score. Our findings could help mobile operators to identify the

key focus areas (i.e., corridors) in large-scale deployments of 5G networks for cost mini-

mization, and the ability to identify the temporal dynamics of corridor patterns can help

the management and orchestration of 5G network resources.

In the next chapter, we will focus on the edge caching problem in mobile networks
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(a) weekday (b) weekend

(c) morning (d) afternoon

Figure 6.6: Identified common and emerging corridors in different time periods. Corri-
dors with blue color indicate they are common corridors in two time periods, while other
colors are emerging corridors.
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considering the heterogeneity of users’ content preferences and mobility to further im-

prove the overall performance in mobile networks.



Chapter 7

Adaptive Edge Caching based on
Popularity and Prediction for Mobile

Networks

In the previous two chapters, we studied how to identify common movement patterns of mobile

users and significant changes in traffic flows between different time periods, which can provide in-

sights to help with the management of network resources and the deployment of base stations. In this

chapter, we focus on identifying optimal strategies for caching at the edge of networks, i.e, cell stations,

to further contribute to the orchestration of 5G network resources. Edge caching in mobile networks

can improve users’ experience, reduce latency and balance the network traffic load. However, edge

caching requires suitable strategies for determining what files to pre-fetch at which cell and at what

time. Due to the heterogeneity of users’ content preferences and mobility, caching based only on pop-

ularity has limitations. Considering that cells located in different places have different predictability,

we propose an adaptive edge caching algorithm based on content popularity as well as the individual’s

prediction results to provide an optimal caching strategy, aiming to maximize the cache hit rate with

acceptable file replacement cost. A heuristic optimization strategy based on genetic algorithms is pre-

sented, along with a prediction model based on an improved Markov model for each user according

to the historical data. In the model, similar users are clustered based on their behavior patterns. We

evaluate our algorithm on a simulation dataset as well as a 3-week real-life dataset from China Mobile.

The results show that our optimal caching strategy can improve the cache hit rate compared with other

methods, especially when the storage capacity is small and the similarity in content requests of users

is low.

The publication arising from the work in this chapter is paper P4.
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7.1 Introduction

Content caching at the edge of the mobile network has attracted increasing research at-

tention recently. Caching at the wireless network edge (close to users) can help reduce

latency, balance network traffic load, and improve users’ experience [87]. However, since

the storage capacity for each cell is limited, it is important to design appropriate caching

strategies to balance the trade-off between the quality of users’ experience, and the lim-

ited storage capacity. In this chapter, we focus on the problem of finding a strategy for

caching at the edge of the network.

To design an appropriate caching strategy, we need to answer the question: what

contents should be pre-fetched, at which cells and when? This is a challenging task, due

to the following factors: (i) Limited storage size: Since the storage space in the edge node

is limited, it is not possible to cache all the contents. Therefore, only those content items

that can make the most profit (maximum hit rate/minimum cost) should be selected to

be cached. (ii) Users’ mobility: Users in the network may frequently be handed off from

one cell to another. (iii) Users’ heterogeneous preferences: The probability that each content

item is requested by a specific user during a certain period can differ among individuals.

A simple caching strategy is to choose the most popular contents at the network edge.

The limitation of this method is that the real popularity of the contents in the network is

unknown and users’ behavior (movement and content requests) in the network can be

dramatically different, in which case popularity-aware caching may not be effective. A

recent study [77] shows that the behavior of users in the network, including content, lo-

cation, and mobility, affects the performance of edge content caching. In [70], the authors

also noted that statistical patterns of content requests both in aggregated form and on a

per-user basis should be considered in the content deployment problem.

Although there has already been some research on mobile users’ behavior prediction

[90,100,131], the prediction of users’ behavior may not be easy. For example, in a city cen-

ter, people move in various directions in a nondeterministic manner. Their behavior may

be not predictable, leading to low prediction accuracy. This will reduce the performance

gain of edge caching and introduce extra costs, such as the energy consumed in the back-

haul and edge cells due to ineffective content placement. An important property of cells
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in this content is their predictability in terms of users’ movements. The predictability of a

cell is the observed likelihood of being correct when we predict that a user will move into

a given cell next. For example, if the prediction model predicts that 100 users will next

move into a given cell, but only 60 actually do so, then we consider the predictability of

that cell is 0.6. In Figure 7.1, using the prediction model we propose, the average predic-

tion accuracy of the top 2,000 most visited cells within a city in southern China is shown.

We can see that different cells may have different levels of predictability. For those cells in

area L, the prediction accuracy for users’ behavior is low. Whereas for cells located along

a main road (area H), the prediction accuracy is relatively high. This indicates that we

should not totally rely on the prediction results when developing the caching strategy.

Therefore, we propose to consider not only the prediction results from the prediction

model, but also the predictability of the cells. The basic idea is that, for cells with low

predictability, we would prefer to cache the most popular files; whereas in other cells with

high prediction accuracy, we would prefer to cache files according to the results from our

prediction model. According to this, we propose to construct a proactive caching strategy

considering two aspects: the popularity and the prediction results of users’ location and

content requests. In particular, we propose a formal model to optimize these two aspects

of the proactive model.

To summarize, our main contributions are:

• We formalize the edge caching strategy problem in cellular networks, to maximize

the hit rate over the whole network under a replacement constraint. An adaptive

caching strategy based on general popularity and personalized predictions is also

proposed, and a heuristic solution based on genetic algorithms is provided for solv-

ing the optimization problem.

• We propose a Markov based model for the prediction of users’ behavior in terms

of movement and requests, which is inspired by [90]. To overcome the ”cold-start”

limitation of Markov models when a new cell is visited, a clustering method is also

proposed to find users who share similar behavior patterns.

• Simulations are provided to evaluate the performance of our proposed algorithm.
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Figure 7.1: Averaged prediction accuracy of the top 2,000 most visited cells within one
city in southern China. Area H denotes an area with high prediction accuracy, and area
L indicates an area with low prediction accuracy.

We also test our algorithm on a real-life dataset from China Mobile. The results

show that our algorithm outperforms all the existing schemes, especially when the

cache capacity is low and the distribution of content popularity is skewed.

The remainder of this chapter is organized as follows. Section 7.2 provides a review

of the related work. Section 7.3 introduces the model of the system and our adaptive

edge caching strategy. In Section 7.4, a heuristic method based on genetic algorithms is

proposed to solve our proposed optimization model. The prediction model is presented

in Section 7.5. The details of our experiments on simulation data as well as real life data

and a discussion of the results of our methods are shown in Sections 7.6 and 7.7. Section

7.8 concludes our work and proposes some future directions.

7.2 Related Work

The edge caching problem has attracted extensive attention recently due to its advantages

for reducing latency, as well as relieving the heavy overhead burden on the network

backhaul [80]. The current research mainly focuses on issues like the caching architecture
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design, content deployment and delivery [130]. This paper falls within the problem of

content deployment and delivery.

Two common caching schemes are Least Frequently Used (LFU) and Least Recently

Used (LRU). They are simple but not robust methods, since their performance can be

reduced by the heterogeneity of users in the network. To fully exploit the edge resources,

as mentioned in several studies, e.g., [65, 91, 122], popularity-based cache placement

schemes have been widely deployed to maximize the hit rate. For example, in [122],

the authors found that content popularity varies at different locations. A linear predic-

tion model is built to estimate the future hit rate of contents at different locations, and

according to the results, contents that can have the highest hit rate will be cached. The

authors in [65] proposed a model called PopCaching, which can predict the popularity

and make the content caching decision on-line to maximize the hit rate. Naifu et al. [129]

proposed a linear prediction model to estimate the future content requests based on his-

torical data, and then an on-line cache replacement optimization model was built based

on the future popularity prediction. Although these methods considered the change of

popularity, none of them considered the characteristics of the mobile users’ behaviors in

the network.

Recently, some studies [70,77,112] have started to consider the movement and request

characteristics of the mobile users in the wireless network. The basic idea is that if the

users’ trajectories and requests can be predicted based on historical data, then the cell

can proactively cache appropriate files and the user can download the pre-fetched files

along their trajectory. To achieve this, as mentioned in [70], we should not only consider

the content popularity, but also the user’s preference, which can be predicted and play

a key role in the design of caching. In [112], the authors also pointed out that taking

user mobility into consideration is critical for caching design in content centric wireless

networks. Ge et al. [77] provided a thorough study on the behavior of mobile video

users. A geo-collaborative caching strategy was also provided. They divided the cache

storage into two parts according to the fractions of two types of users: single-location

users and multi-location users. Dong et al. [71] argued that the common assumption

that the preferences are identical among all users is not true in practice, and showed that
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optimizing caching policy with individual users’ preferences is beneficial. However, in

[71], the user preferences were assumed known a priori, which actually cannot be known

perfectly in advance in real-life applications.

In our work, we not only propose to integrate a personalized prediction model into

the edge caching problem, but also provide an optimization model that can adaptively

decide the preferences for popularity and prediction results. To the best of our knowl-

edge, this is the first algorithm that considers the predictability of different cells when

developing the cache deployment strategy.

7.3 System Model and Problem Formulation

In this section, we provide the description of the system model, and formulate the opti-

mization problem.

7.3.1 Assumptions

Cells in the network: There are K cells in the network which can deploy caches, denoted as

C = {c1, c2, ..., cK}. However, the storage of a cell for caching is limited.

Proactive caching: We assume that the network is refreshed at fixed time slots. At the

beginning of each time slot, the selected content files are pre-fetched at each cell so that

user’s content request can be processed with reduced latency. A time period with L time

slots is represented as T = {t1, t2, ..., tL}.

Files in the network: Suppose that there are N content files that may be requested in

the network, denoted as F = { f1, f2, ..., fN}. These files have been sorted by popularity,

which is pF = {p1, p2, ..., pN}, where pi ≥ pj ≥ 0, ∀i ≤ j, and ∑N
f=1 p f = 1. We also

assume that all files have the same unit size and the content popularity distribution does

not change during the time period we considered.

Users in the network: We assume that the maximum number of mobile users in the

network is M, and the mobile users in the network we are considering can leave or enter

the network at any time. The user set is represented as U = {u1, u2, ..., uM}. We also

assume that at each time slot a user is served by its closest cell.
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Figure 7.2: An example of the adaptive caching framework.

7.3.2 Caching Strategy

To improve the user experience at an acceptable cost, we plan to deploy different caching

strategies for cells with different predictability levels. For the cells with a higher pre-

diction accuracy, we prefer to pre-cache documents according to the users’ prediction

results, whereas in those cells where mobile users’ behaviors are unpredictable, we con-

sider pre-caching files according to their popularity, as shown in Figure 7.2. Based on

historical data of the mobile users, a prediction model is built (refer to Section 7.5), and

then an optimization model is proposed to obtain the preferences for popularity and per-

sonalized prediction results.

Therefore, we can represent the caching strategy as Φ = [φ1, ..., φc, ..., φK], where

c = 1, ..., K, is the percentage of space that is used for popularity caching for cell c. For

each cell, if we represent the files selected by popularity as F1, and the files selected by

prediction results as F2, they should satisfy:

F1, F2 ⊂ F and F1 ∩ F2 = ∅. (7.1)

Suppose the storage of each cell is limited and fixed, denoted as s. Then the space

limits for popularity caching and personalized caching of cell c would be s · φc and s ·
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(1− φc), respectively. This means F1 and F2 should satisfy:

|F1| = s · φc, |F2| = s · (1− φc), (7.2)

where |·| denotes the number of files. If φc = 1, it means that the files in cell c are cached

solely according to the general popularity. If φc = 0, it means that the files in cell c

are cached by the personalized prediction. Equation (7.2) indicates that there are s + 1

discrete values for selection in φc, i.e., φc ∈ {0, 1/s, 2/s, . . . , 1}.

The caching strategy for each cell can be described as the following two steps:

S1: First, the file fi is cached according to the top popularity,

p fi ≥ p f j , ∀ fi ∈ F1, f j ∈ F− F1. (7.3)

The cached file set F1 contains the files of the highest popularity.

S2: Then we select files from the rest of the file set F− F1 according to our prediction

results. Files with the highest prediction confidences are selected. If we use ât
u f c ∈ {0, 1}

to represent the prediction result of whether or not user u will request file f in cell c at

time t, then the predicted request frequency for each cell can be calculated as:

q̂t
f c =

M

∑
u=1

ât
u f c. (7.4)

We select the file fi based on the top prediction frequency:

q̂t
fic ≥ q̂t

f jc, ∀ fi ∈ F2, f j ∈ F− F1 − F2. (7.5)

The cached files in F2 have the highest prediction confidence. All the selected files in

F1 ∪ F2 will be cached in cell c at time t.

Based on these caching strategies, we can obtain the caching deployment of a file in a

cell at a given time. We use a binary variable bt
f c to represent whether or not the file f is
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cached in cell c at time t,

bt
f c =

 1 f ile is cached

0 f ile is not cached
. (7.6)

The value of ât
u f c is known a priori based on the prediction model, and the value of

q̂t
f c can be obtained accordingly. Given a value of φc, then the caching strategy bt

f c of cell

c can be achieved based on the popularity and the prediction.

7.3.3 Problem Formulation

Caching replacement: The replacement cost for refreshing caching files at time t is defined

as the number of files that are cached at time slot t but not at the previous time slot t− 1,

Rt
c =

 ∑N
f=1 bt

f c · (1− bt−1
f c ), t ≥ 2

0, t = 1
. (7.7)

We suppose that the replacement cost for all the cells at time t should be less than an

upper threshold Costr,
K

∑
c=1

Rt
c ≤ Costr. (7.8)

Hit rate: A cache hit occurs when the requested data can be found in its cache. We use

at
u f c ∈ {0, 1} to represent whether the user u requests file f in cell c at time t or not. Then

the average hit rate of cached data in cell c is:

Ht
c =

∑N
f=1 ∑M

u=1 at
u f c · bt

f c

∑N
f=1 ∑M

u=1 at
u f c

, c ∈ C, t ∈ T. (7.9)

The overall average hit rate of the network during the entire time period is:

H =
∑L

t=1 ∑K
c=1 ∑N

f=1 ∑M
u=1 at

u f c · bt
f c

∑L
t=1 ∑K

c=1 ∑N
f=1 ∑M

u=1 at
u f c

. (7.10)

Optimization model: In order to provide consistent Quality of Experience (QoE) to

users, in our model, the objective is to maximize the hit rate of the whole network during

a certain time period. Therefore, the optimization problem is:
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max : H(Φ)

s.t. Equation (7.2), Equation (7.8).

The value of the objective function (7.10) can be calculated given a specific caching

strategy, i.e., the value of Φ. In Algorithm 9, we provide the pseudo-code for calculating

the objective function H(Φ) in Equation (7.10) given Φ = [φ1, ..., φc, ..., φK]. Apart from

Φ, the other three inputs are the popularities of files which are assumed to be known

a priori, users’ real requests and user’s predicted requests obtained by our prediction

model, which will be discussed in detail in Section 7.5.

The optimal values are sought under two constraints, which are the division of the

storage capacity constraint in Equation (7.2) and the total replacement cost constraint in

Equation (7.8). The storage capacity constraint, which determines the proportion of cell

storage used for content selected by popularity versus content selected by prediction, is

directly related to the value of φc. As for the total replacement cost constraint, the opti-

mal state of each cell, which is calculated independently of other cells, may not satisfy

the total replacement cost constraint in Equation (7.8). Therefore, in calculating the opti-

mal caching strategy, the states of all cells are essentially interconnected and need to be

considered simultaneously.

For each cell c, there are s+ 1 possible discrete states for φc, i.e., φc ∈ {0, 1/s, 2/s, . . . , 1}.

The non-linearity of the total replacement cost constraint in Equation (7.8) makes a fast

algorithm with reduced complexity infeasible. The complexity of the problem, which in-

cludes K cells of s + 1 discrete states, is (s + 1)K. The total replacement cost constraint

is non-linear due to the non-linearity in Equation (7.7), and thus the optimization prob-

lem is non-linear and cannot be solved in polynomial time. This combinatorial problem

makes it intractable to find the global optimal solution because of its exponentially large

search space and the inclusion of a highly non-linear constraint. To solve the non-linear

optimization problem, we propose to use stochastic optimization, such as Genetic Algo-

rithms (GA), to find a probably local optimum. GA are considered as an appropriate

choice for solving the current problem since the optimization model is highly non-linear

and discontinuous [93]. High-quality solutions for this optimization can be obtained

based on bio-inspired operators including mutation, crossover and selection. The details
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are shown in the next section.

Algorithm 9 Calculate the Value of the Objective Function

Input: caching strategy Φ = [φ1, ..., φc, ..., φK], popularity of all the files, users’ real re-
quest at

u f c and predicted request ât
u f c

Output: objective function H(Φ)
1: for each time t→ 1, L do
2: for each cell c→ 1, K do
3: F1 = ∅, F2 = ∅;

// cache by popularity
4: extract top s · φc files to F1 from F based on the popularity;

// cache by prediction
5: calculate the predicted request frequency q̂t

f c using Equation (7.4) based on the
predicted user request ât

u f c;
6: extract top s · (1 − φc) files to F2 from F − F1 based on the predicted request

frequency;
7: for each file c→ 1, N do
8: bt

f c ← 0
9: if c ∈ F1 ∪ F2 then

10: bt
f c ← 1

11: end if
12: end for
13: end for
14: end for
15: calculate H using Equation (7.10)
16: return hit rate H

7.4 Heuristic solution

Genetic Algorithms (GA), which were first proposed in [51], are a heuristic search and op-

timization technique inspired by natural selection, the process that drives biological evo-

lution. In this section, a genetic algorithm is applied as the optimization search method,

which is described in Algorithm 10. Basically, there are four steps.

S1: Generate a set of initial solutions (represented by chromosomes) as the first pop-

ulation. Each chromosome Φ, is a possible solution to the optimization problem.

It stores an array of values, and each value (also called gene) represents the φ ∈

{0, 1/s, 2/s, . . . , 1} value of each mobile cell.
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S2: Calculate the fitness score f (Φ) of each chromosome Φ. The fitness function f

determines how fit a chromosome is, which considers the objective function H(Φ)

in Equation (7.10) and the penalty of the constraint in Equation (7.8).

f = H(Φ) + g

(
max

{
K

∑
c=1

Rt
c − Costr, 0

})
, (7.11)

where g(·) is the penalty function as proposed in [28].

S3: Generate nP chromosomes as the successor population to replace the source popu-

lation using the following steps.

Selection In the selection phase, we select two chromosomes Φ1 and Φ2 from the

source population. The idea of the selection phase is to select the fittest individuals

and let them pass their genes to the next generation. Individuals with high fitness

have more chances to be selected for reproduction. Here Roulette Wheel Selection

[8] is adopted.

Crossover We apply a crossover operator to Φ1 and Φ2 to generate a child chro-

mosome Φchild by combining the genetic information of two parent chromosomes.

We adopt a k-point crossover operator [47], which incorporates k randomly picked

crossover points from the parent chromosomes. The crossover rate rc refers to the

fraction of the next generation that are produced by crossover.

Mutation We apply an extended Power mutation [29], which is suitable for solving

integer optimization problems, to produce Φ′child by changing rm of the gene values

in Φchild. Mutation helps introduce diversity within the population and prevent

premature convergence.

Add the new child chromosome Φ′child to the successor population.

S4: Evaluate the termination criterion. Calculate the fitness score f (Φ) in Equation (7.11)

for nP chromosomes. The algorithm terminates (converges) if it cannot produce

new offspring that are significantly improved from those of the previous genera-

tion, and the chromosome with the highest fitness score is returned as the solution.

If the criterion is not met, return to S3.
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Algorithm 10 Genetic Algorithm

Input: population size nP, crossover points k, crossover rate rc, mutation rate rm
Output: solution Φ

1: randomly generate nP chromosomes as the first population;
2: evaluate the fitness score f (Φ) of each chromosome Φ in the first population;
3: while the termination condition is not satisfied do
4: for i→ 1, nP do
5: selection select two chromosomes Φ1 and Φ2 in the parent population according

to the fitness scores;
6: crossover apply k-point crossover to Φ1 and Φ2 to obtain the child chromosome

Φchild with a crossover rate rc;
7: mutation mutate a portion of rm genes in Φchild to generate Φ′child;
8: append Φ′child to the successor population;
9: end for

10: end while
11: return Φ with the highest fitness score

7.5 Markov-based Prediction Model with User Clustering

A user’s movements can be characterized by a Markov stochastic process, which assumes

that the next state is only influenced by the current state and a fixed number of previous

states. In this section, we develop our Markov-based prediction model for user’s mobility

and preferences. The framework is shown in Figure 7.3. Basically, there are two steps: (1)

In the first step, users’ movements and content request behavior (sequences) are extracted

from the database; (2) In the second step, to address the cold start problem a prediction

model with an improvement by user clustering is proposed for more robust prediction.

Here we discuss the details about the second step, which includes a second-order Markov

model improved by user clustering. The direct benefit of the user clustering algorithm is

an improved prediction accuracy of the user’s next position/file request.

7.5.1 Markov Model

Here a second-order Markov model is adopted. In the training process, the transition

probability of one user traveling from cells (ci1 , ci2) to cell cj is denoted as p(ci1 ,ci2 ),cj
, which

can be obtained by:

p(ci1 ,ci2 ),cj
= p(cj|(ci1 , ci2)) = Nij/Ni, (7.12)
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Figure 7.3: The framework of our Markov-based prediction model.

where Nij is the occurrence of the user moving from cells (ci1 , ci2) to cell cj, and Ni is the

frequency of cells (ci1 , ci2) being visited by the user, (ci1 , ci2) are the previous two cells

visited by the user consecutively. The values of Nij and Ni are calculated by the statistics

of users in the data preprocessing.

Then in the prediction part, at time slot t − 1, given the user’s current cell ct−1 and

previous cell ct−2, we can predict the cell that the user will visit in the next time slot t to

be:

ĉt = arg max
c

p(ct−2,ct−1),c. (7.13)

Similarly, we can make the prediction for users’ file request behavior in the next time

slot f̂t. According to the predicted location ĉt and file request f̂t, we can obtain whether

or not the user will request file f in cell c at time t, i.e., the value of ât
u f c as used in

Equation (7.4).

7.5.2 User Clustering

To overcome the problem that Markov prediction may not work if the current cell has

never occurred in the user’s historical mobility behavior, we propose to utilize the histor-

ical mobility transition matrix from other similar users [90]. The basic idea is that, when

the prediction cannot be made by using the user’s own historical mobility pattern, we

use the mobility pattern of users who have similar patterns to predict the next cell of this

user.

Here we choose to use iVAT [13,111] for user clustering. iVAT is a useful tool for visual
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assessment of clustering tendency, which displays a reordered dissimilarity matrix as a

gray-scale image with a modified version of Prim’s minimal spanning tree algorithm.

There are three steps included as follows:

S1: Feature selection.

Each mobile user can be represented as a vector, B1 = [t1, ..., tj, ..., tK], where K is

the number of cells, and tj is the number of time stamps the user has spent in cell

cj.

The visiting sequence is treated as a string, and the bigrams can be extracted for

each user. Then a vector of K(K − 1) bigrams can be obtained, which is denoted

as B2.

After normalizing the two vectors B1 and B2 separately, we concatenate these two

vectors together as the feature vector for each user.

S2: Dissimilarity measurement. Cosine distance is selected here as the dissimilarity mea-

surement between two users.

S3: The dissimilarity matrix obtained from S2 is fed to iVAT for clustering.

Figure 7.4 shows an example of the iVAT clustering result for 114 users in a small dis-

trict. We can clearly see that seven clusters are detected for these users. Here notice that

not all the users can be clustered together, since some users may behave quite differently

from others. For those distinct users, the proposed improvement of the user clustering

does not work.

The procedure of the prediction model is summarized as follows: we first extract

the previous two cells of the user; if the user never visited these two cells consecutively

before, the prediction model obtained by similar users will be applied, otherwise the

individual prediction model will be applied for prediction.
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Figure 7.4: An example of user clusters of one district based on iVAT clustering.

7.6 Simulation

In this section, we describe our simulator to evaluate the effectiveness of our algorithm

in terms of the cache hit rate compared with three benchmarks.

7.6.1 Simulation Setup

We simulate the mobility patterns of 2,500 users on a simulation area with 64 (8× 8) cells

using the smoothly truncated Levy walk algorithm [20], which simulates users’ mobility

pattern using the preset probability for travel distance, pause length, and change in di-

rection. Users’ content requests are modeled based on Poisson arrivals. The number of

all the content files in the network is assumed to be 500,000. The popularity distribution

of the files follows a Zipf distribution, which has been used in many existing works [91].

pF ∼ Zip f (α, N),

where α is the distribution skewness parameter, and N is the total number of files in the

network. The larger α is, the higher the skewness of the distribution. The total runtime

of the simulation is around 1.5 hours.

7.6.2 Benchmarks

We compare the performance of our method with the following benchmarks:
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• Least Frequently Used (LFU): When the cache is full, discard the least recently

used items first.

• Least Recently Used (LRU): Purge the item with the lowest reference frequency

when the cache is full.

• Popularity Caching (PC): The most popular contents over the whole network will

always be cached at each cell. Here we suppose the popularity of files is known

and not changing during the time period we are considering.

7.6.3 Performance Comparison

Here, we divide the cells randomly into 4 groups, and set the content request predic-

tion accuracy as 30%, 50%, 70% and 90% respectively. We investigate the performance

of our proposed method with varying cache capacity (s = 100, ..., 103) and with various

skewness parameters (α = 0.4, 0.8, 1.2, 1.6) in terms of the averaged cache hit rate. Fig-

ure 7.5 shows the results during a high network load of 90%, which means approximately

2,250 users out of 2,500 are active in the simulation area. We can extract the following in-

sights: (1) As the storage capacity increases, the hit rates of all the algorithms grow, but

our optimal method grows the fastest. This indicates that our method is better suited

for resource-limited networks. (2) The performance of all the methods increases when

α turns larger, and LRU, LFU and PC are very sensitive to the skewness of the content

popularity distribution. (3) In the experiments, our optimal solution always outperforms

the other benchmark methods, and the performance of the popularity based method is

better than LFU and LRU. Especially, when α is low, the hit rate of our method is much

higher than the other three methods. For example, when α = 0.4, the hit rate of our

method can achieve 0.6, while the hit rates of the other three methods are quite low, less

than 0.05. When the value of α is low, the distribution of file popularity is close to a uni-

form distribution. In that case, the performance of LFU, LRU and PC are more similar to

random caching, which results in low hit rates, whereas our model can achieve a better

result because of the incorporation of a prediction model. This indicates that our method

has better performance when mobile users have a lower similarity in content requests.
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Figure 7.5: Averaged cache hit rate under different cache storage capacity (s = 100, ..., 103)
and four different α values (α = 0.4, 0.8, 1.2, 1.6).

(4) Our proposed method can effectively reduce the cache storage requirement. For ex-

ample, if the target cache hit rate is 0.5, when α = 0.4 and α = 0.8, our optimal caching

needs a cache capacity of around 100 files, while other benchmark methods require more

than 1,000 files.

7.6.4 Parameter Selection and Performance of GA

There are four parameters in GA, i.e., population size nP, number of crossover points k,

crossover rate rc and mutation rate rm. Here, we mainly analyze the effect of nP and rc.

For the mutation rate rm, normally a small value of 0.5%− 1% is suggested, and here we

select rm = 1%. The number of crossover points is selected as k = 5. The replacement

cost constraint Costr is selected to be 0.3sK, where s is the cache storage of a cell and

K is the total number of cells. Given different values of nP and rc with α = 0.8 and

s = 100, Table 7.1 compares three metrics including the number of generations needed

to converge to the final state, the averaged hit rate and the maximum hit rate of the final

generation. To ensure consistent results with less randomness, given a set of nP and rc
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Figure 7.6: The φ values of cell groups with different values of prediction accuracy. For
example, in Group1 the prediction accuracy is set as 30%.

Table 7.1: Parameter analysis of GA.

nP rc Generations Average hit rate Maximum hit rate
10 0.7 21 0.6144 0.6288
20 0.7 45 0.6506 0.6555
30 0.7 62 0.6516 0.6557
20 0.6 77 0.6496 0.6505
20 0.8 65 0.6515 0.6547

values, the averaged results of the GA running 20 times rather than a single run are listed

in Table 7.1. A population size of 10 cannot preserve the population diversity, and the

converged value is much lower than that of nP = 20. As the population size nP further

increases from 20 to 30, the averaged hit rate and the maximum hit rate remain essentially

unchanged. A variation in the crossover rate rc between 0.6 and 0.8 has basically no effect

on the results, and rc = 0.7 leads to the fastest convergence. Thus, we select rc = 0.7 in

GA for the case studies presented in our work. A sample of the GA convergence curve is

shown in Figure 7.7.
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Figure 7.7: Convergence curve of GA at nP = 20, rc = 0.7.

7.6.5 Analysis of Optimal φ

The value of φ indicates the proportion we should cache according to popularity. Fig-

ure 7.6 shows the φ values of cell groups with different levels of accuracy when α = 0.4

and α = 1.2. Two key findings are listed as follows: (1) The φ value decreases as the pre-

diction accuracy increases, which means that for cells with high predictability, we should

have greater trust in the prediction result, and vice versa; (2) For the same group of cells,

higher α results in larger φ. This indicates that when mobile users have higher similarity,

the performance of caching by popularity becomes better.

7.7 Experiments and Evaluation

In this section, we evaluate our proposed model on a real-life dataset to further confirm

its effectiveness. Case studies on two cities in the southern part of China are provided. We

also analyze the influence of cache storage capacity and the similarity degree of mobile

users on the hit rate for different methods.
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7.7.1 Dataset Description

The real-life dataset, which was originally collected by China Mobile, is preprocessed

to extract certain fields and protect users’ privacy. In the dataset, we have 5,000 mobile

users from one province in the southern part of China (nearly 80,000 cells). The total

size of the data is 11.1 GBytes. Each user’s behavior is recorded every 5 minutes during

the period from 23:55 14/11/2015 to 23:50 05/12/2015, which means that there are 288

time slots per day and three weeks (6,048 time slots) in total. For each user, we have the

cell location, service type ID (e.g., QQ, WeChat), and downlink/uplink bytes at different

timestamps. Considering the limitation of the dataset, i.e., we only have the service type

information in the dataset but not the content request information, in our experiments we

assume that the content popularity follows the Zipf distribution. All the users’ request

information is obtained by simulation based on the service type, and noise is added to

the prediction results.

7.7.2 Performance of Prediction Model

There have been many works in the area of prediction, whereas in our work, the main

contribution is how to design the caching strategy based on popularity and prediction.

However, we can still obtain an improved prediction accuracy by applying our proposed

model. Here we evaluate the effectiveness of our proposed prediction model. Using

datasets from three cities, the prediction accuracy of four models, i.e., the first-order,

second-order, third-order Markov Model and our proposed model, are compared. Here,

the prediction accuracy is defined as the ratio between the number of correct predictions

and the total number of predictions for all the users.

As shown in Table 7.2, the second-order Markov Model achieves the highest predic-

tion accuracy compared with other orders. This may be because the first-order Markov

model ignores the sequential information of people’s movement patterns, and the third-

order Markov model that considers three previous states may suffer from the cold start

problem. Thus, the second-order Markov Model is selected as the basic prediction model

before applying the proposed improvement based on user clustering. The selection of the
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Table 7.2: Comparison of prediction accuracy.

Model City A City B City C
1st-order Markov 0.56 +/- 0.20 0.53 +/- 0.17 0.59 +/- 0.22
2nd-order Markov 0.60 +/- 0.21 0.61 +/- 0.16 0.66 +/- 0.19
3rd-order Markov 0.51 +/- 0.22 0.57 +/- 0.18 0.62 +/- 0.21

Our proposed 0.60 +/- 0.21 0.65 +/- 0.16 0.69 +/- 0.18

Figure 7.8: Averaged prediction accuracy of mobile users in the top 2,000 most visited
cells within city A.

second-order Markov Model is consistent with the conclusion from other studies (e.g.,

[108]). The results also show that our proposed method outperforms the other three

methods in terms of accuracy.

7.7.3 Case Study - City A

We use the data of the first two weeks as the training set, and the third week as the test

set. We build a Markov model for users’ movements by the data in the training set, and

test the model on the test set to get our prediction result. The data in the training set

is adopted to build the second-order Markov Model with user clustering improvement,

and the data in the test set is applied to test our proposed model. Our first case study is

on the data from city A. In city A, there are 7,796 cells in our data. Here, 1,000 cells with

high visit frequency and 462 users are taken into consideration, as shown in Figure 7.8.

We set α = 1.6, N = 100, 000 and s = 10. Based on the characteristics of the data set,
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Figure 7.9: Averaged cache hit rate comparison among our method and three benchmarks
for city A when α = 1.6 and s = 10.

we assume that 20% of the files can be refreshed at the beginning of each time slot and

the refresh rate is 5 minutes. Figure 7.9 shows the averaged cache hit rates of different

methods. The selected 1,000 cells are sorted by the averaged prediction accuracy. Here

we only consider the uncertainty of users’ mobility, which implies that the request of each

user at each time is supposed to be known.

The results in Figure 7.9 show that when the files are cached by popularity, LFU or

LRU, the hit rates of different cells are similar, which are all around 0.82. The reason for

the relatively low hit rates is that these methods cannot differentiate the predictability of

different cells. By caching files using the optimal strategy in our proposed method, the

hit rates improve substantially, especially for those cells with high prediction accuracies.

The (average) hit rate of the optimal caching strategy found by our proposed method is

0.91.

7.7.4 Case Study - City B

In city B, there are 12,027 cells available in the data set. Here, the top 2,000 most visited

cells and 1,015 users are taken into consideration. Figure 7.1 shows the prediction accu-

racy of each cell in the city. We use the same setting of parameters as in Section 7.7.3,
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Figure 7.10: Averaged cache hit rate comparison among our method and three bench-
marks for city B when α = 1.4 and s = 10.

except that α = 1.4 for city B. The average cache hit rates of our proposed method and

the other three benchmark methods are obtained and compared in Figure 7.10.

The results of city B in Figure 7.10 are similar to the results of city A in Figure 7.9. In

city B, our proposed method still outperforms the three benchmark methods. Compared

with city A, there exists a decrease of the average cache hit rates of the three benchmark

methods from 0.82 to 0.7 in city B, which can be primarily attributed to the lower α value.

The accuracy of the optimal caching strategy by our proposed prediction model in city B

is also lower than city A.

7.7.5 Effect of Varying Content Popularity Distribution and Varying Storage
Capacity

We compare our proposed method with the three benchmark methods with varying stor-

age sizes under four different α values (α = 0.2, 0.6, 1.0, 1.4) for city A, as shown in Fig-

ure 7.11. We find that the hit rate turns higher as the storage size s increases, and the hit

rate also increases with a larger value of α. The averaged hit rate of the optimal caching

strategy obtained by our proposed method is higher than that of the other methods in all

cases.

Figure 7.12 shows the average hit rates of our optimal method and the three other
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Figure 7.11: Averaged cache hit rates with varying storage limit and varying α value with
perfect prediction on content requests.
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Figure 7.12: Averaged cache hit rates comparison with varying α value when s = 125.

benchmark methods when the cache storage capacity is s = 125. We can clearly see

that our method is always the best among all these four methods; especially when α is

small, the hit rate of our method is much higher than those of the other methods. This

demonstrates again that our method can better deal with the heterogeneity of users.

If we assume that different cells have different prediction accuracies on the content

prediction, then the hit rate of our algorithm will decrease slightly, since our algorithm

can adaptively balance between popularity and prediction, as shown in Figure 7.13. In

this experiment, we divide the cells randomly into 4 groups, and set the content request

prediction accuracy as 0.3, 0.5, 0.7 and 0.9 respectively. Since the performance of LFU,

LRU and PC is not affected by the prediction accuracy, in Figure 7.13, only the results of

our optimal method are shown. By assuming there is noise in the prediction accuracy,

the hit rate of our proposed method reduces slightly due to the decreased predictability

of users.

7.8 Conclusion

In this chapter, we proposed an adaptive edge caching algorithm for mobile networks

to improve users’ experience and reduce cost. In our algorithm, mobile users’ historical

behavior in terms of mobility and content requests is applied to make predictions, and an

optimization model is built based on it. In the optimization model, the optimal caching
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Figure 7.13: Averaged cache hit rates of our proposed method with varying storage limit
and varying α value with/without perfect prediction on content requests.
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strategy is obtained by adaptively dividing the cache storage into two parts, one based on

popularity and the other based on prediction. What’s more, a robust prediction model

based on a second-order Markov model with improvement by iVAT clustering is pro-

posed for mobile users’ behavior prediction. Experiments on both simulation data and

real-life data show that our algorithm outperforms three benchmarks, LFU, LRU and PC

in terms of the averaged hit rate. The advantage of our model is more prominent when

the storage capacity is limited and the similarities of mobile users are relatively low. The

results demonstrate that our method is more suitable for resource-limited networks and

more robust for the heterogeneity of mobile users’ behavior.



Chapter 8

Conclusions and Future Work

8.1 Summary of Contributions

This thesis has addressed a range of challenges for knowledge discovery and data an-

alytics on trajectory data in different application scenarios. Based on the rapid devel-

opment of various kinds of location detection techniques, there is growing demand for

the analysis of human movement behavior in the form of trajectories. Analyzing human

trajectory data using different data mining techniques can assist a range of applications.

In particular, we have focused on four research questions in three different application

scenarios, namely pedestrian traffic flow anomaly detection, contrast pattern mining for

multi-source data, as well as corridor identification and edge caching strategy design for

mobile networks.

In Chapter 3, we focused on extracting pedestrian movement patterns and determin-

ing anomalous regions/time periods from trajectory datasets. Many existing approaches

to address this problem have the limitation that they focus on the details of individual

trajectories, but do not consider the characteristics of the overall trajectory distribution.

Therefore, we utilized a visualization method to describe pedestrian movement distribu-

tions in terms of their origin and destination points. In order to summarize related flows

of pedestrians, we transformed the origin-destination flow matrix into a dissimilarity ma-

trix and visually clustered the most popular flows using the VAT/iVAT algorithms. This

information can be useful for monitoring the safety and security of public areas. Then we

proposed a clustering based method to detect abnormal time periods with anomalous

pedestrian trajectory distributions, which can used to detect the occurrence and impact

137
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of special events. We evaluated our proposed methods on one synthetic dataset and one

real-life dataset, the Edinburgh informatics forum database, which demonstrated the ef-

fectiveness of our proposed algorithms.

In Chapter 4, we focused on finding patterns where there has been a major change in

one type of dataset but little corresponding change in a related dataset. Our motivation is

that in retail environments, store managers may be interested in finding the relationships

or differences between sales data and customers’ movement behavior. Therefore, we

defined a new kind of contrast pattern, which is called a conditional contrast pattern. Al-

though many different kinds of contrast patterns have been proposed in previous work,

none of the methods has considered identifying contrast patterns from multiple datasets.

We also proposed a conditional contrast pattern tree based method for mining these pat-

terns. We evaluated our method compared with two baseline methods on a synthetic

dataset as well as a real life retail dataset from a shop in Melbourne. The results show the

efficiency and practicality of our proposed method.

In Chapters 5, 6 and 7, we focused on how to develop human mobility mining tech-

niques for the deployment and management of large-scale mobile edge computing in-

frastructure in 5G networks. Specifically, in Chapter 5, we first studied the identification

of underlying geographical corridors of trajectories generated in mobile networks. Com-

pared with other types of trajectories, mobile trajectories are coarse, and their granularity

varies due to the inconsistent density of cell towers. To solve this problem, we proposed

a new distance measure based on Hausdorff distance to calculate the similarity between

sub-trajectories by considering the distribution of cells. A two-level hierarchical trajec-

tory clustering model was also proposed for the identification of corridors. Experiments

on a real-life dataset from China Mobile demonstrate the effectiveness of our method.

Our method can achieve the best performance with more than 10% improvement in clus-

tering quality compared with state-of-the-art methods. To the best of our knowledge, this

is the first published study that focuses on corridor identification of human trajectories

generated from heterogeneous mobile data networks. This information could help mo-

bile operators to identify key focus regions (i.e., corridors) in large-scale deployments of

5G networks for cost minimization.
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In Chapter 6, to identify the significant changes in traffic flows in mobile networks,

we utilized contrast mining techniques to highlight corridors that are sufficiently differ-

ent between different time periods. To measure the difference, an improved distance

measure based on a modified Hausdorff distance and earth movers’ distance is proposed

to calculate the dissimilarity between the identified corridors, which considers the het-

erogeneity of mobile networks. To further extract the significantly different corridors, we

formulate the definition of contrast corridors of mobile users’ movement. Both synthetic

and real-life datasets are applied to validate the effectiveness of our proposed method.

Contrast corridors can be effectively detected from trajectories in mobile networks, and

our method outperforms others by an average 20% improvement in the F1 score. The

identification of these contrast corridor patterns could provide insights to help the man-

agement and orchestration of 5G network resources.

Then in Chapter 7, we studied how to design edge caching strategies for mobile net-

works, i.e., determining what files to pre-fetch at which cell and at what time. Consid-

ering the heterogeneity of users’ content preferences and mobility, we focused on the

problem of how to utilize the historical data of users to improve the cache hit rate with

limited storage size. We identified that cells located in different places have different de-

grees of predictability, which indicates that caching solely based on the prediction model

may not be appropriate all the time. To overcome this problem, we propose to integrate a

personalized prediction model into the edge caching problem, and also provide an opti-

mization model that can adaptively decide the preferences for popularity and prediction

results. We solved the optimization problem using a heuristic strategy based on genetic

algorithms. Simulations are provided to evaluate the performance of our proposed algo-

rithm. Experiments on a real-life dataset from China Mobile also show that our algorithm

outperforms existing schemes, especially when the cache capacity is low and the distri-

bution of content popularity is skewed.
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8.2 Future Work

We now discuss some of the future research directions, which are motivated by this thesis

or are open challenges for trajectory data mining.

Human Behavior Prediction in Mobile Networks Human behavior prediction (includ-

ing next place and next request) is a powerful tool for data delivery and location services

in mobile networks. For example, in the edge caching problem, the improvement of pre-

diction accuracy can also help with a higher hit rate. In this thesis, we predict users’

movements and content requests separately, but there may exist a correlation between

these two behaviors. Therefore, a joint prediction model for users’ movement and con-

tent request behavior may be more useful.

Utilization of Identified Patterns One open challenge for data mining is how to uti-

lize the patterns identified from data to help with the final decision making tasks. For

example, in Chapter 5, we proposed a method for corridor identification. It would be

interesting to study how to utilize the corridors of mobile users identified from their his-

torical trajectories. One possible application is to help with the prediction model.

Temporal Analysis Our proposed models for edge caching and corridor identification

are built based on historical data, and all the time periods are taken into consideration as

a whole, which means we assume users’ behavior patterns are the same during different

time periods. One potential research direction is to incorporate the temporal character-

istics into our proposed model. In the future, we may further improve our proposed

models by considering various temporal characteristics, e.g., the effects of different time

periods of the day or different days of the week.

Real-time Data Processing Currently our proposed models are built based on historical

data. All the data are processed offline. However, many applications, such as traffic

monitoring and event management, require the results to be presented in real time or

near real time. Depending on the deployment environment, mobile phone network data
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may not be available in real time and the quantity data can be massive. Therefore, it is

necessary to propose a streaming platform to process large volumes of data in real time.
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