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Abstract

Exploring Group Mobility

Abstract: Human mobility research is gaining traction, opening up new

avenues for research in smart cities infrastructure development. Human

mobility can reveal information regarding population dispersion across a

large area, human behaviour, and individuals’ daily routines. In the mean-

time, individual mobility is intensively investigated, but group mobility is

mostly unexplored. In this thesis, we developed user trajectories based on

the dataset collected from their cellular network connectivity. We develop

a method for assessing group mobility by examining the similarity in users’

trajectories between locations in different users’ routines. Our results in-

dicate that while multiple groups can be formed in specific locations (in a

static manner), it is difficult to find users that share the same spatial and

temporal characteristics while moving.

CERCS: P170 Computer science, numerical analysis, systems, control

Keywords: group mobility, device-to-device communication, opportunistic

d2d collaborations, human mobility, mobile crowdsensing

Rühma liikuvuse uurimine

Kokkuvõte: Inimeste liikuvuse uuringud on hakanud jõudsalt tõusma,

avades uusi võimalusi teadusuuringuteks tarkade linnade infrastruktuuri aren-

damisel. Suurtel aladel inimeste liikuvuse andmed avaldavad teavet elanikkonna

hajumise, inimeste käitumise ja üksikisikute igapäevase rutiini kohta. Seni

on uuritud intensiivselt individuaalset liikuvust, kuid mitte grupi liikuvust.

Käesolev lõputöö esitab väljatöötatud kasutajate trajektoorid, mis põhinevad



mobiilsidevõrgu kasutajate ühendustel kogutud andmestikul. On loodud

grupi liikuvuse hindamismeetod, mis uuris kasutajate trajektooride sarna-

sust erinevate kasutajate rutiinide asukohtade vahel. Uurimistulemused näi-

tavad, et vaid ühepäevasest liikuvuse andmestikust ei piisa konkreetsete ka-

sutajate trajektooride tuvastamiseks. Tulemuste põhjal on näha, et kuigi

teatud asukohtades (staatilisel viisil) saab moodustada mitu rühma, on

keeruline leida kasutajaid, kellel on samad ruumilised ja ajalised omadused

liikudes.

CERCS: P170 Arvutiteadus, arvutusmeetodid, süsteemid, juhtimine

Märksõnad: rühmaliikuvus, suhtlus seadmete vahel, oportunistlik d2d

koostöö, inimeste liikuvus, mrahva mobiliseerimine teabe kogumiseks (ingl

k crowdsensing)
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Introduction

The study of human mobility is important to enable new types of applications in diverse

domains ranging from smart cities to infrastructure planning (1, 2). Indeed, human

mobility can provide critical insights to design urban environments (3, 4) and regulate

the distribution of population over a wide area (5). For instance, capacity metrics from

human mobility can be used to optimise transportation systems (6, 7) and mobility

patterns can be used to design better public spaces. Besides this, mobility insights

can be used to disclose several human behaviors. For instance, the amount of time

people spend at work, and even the daily routines of individuals (8). More recently, as

the current pandemic has demonstrated, insights of human mobility are fundamental

to avoid impacting the local economy of countries. Indeed, mobility patterns can be

used to produce smart policies that regulate human mobility instead of restricting it

completely (with lockdowns).

Existing efforts to study human mobility have focused on creating trajectories to

explain mobility patterns. A trajectory depicts the locations that a person visits over

a period of time (9, 10). The creation of trajectories is tied to massive effort in data

collection. However, thanks to the adoption of smartphones as tools for personal data

management, the collection of user data has become a very simple technical process

despite its complex ethical issues in data privacy. Smartphones can be exploited indi-

vidually or collectively for data collection using opportunistic approaches, e.g., mobile

crowdsensing (11) and crowdsourcing (12). The first one implies that individual smart-

phones are periodically sampling location data to monitor mobility actively (13, 14),

while the latter one aggregates samples from different smartphones carried by differ-
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1. INTRODUCTION

ent users to model mobility passively (15). While user mobility has been investigated

widely, most of the work focuses on mobility of a single user, leaving group mobility

(multiple users) partially unexplored.

In this thesis, we conduct a systematic evaluation in which we study group mobility.

We rely on mobile operator dataset1 collected over a period of 24 hrs in the area of

Shanghai, China. In our work, we first define individual user mobility in different

locations using current state of the art techniques. With this information, we then

conduct a similarity analysis to determine users that move together (as a group). We

conduct a rigorous evaluation in which different groups are formed by analysing the

influx and outflux of users between different locations. Our results indicate that while

users may share similar mobility patterns, it is difficult to find multiple users (as a

group) sharing the same spatial and temporal characteristics.

1.1 Contributions

• Novel method: We develop a grid-like technique that can be used to transform

crowdsensed data into trajectories that explain human mobility. Our method is re-

leased as open source in GitHub2.

• Novel insights: We found that a group of users are bonded to a specific location.

Moreover, while we observe frequent encounter of familiar users in a location, we did

not find familiar encounters of users while moving between locations

1.2 Outline

This thesis is structured as follows:

• Chapter 2 reviews the state-of-the-art about device to device communication,

mobile crowdsensing and opportunistic collaborations.

• Chapter 3 explains the preprocessing and cleaning of our crowdsensed dataset.

• Chapter 4 describes the development and design of our grid-like technique to

transform crowdsensed data into trajectories.
1Partially released in Applens workshop 2019
2https://github.com/mobile-cloud-computing/D2DGroups.git
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1.2 Outline

• Chapter 5 describes the experimental setup used to analyse group mobility.

• Chapter 6 presents the results of our analysis.

• Chapter 7 discusses the implications and limitations of our analysis.

• Chapter 8 summarizes and concludes our work.

5
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2

State of the Art

In this Chapter, we conduct a literature review about the concepts explored in this

work. Specifically, we review the current state in topics related to mobile crowdsensing,

device-to-device (D2D) communications and opportunistic collaborations.

2.1 Human mobility

Human mobility is a research area that is widely explored to understand human be-

havior in society (4). The understanding of human mobility has several implications in

different domains. For instance, urban planning uses human mobility to better optimise

the construction of roads and regulate traffic of vehicles (16). Typically, human mobility

is studied through the monitoring of trajectories. A trajectory depicts the places (loca-

tions) that a particular individual explores throughout the day. Multiple information

can be derived from trajectories. For example, a trajectory can explain the amount of

time that an individual spends in a location, e.g., 5 hrs at work, 10 minutes in a park.

Trajectories that are repeated over time become human patterns. These are important

as those represent repetitive routines that explain the activities of individuals across

time (17).

Human mobility in urban environments has been explored to understand POI (points

of interest) (18). This means that the characteristics of human mobility define the

urban context. Understanding human mobility within cities, how and where people

move helps in urban policy and planning (19), such as estimation of commute flow,

forecast of traffic, and urban planning (20). Human mobility is used as a key indicator

7



2. STATE OF THE ART

of urban connections which interest urban planners and policymakers (21) and it has a

significant impact on the economy, society and environment (22).

Human mobility aids in determining how connected or distant different urban re-

gions are, which reflects the underlying urban form (23). The emerging concept of

"New Urbanism” strongly encourages the reintegration of spatial form and built-up

environments in order to create the perfect neighborhood for active forms of human

mobility (24). Fundamental factors of urban mobility are the spatial distribution and

temporal dynamics of urban activity density (25). Other research work has also explored

human mobility to predict peoples’ visited locations (26). Other work has shown human

mobility to identify gender groups and communities from different countries (27).

Unlike previous research that has focused on studying individual users and their

trajectories and partially focused on the people who moved as a group (group mobility)

to identify the mobility patterns. In contrast to other work, we use a dataset of a

cellular operator to analyse similar users’ trajectories as a group and explore group

mobility between locations in a city.

2.2 Mobile crowdsensing

Mobile crowdsensing is a technique that is used to reduce the complexity of a single task

among multiple individuals (13). Besides this, mobile crowdsensing also can be used

to execute tasks, which a single individual cannot complete by itself (14). A task in

mobile crowdsensing depicts a computational operation carried through a smart device.

For instance, collecting the GPS coordinates of a place. Multiple devices contribute to

the same task, such that in time, all different contributions can be aggregated into a

single solution. For example, all the GPS samples captured by multiple devices are used

to define the main sightseeing (POI) in a city. While mobile crowdsensing is essential

to perform complex tasks, the utilisation of mobile crowdsensing depends on efficient

strategies for data collection.

Data collection on smart devices requires instrumentation of applications (aka apps),

such that data samples from sensors can be captured and then uploaded to a centralised

server for further analysis. This is the most common approach, which is easily hamper

when there is not a strong user base for collecting data. Indeed, these apps can collect

data, but its representation is sparse (28). Alternatively, crowdsensing data can be

8



2.2 Mobile crowdsensing

Figure 2.1: Mobile crowdnsensing at network level

also captured at network level. However, this requires continuous access to the com-

munication infrastructure that routes the data, e.g., base stations. As a result, cellular

operators are the only ones that can access this information easily.

To further understand the data collection through mobile crowdsensing, let’s con-

sider Figure 2.1. There are 8 base stations marked with a number identifier and 4 users.

User data is collected at each base station and aggregated into a dataset once users

send information.

Mobile crowdsensing has been studied to support multiple applications (11). Mo-

bile crowdsensing has been used successfully to construct the indoor mapping of build-

ings (29). Other work has used mobile crowdsensing for the generation of maps (30). For

growing Internet of Things (IoT) applications, mobile crowdsensing is a vital building

piece (31) such as, mapping the phenomena of mutual interest (32), smart cities (33)

and self-contained indoor navigation system (34). Other research work developed smart

loyalty and incentive programs, allowing travellers to gather points and redeem incen-

tives for sites and attractions they visit across a country or region (35). Which helps to

develop smart tourism hence, increasing tourism activity (36).

9



2. STATE OF THE ART

Traffic monitoring is another application of mobile crowdsensing (37), sense driver

activities and behavior, sudden traffic events and aggressive driving, which assist in the

creation of profiles for bad driving habits (38). Other work has used mobile crowdsensing

to monitor health of the patient by monitoring vital signs and enhancing patient care

through early detection of adverse health conditions (39). Another example is that

individuals can share their exercise data and then compare their levels of exercise to

those of the rest of the community (40).

A key disadvantage of mobile crowdsensing is data sparsity (14), which means miss-

ing data. Many approaches can be used to fix the missing data, and the simplest one

would be to drop the missing data rows but it might not be the best approach because

you will also be dropping information (41). In fact, the predictions are often based on

new data even though some of the features are missing. However, the missing values

could be informative in itself.

Multiple approaches from interpolation (42) to machine learning can be used to fill

missing data (43). A basic solution to impute the missing data point is by filling it with

mean/median in the case of numerical data. For categorical data, the model can be

used to fill the missing part 1. However, machine learning models can be used to clean

datasets which will be more time effective. For instance, the imputer class from scikit-

learns’ preprocessing model. Scikit-learn contains amazing machine learning models for

data cleaning 2. Entity resolution is one example of machine learning in data unification

that is based on three tasks. The Figure 2.2 illustrates the visual description of entity

resolution tasks.

1. Deduplication i.e. removing redundant data from the dataset.

2. Record linkage which identifies entities that are the same across different sources.

3. Canonicalisation, which means converting the data representation into a standard

form.

In contrast to other work, we used a mobile operator dataset that has crowdsensed

data of multiple users. We used this information to model user trajectory patterns.

With this information, we then analyse the mobility of users between locations.
1https://towardsdatascience.com/machine-learning-for-data-cleaning-and-unification-b3213bbd18e
2https://towardsdatascience.com/the-complete-beginners-guide-to-data-cleaning-and-

preprocessing-2070b7d4c6d
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2.2 Mobile crowdsensing

(a)

(b)

(c)

Figure 2.2: Visual description of entity resolution tasks. (a) deduplication (b) record
linkage and (c) canonicalisation
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2. STATE OF THE ART

Figure 2.3: Illustration of device to device communication in cellular network

2.3 Device-to-device communications

Another approach to monitor human localisation is device-to-device (D2D) communica-

tions (44, 45, 46). Indeed, D2D can be used to characterise specific locations and deter-

mine other individuals that are in proximity. D2D relies on opportunistic smartphones

carried by users to achieve this type of monitoring. By using short range communication

technologies, e.g., Bluetooth and WiFi-Direct, it is possible to obtain detailed informa-

tion about the context of individuals. While traditional D2D solutions rely on short

range technologies, several studies have demonstrated that co-location of individuals

also can be detected through the passive collection of data by using long range commu-

nication technologies, e.g., LTE/5G (47). Figure 2.3 shows the overall approaches for

D2D.

D2D is a technique that is mainly used to produce opportunistic networks (48). In

12



2.3 Device-to-device communications

an opportunistic network, mobile devices become nodes and packages are routed by

these devices. The main advantage of this type of network is that it takes advantage of

human mobility to propagate and disseminate network information. Similarly, D2D can

also be used to engage into opportunistic collaborations. In this type of collaboration,

the continuous execution of tasks is divided between multiple devices, such that it is

possible to reduce the burden of executing tasks by individual devices. For instance, co-

located devices can decide to share the processing load of calculating GPS coordinates.

Since co-located devices share the same location, then instead of both devices executing

the task, the task is performed by one device and the result of this task is then shared

with others (49).

D2D has been studied in different contexts. In 2006, Zhang et al. indicate that

the opportunistic collaboration model led to a high level of collective responsibility,

more pervasive and distributed collaborations. Also, it gives flexibility and awareness to

collaborators, which leads to greater diffusion of information and knowledge (50). These

collaborations range from supplying resources to applications. For instance, database

server management systems, load balancers and hardware resources (e.g., CPU, storage,

and network) for ensuring guaranteed performance for applications (51). Moreover, the

applications that share sensor data (49), (52).

Collaboration is essential for accomplishing a task in many applications. For exam-

ple, edge computing scenarios involving high-velocity processing (e.g., real-time video

sharing) that requires collaboration to offset latency requirements (53). Another ex-

ample is given by Block-chain consensus-based user access strategies, which work on

D2D networks (54). D2D communications enable opportunistic collaborations in which

input/output resources of devices are combined together as a whole to operate (55).

For such collaboration, collaborators are directly dependent on how long they stay con-

nected with each other. In practice, the required number of collaborators, the time

frame for devices to stay together in a certain range and even the range of proximity

depend on the characteristic of the application. For example, collaborative sensing ap-

plications typically required devices to be within each other connectivity range (56), and

the collaboration to last for several sensor cycles to prevent the overhead from managing

the collaboration to offset its benefits (49), (52). By doing this, we reduce the burden

of executing a task on the devices as it is performed in a collaborative manner.

13



2. STATE OF THE ART

A task represents an operation of a device that requires one or more resources at

the same time. For instance, in a sensing task, a sensor takes a sample, and then the

CPU is used to analyse the sample, and it can be performed individually or distributed

among multiple devices to reduce execution cost. An opportunistic collaboration can

be classified into two types: i) synchronous, and ii) asynchronous. In asynchronous

collaboration, a task execution needs to take place in one go without any interrup-

tion (57). It required devices to stay in close proximity to each other for the whole

duration of the execution. On the other hand, asynchronous collaboration is more like

an incremental execution, which requires devices to gather multiple times until the task

is completed. Every time when devices are in close proximity to each other a chunk of

tasks is executed. This process is repeated until the task is completed (58).

D2D communications have been looked at from multiple perspectives. If we con-

sider networking, D2D communications have helped build systems that improved the

quality of services and networking experience e.g. wireless sensor networks (59), peer-

to-peer (P2P) communications (60), delay-tolerant network and decentralised social sys-

tems (61). Another perspective could be load sharing in the sensing applications (62), (49),

e.g., GPS, temperature. In recent times, the sudden increase in the capabilities of de-

vices has led to visualisation of these systems as solutions that can contribute compu-

tational resources towards deployments of edge and fog infrastructures (57), (53).

The current research on opportunistic collaborations is mainly based on developing

methods that help identify the collaborators or demonstrate that devices can find at

least individual collaborators. Collaborators are basically devices that share resources

over the D2D system. Many approaches analyse collaboration opportunities to identify

the collaborators that stay together in the proximity distance for the execution period of

the task. One of the approaches is a familiarity-based collaborator selection algorithm

to analyse collaboration opportunities in the dataset proposed by Lee et al (49). This

approach is based on two parameters:

1. Familiarity

2. Duration

Familiarity refers to the frequency with which the devices meet each other to be

considered familiar. In other words, it measures the number of times devices were co-

located. Duration refers to the minimum duration the devices needs to be co-located to

14



2.4 Summary

be counted as Familiarity. A familiarity-based algorithm indeed suggested that there are

collaboration opportunities. The likelihood of finding the collaboration devices is high

when familiarity is low. Furthermore, the number of available devices and the duration

of collaboration varies when familiarity between devices changes (63). When we apply

this to the real world, the more familiar we are with the person increases the likelihood

of meeting that person more often. Which means more collaborating opportunities.

But the study showed otherwise which means that the characteristics of collaboration

opportunities vary significantly depending on the collaboration requirements.

This previous collaboration selection approach had a limitation in that it was inca-

pable of accounting for different tasks and collaboration characteristics. This limitation

can be over by using the COSINE collaboration algorithm. COSINE is a collaborator

selector service that uses regularity characteristics to recommend the best possible col-

laborators (47). As a measure of regularity, Markov trajectory entropy (64) is used,

which enables our approach to adapt to collaborator requirements. Which allows CO-

SINE to overcome two limitations:

1. Incapability to adapt for different tasks and collaboration characteristics

2. Incapability to account for individual variations in mobility patterns

Collaboration opportunities estimated by regularity is more stable than using famil-

iarity based estimation because selecting collaborators with similar co-location duration

is better than checking the frequency of their co-existence.

Unlike previous work, we analyse a cellular operator dataset to extrapolate co-

location between devices. While several approaches are available to determine whether

users move together using collaboration techniques, we instead used a trajectory simi-

larity approach to establish group mobility.

2.4 Summary

Humans carry mobile devices, and their mobility generates communication opportu-

nities when two or more devices come into contact (48). While tracking mobility of

individual devices has been widely explored, group mobility has been less investigated.

In this thesis, we explored group mobility by analysing a dataset of crowdsensed mea-

surements. To do this, we first construct individual trajectories of individuals, and then
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by looking at the similarities of these trajectories, we then establish users that move

together.

The next Chapter explains the data cleaning and preprocessing of the dataset.
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Dataset Description and
Preparation

In this Chapter, we describe the crowdsensed dataset used in our analysis. We describe

its key characteristics and its preparation process to analyse it. As highlighted in the

previous Chapter, we will use passive modelling of crowdsensed measurements captured

by a cellular operator.

3.1 Dataset overview

Our dataset consists in a higher number of samples collected through cellular opera-

tor infrastructure. Our dataset captures information from users that connect to base

stations in Shanghai, China, covering 24 hours (August 21, 2017). The records in the

dataset consist of usage records obtained whenever a mobile application (e.g., multi-

ple different applications) connects to the internet through mobile data. Every mobile

application has a unique identifier in the collected dataset, and this information helps

us distinguish between different mobile applications the users used. In the collected

dataset, every single record consists of the following elements:

User ID: An unique identifier to distinguish users.

Time Stamp: Time when an application connects to the internet.

Traffic Volume: Data usage while a mobile application was connected to the internet.

App ID: An unique identifier to distinguish applications.

Base Station ID: An unique identifier to distinguish base stations.
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Longitude: Longitude value of a base station

Latitude: Latitude value of a base station.

The dataset is summarised in Table 3.1. The dataset contains a large amount of spa-

tiotemporal close mobile data usage records, which allows us a baseline for estimating

the location of users with low error rate.

Table 3.1: Statistics summarise the dataset.

Dataset Samples Devices Apps Base Stations
Raw 12310705 998 1543 7663

After Data Cleaning 8248775 826 1459 4011
In the area of Interest, X 3425014 548 1289 1198

Validated in X 1655271 512 46 1171

3.2 Crowdsensed measurements

Passive measurements were collected during times devices were connecting to the mobile

network. The information collected includes data usage [in bytes], timestamps [date

format], an exclusive identifier for applications, devices and base stations (identifiers

and GPS coordinates). The raw dataset comprises data from 998 devices and 7663 base

stations.

To verify the correctness of base stations in our dataset, we used the Opencellid

database. The Opencellid project is the world’s largest collaborative open-data reposi-

tory of GPS positions of cell towers. This project aims to offer GSM localisation data

collected from different sources, including mobile apps and network providers. This

project works under open content license, which promotes free use and redistribution

of the data1. We used Opencellid to overlay records of GPS coordinates of our base

stations into regions using their GPS coordinates. Records with invalid location or base

station identifiers were removed. Figure 3.1 illustrates the mapping result of the base

stations and Opencellid database, as it is evident in the two inset maps that base station

data is not overlaying geographically over the Opencellid dataset.
1https://opencellid.org/
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Figure 3.1: Mapping of base station on opencellid database

To tackle the matching between our dataset information and Opencellid, we used

radial distance to overlay the GPS coordinates as shown in Table 3.2. We used a

minimum 500-meter radial distance to clean our dataset, which gives us the most verified

base station and, in our assumption, keeps our records close to real life. After cleaning,

the dataset encompasses 8, 248, 775 records from 826 devices and 4011 base stations.

Table 3.2: Overlapping coordinates by radial distance

Radial Distance (meters) Number of Overlapping Coordinates
1 1
500 4011
700 4144
1000 4235
1500 4333
3000 4403
5000 4420
7000 4421
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3.2.1 Spatio-temporal characteristics

Figure 3.2 describes the spatial and temporal characteristics of the data. Firstly, we

validated the records by comparing the land use to the location of the base stations;

as shown in Figure 3.2a results are as expected. Base stations are spread out to the

whole region, but most importantly in the crowd dense areas (see Figure 3.2b). While

this distribution aids in assuring mobile network coverage and availability, it includes

spatial sparsity issues as the base stations are not uniformly distributed. Secondly,

we measured the variation in the number of samples collected at different hours. As

suspected, data collected from the base station locations and the number of samples

vary considerably over time (see Figure 3.2c and 3.2d), reflecting the data’s temporal

characteristics.

In some cases, the data samples collected are even differing by over 410, 000 samples.

For example, we considered the time at 04:00 PM as peak afternoon time so that we can

expect more mobility and network usage. In contrast, at the time 04:00 AM where most

people sleep and several network access will mostly be expected from their home which

indicates less mobility. In this case, we got 479, 874 samples from 1124 base stations

and 580 devices at the time 04:00 PM and significantly fewer samples of 69, 042 from

233 base stations and 171 devices at the time 04:00 AM. Hence, it will not be wrong to

say that user mobility and app usage patterns result in sample locations and densities

being dependent on time.

3.2.2 Validity respecting spatio-temporal behaviour

Figure 3.3 illustrates a histogram of the devices, app and base stations at different

times, using hourly bins as a discrete resolution of a measurement concerning time. As

shown in the histogram (see Figure 3.3a), the number of devices that are active per

hour remained more or less the same with little variation from midnight to 06:00 AM.

From the Figure, we can observe an increase in the number of active devices after 06:00

AM. Moreover, the activity of devices also stays more or less the same during the day

and gradually decreases in the late afternoon. As demonstrated by several works, this

is a common behaviour of users that is expected during the day (65), e.g., most people

sleep during the night, which explains less activity. Similarly, people are certainly more
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(a)

base stations

(b)

479,874 samples [1600 to 1659]

(c)

69,042 samples [0400 to 0459]

(d)

Figure 3.2: Spatial (a,b) and temporal (c,d) dataset characteristics, (a,b) land use and
base station locations. (c,d) difference in samples collected at different time

active during the day, such as going to work or school and eating from outside, which

explains such a pattern.

Similarly, as shown in Figure 3.3b, the data used by mobile applications are higher

even though devices producing data decrease, which shows the temporal trend of data

consumed by the devices. This indicates that people tend to consume more data in the

evening or before midnight. This is relatable as people use their devices more often once

they have free time. The histogram (see Figure 3.3c) explains the connectivity of mobile

devices with their base stations that highlight the users’ mobility. When we look at the
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number of base stations from which data is accessible, we can see that more devices are

linked to more base stations at a specific hour, resulting in stable coverage across diverse

places for approximately half of the day. Lastly, the latest and the earliest hour periods

are expected to have the lowest number of records. These observations demonstrate

that the characteristics of our data follow regular daily patterns and capture typical

urban patterns.

3.3 Data modelling

In the previous section, we validated the spatial and temporal characteristics of the

data. This helps us to identify the spatial sparsity issues in the data (as shown in

Figure 3.2b - base stations are not uniformly distributed across the region). As group

mobility depends on the crowd density, it makes it hard to trace mobility patterns with

fewer base stations. Thus, in this section, we focused on modelling sparse data, such

that it is possible to mitigate the effect of sparsity when tracking users’ mobility.

3.3.1 Area of interest

In our work, we model users’ mobility using a particular area. As the area of interest X

considered the location with the highest concentration of the base stations as shown in

Figure 3.4, which allowed us to evaluate data gathering over various spatio-temporal lev-

els of sparsity. The selected area also known as an area of interest consists of 3, 425, 104

samples from 1198 base stations, 548 devices and 1289 mobile applications. It is located

in the northeast part of the city and overlaps the zone with highest land use (see Fig-

ure 3.2a). A grid of 10 x 10 is drawn to aggregate the base stations concentrated in that

area. Grid was placed on the district within Shanghai with the highest activity, which

means it is the busiest part of the city, hence more mobility pattern while preserving

data characteristics. Figure 3.4 clearly illustrate the districts which were considered to

extract the data, which has uniform distributions of base stations across the region.

3.3.2 Data preprocessing

Before analysing the mobility of users, we conducted an extensive preprocessing over

the crowdsensed measurements. First, we cleaned the dataset in two phases to eliminate

apps with lower data contributions and lower amounts of samples. In particular, we
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(a)

(b)

(c)

Figure 3.3: Comparison of hourly utilisation of devices (a), applications (b) and base
stations(c)
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Figure 3.4: Area of Interest with the highest concentration of the samples. More scatter
points describe locations with a higher density of base stations.

did not consider data from (i) applications that have less than 10 users use and (ii)

applications contributing less than 10 samples per hour. We used these threshold values

as it has been effective in other studies (47) In the first phase, we sorted data based on

two features: user identifier and application identifier. We prepared the list of apps with

the count of the unique users using the particular application. Thus, we removed all the

mobile applications with less than 10 users. We applied this approach to the data from

Area of Interest X (see Table 3.1). Our number of mobile applications decreased from

548 devices and 1289 apps to 537 devices and 406 apps. Our dataset sample size was

reduced to 2, 377, 912 which is the 70th percentile of the data from the selected area.

Based on this resulting data, we then applied the second phase of the preprocessing

pipeline. We created a list of user data collected per hour for each application. Once

we have the list, we remove all applications in which the sample collected at any hour

is less than 10. By doing this we obtained applications that made analysing mobility

patterns better. For Instance, many mobile applications have 1 or 2 samples counted

at a particular hour, which cannot be enough to portray the mobility of the users.

By removing these, it brought more relevance to the data. This approach reduced

the number of samples by 30 percent that encompasses 16, 655, 271 samples from 512
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Figure 3.5: Scatter plot of the data after data preprocessing

devices, 46 mobile applications and 1171 base stations. Figure 3.5 illustrates the data

after preprocessing, base stations are scattered uniformly in the area of interest with

the dataset focusing on the context for analysis.

3.4 Summary

This Chapter mainly focuses on the data cleaning and preprocessing part of the dataset.

We verify our base stations with Opencellid and remove all the records from other base

stations and validate our verified dataset for spatial-temporal characteristic and be-

haviour. We found spatial sparsity issues in the data. To tackle this, we modelled the

data into an area of interest (using a grid) where base stations are uniformly distributed

throughout the region and data from all the base stations outside of this region were

dropped. Furthermore, we preprocess the data and discarded all the applications which

have less than 10 users and the applications contributing less than 10 samples per hour

to make it suitable for analysis.

In the next Chapter we will use this processed data to create user mobility using their

connectivity with the base station.
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4

Modelling Mobility with
Crowdsensed Data

This Chapter focuses on estimating mobility patterns and calculating trajectories, which

aids in better understanding individual user movement. We analyse these individual

user movements that help us in finding their mobility and directional patterns.

4.1 Grid structure design

In the previous Chapter, we extracted from our dataset, the area with the most dense

deployment of base stations (also known as an area of interest as shown in Figure 4.2a).

As stated previously, high density of these stations is required to capture precise human

mobility in an urban area.

To analyse the mobility of individual users, we design a grid-like structure that

overlaps this area of interest. The idea of this structure is that trajectories can then be

built by monitoring changes between cells. These changes depict the event of devices

connecting to different base stations that have available coverage in the area where the

users are located. Our grid structure consists of 100 cells and each cell represents a

region containing a set of base stations. We used 100 cells for the grid as it provides an

optimal cell area to merge base stations while retaining enough descriptive information

to differentiate regions. Figure 4.2b illustrates a clear picture of the grid and distribution

of the base stations. Each cell has an unique identifier. Thus, a trajectory is constructed

by moving between cells. For instance, from the Figure 4.1 also we can observe an
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Figure 4.1: User trajectory constructed using the grid cells

emerging trajectory that depicts movement between two points, A and B.

Grid implementation: Our grid is designed and developed based on existing tools

and available open source libraries. ArcGIS is a geographic information system (GIS)

application. The analysis toolbox includes a robust set of tools for performing the most

basic GIS tasks. By using this tool, it is possible to make overlays, construct buffers,

calculate statistics, perform proximity analysis, and much more with the features in this

toolkit1. We also used geofabrik, an open source database for freely available geographic

data2, to extract spatial data of Shanghai, China (Shanghai districts boundary). With

this information introduced in our area of interest, we then clipped district border data

for the district available only in our area of interest in Shanghai. Moreover, by using

the clipped district polygon, we used a fishnet tool available in ArcGIS to draw a 10 x

10 grid, spanning a total area of 631 km2.

1https://pro.arcgis.com/
2https://www.geofabrik.de/
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(a)

(b)

Figure 4.2: Base stations scatter plot in the grid: a) grid plot with map; and, b) grid
plot without map
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4.1.1 Constructing user mobility

After developing the grid structure, which merges base station deployments into cells.

We next analyse the mobility of individual users. We choose to model initial mobility of

individual users as trajectories, such that then it is possible to find similar trajectories

to identify groups. Besides overlapping the data with a grid structure, we also created

time windows during the day to explore mobility in ranges between hours.

Time windows are produced by combining session information of users to a specific

base station. In other words, combining multiple connectivity entries of a device with

multiple base stations over a period of time. To better understand the concept of

combining session time, let’s assume a scenario: A user is connected to base station B1

at 09:00 AM. For almost 30 minutes, the user stays static (not moving), but the user

then connects multiple times with base station B1. Afterwards (some time later), the

user moves to another location and connects with base station B2 and again having

multiple sessions. Later, at 10:00 AM, the user moves again. So, according to the

scenario between 09:00 AM and 09:59 AM, our user moved only once. So for the first

30 minutes, we will combine all the session time for the user for base station B1, giving

us one instance of the users’ connectivity and do the same for base station B2. This

approach provides us with the users’ mobility from base stations B1 to B2, which is

effective to depict the time of a mobility pattern as well as to preserve the characteristics

of data mobility in our measurements.

After applying this data transformation, which allows us to build trajectories, our

dataset contained 6398 samples for 512 devices and 1171 base stations. With this

transformation, it is then possible to build trajectories of specific users using the grid.

Figure 4.3 visualises the result of the approach we applied to our data. We can observe

from the figure a mobility pattern of one of the users with high spatial mobility fre-

quency. This user has 66 samples which got reduced from 4206 after combining sessions.

We used the moving-pandas library to plot the trajectory of the users, which was sorted

by hours. The plot represents the user mobility in the area of interest for the whole day

(24 hrs).
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Figure 4.3: User trajectory with the high spatial mobility frequency

4.1.2 Tuning user mobility

In our work, as previously stated, we rely on open source libraries to construct trajecto-

ries of individual users. While it is possible to obtain an estimated representation of a

trajectory between two areas (Figure 4.3), we can observe that the produced trajectory

contains noise, which makes it difficult to explain the mobility of a user. The main

reason for this noisy pattern is that devices connect not to one but to different base

stations while located in a particular place. This connection can be due to an initiated

session by a user (using an application) or just a single heartbeat message that a device

sends through the cellular network to notify its active status in the network.

To counter this problem, we reduced the random connectivity of users to base sta-

tions, such that it is possible to tune the smoothness of user trajectories. To understand
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this process, let’s assume a scenario based on our grid. The 10 x 10 grid consists of 100

cells, and each cell consists of multiple base stations. While a user has been in one of

the cells, can randomly connect to any base station in that particular cell. So if the user

moves from cell no. 1 to cell no. 2, he connects to almost all the base stations in the

cell at least once, which causes zigzagging user movements. As a result, we considered

eliminating base stations that are generating randomness in the mobility pattern and

only considered the base station from where the mobility originated in cell no. 1 and

destination base station in cell no. 2 giving us a single straight mobility line between

the cells. Naturally, removing data for calculating trajectories is not an aleatory process

as it is necessary to preserve the validity of the dataset and the mobility characteristics

of individual users.

To tune trajectories of users, we then apply an incremental construction approach.

In this process, we created origin and destination points (OD points) for each hour for a

user. For each hour, we will pick the first base station user got connected to and the last

one; the rest of the connectivity instances were discarded meaning base stations were

removed. Once we get all the OD points for the user, we can put them together and can

have a clean mobility pattern that is more meaningful and with less noise. Figure 4.4

shows the clean mobility of the same user represented in the previous (Figure 4.3).

Since the tuning process provides intuitive representation of mobility of users, we

then apply this process to the whole data available in our dataset. Figure 4.5 represents

the mobility of the users’ sample of 6398 from 512 devices. These are the final and

clean mobility patterns of all the users found in our dataset. These patterns now can

be explored from the perspective of group mobility.

4.1.3 Categorisation of mobility

To understand more in detail the type of user mobility that was found in our dataset,

we conducted further analysis in which user trajectories are categorised based on two

factors, Distance and Mobility. Here, Distance refers to the area covered by the users

while moving between locations, whereas Mobility refers to the number of times a user

moves from one base station to another. We used our grid cells to figure out these

two variables for all the users. We track user mobility by using these cells (including

multiple base stations) to find the highest and the lowest cell visited by the user which

represents the user connected to one of the base stations in these cells. The difference
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Figure 4.4: Clean mobility pattern for a user with the high spatial mobility frequency

between these cells provides us with the Distance value (number of cells covered by his

trajectory). On the other hand, mobility is estimated by the number of cells visited by

the users (base station connected to for the period of their trajectory).

Figure 4.6 demonstrates the values retrieved for these variables for all the users in

the data, we can see how users’ span of distance and mobility varies between the users.

The highest distance (difference between the cells) covered by a user is 95. In contrast,

approximately 50th percentile of the data is less than 12, which is the median number

of cells covered by the user. This suggests that almost 50% of the users have a low

distance value. In addition, the highest mobility for a user is 20. However, almost 60%

of the users fall under the category of low mobility because of 60th percentile of the

data is below the median value of 3. Table 4.1 summaries the type of categories that

can be modelled by the distance and mobility factors. From the table, we can observe
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Figure 4.5: All users mobility patterns

that 176 out of 512 devices have high distance and high mobility, whereas most devices

have low distance and mobility.

Table 4.1: Categorisation of mobility of the users given their distance during the time
they were mobile

Mobility
Distance

High Low

High 176 11

Low 61 264

This analysis also provides us further insights before exploring group mobility, in
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(a) (b)

Figure 4.6: Median value of all users with respect to: (a) distance and (b) mobility

particular, the results indicate that 127 users out of 512 are not mobile, and they fall

under low distance and low mobility. Considering this particular category, 264 users

may have some groups, but they will not be together for a long period and distance.

This means that more likely those users just have spontaneous encounters. Moreover,

from the rest of available users in our dataset, we can’t neglect the time variable, even

though it is possible to find similar trajectories (mobility patterns), they also need to

match in the same periods of time to be considered as users moving together (as a

group).

4.2 Summary

Using our dataset of crowdsensed measurements, we defined trajectories that represent

users’ mobility across the area of interest (grid) using the moving-pandas library. We

found out that defining users’ connectivity to base stations to model user mobility in-

troduces noise in the construction of trajectories. To counter this problem, we applied

two approaches to clean the data and tune the trajectories of individual users. In the

first one, we combined the session time of each base station’s user, while in the lat-

ter one, we introduced origin and destination points when constructing trajectories of

users. These points represent the base station users connected to at the start and end

of the hours. By doing this, we obtained meaningful trajectories that describe mobility

of users while maintaining data mobility characteristics. After this, we also conducted

a further analysis to understand the type of mobility that is found in our dataset when
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constructing trajectories for the whole set of available users.

In the next Chapter, we will describe the experiment that is used to analyse group

mobility.
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Experimental Setup

In this Chapter, we describe the experimental setup used to explore group mobility. We

set up the experiment based on regions (locations) and time. The goal of the experiment

is to detect a set of users that move together between these regions at different times.

5.1 Defining group mobility

We define group mobility by estimating the amount of users moving together between

locations. To analyse group mobility, we introduced (categorical) locations in our area

of interest (X) to track mobility of users between specific regions. Figure 5.1 illustrates

the distribution of these categories on the area of interest X. We used OpenStreetMap

data from Shanghai to extract these regions. Our five regions are commercial areas,

residential areas, industrial areas, parks and railway stations. Furthermore, commercial

areas represent all the offices, shopping centres, warehouses, or retails. The residential

areas refer to all the residency sites like residential buildings, private houses and farm-

houses, etc. Park denotes all the available forests, nature reserves and public parks,

and the industrial areas represent all the sites that are used for industrial development.

Railway stations are the sites that users use to commute.

These regions are scattered all over the grid, which means our users are moving in

and out of these regions during 24 hrs. This gives us insight into the users’ mobility

patterns and their daily routines. For example, a user has a routine to leave his house

for work via a train during the day. So, he will leave his house, go to a railway station,

and train at his workplace. This means his trajectory will show the user moving from a
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Figure 5.1: Contextualisation of mobility of the users given different type areas our grid
includes

residential area to a railway station. This information is captured by our grip structure.

Moreover, this demonstrates that users’ mobility patterns are not random; but their

mobility represents their routine. As we are exploring group mobility, these regions

will help us bind groups of people in the context of their location of co-existence. For

instance, if we find a group of users in the same residential area and the same group

in a commercial area, they likely live and work together, and if they share the same

routine, there is a high chance they might move together.

5.2 Experiment setup

We set up an experiment to explore group mobility using the 512 users that were vali-

dated in the area of interest X from the whole data available to create users’ trajectories.

This is a controlled experiment based on locations and users’ routines. We select 5 loca-

tions, one from each region, and users’ routines represent different time frames based on

users’ activities during the day. Fixed locations allow us to examine user mobility and

behaviour in a location, whereas users’ routines help us see a change in user mobility
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when a user activity changes over a period of time. Similar trajectories of users were

used to identify users as a group. The goal of the experiment is to find a group of people

that move from one location to another while sharing a similar temporal features and

similar trajectory.

5.2.1 Selecting locations for each category

Our five categories are dispersed over the Area of Interest X, we selected two locations

per category. These locations were picked based on dominating characteristics of the

location itself. This means that if an area has 80% of residential buildings and 20% of

commercial area, then the whole location will be considered residential. For example, if

we consider residential areas, we picked two different locations where the most areas were

covered by the residential building/houses. After getting these locations, we extracted

numbers of users and users’ mobility (Activity) in these locations - Activity depicts the

connectivity behavior to the base stations and it is quantified based on the number of

samples that are monitored. Base stations in these regions are the common interaction

point for the users, which help us define similarity between users in their locations.

Table 5.1: Users and users mobility (activity) in two locations per regions

Category
Location 1 Location 2

Users Activity Users Activity

Residential 45 158 29 119
Commercial 27 155 6 274
Industrial 16 60 18 59
Railway Station 53 220 6 6
Park 21 70 29 70

Table 5.1 illustrates the number of users available in the locations for each category

and the number of their mobility activities within the particular location (users con-

nectivity). This table shows a change in the number of users based on location and

category. For example, for the commercial category, we see that there are 27 users in

location 1 and location 2 has 6 users. But, if we see their activity in this category, loca-

tion 2 users have more activity although they are less in number. The change in users’

39



5. EXPERIMENTAL SETUP

number by category is also visible; we can observe most users were found at railway

stations. In contrast, the industrial area location had the least number of users.

For our experiment, we define a single location per category. We picked the location

which has most users as it provides us with a bigger sample of users in a group for

each location. We selected locations with these numbers of users 45, 27, 18, 53 and

29 for Residential, Commercial, Industrial, Railway Station, and Park. To verify these

locations, we examined these locations for user mobility across the categories in the

duration of 24 hrs and found groups of people common in these regions.

Furthermore, we also ensured the existence of users’ mobility across these regions.

Table 5.2 illustrates that all the locations have at least one user that is common between

two categories which is true for all the combinations of these five categories. It indicates

users mobility in these locations, and from the perspective of similar users, we can say

that 6 users moved from a railway to residential during the time frame of 24 hrs. Still,

the question is, did they have the same temporal characteristics and similar trajectories?

Table 5.2: Number of common users in the among these categories

Category Residential Commercial Railway Station Park Industrial

Residential 0 3 6 2 3

Commercial 3 0 6 3 1

Railway Station 6 6 0 2 2

Park 2 3 2 0 3

Industrial 3 1 2 3 0

5.2.2 Users routines based on the locations

After defining the locations to analyse and verifying the existence of the same users

between locations, we then explore whether these users share the same temporal char-

acteristics. Thus, we then explored group mobility in the context of duration and time.

In this case, the temporal variable plays an important role in finding groups that move

across different locations together. The availability of users in the locations oscillates

considerably over time. As a result, we characterised the users available in our 5 loca-

tions in such a way that is indicative of the users’ routine (66). We rely on descriptive
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routines to make our results more intuitive to understand. For this experiment, we relied

on three daily routines to demonstrate change in the size of a group of people moving

together in and out of our 5 locations (Residential, Commercial, Industrial, Railway

Station and Park). Routines are described in Table 5.3. The first one divides the day

into DayTime and NightTime; the second one splits the day into three categories, Rest,

Work and Leisure; and the last one splits up the day into more granular user routines

consisting of 7 activities.

Table 5.3: In different locations, number of available users based on different daily routine
characterisation. R - residential, C - commercial, I - industrial, P - park, T - railway station

Routine Category Time range R C I P T

1
Daytime 08:00-20:59 37 23 17 27 51
Nighttime 21:00-07:59 19 14 3 5 15

2
Rest (Early Morning) 01:00-08:59 15 14 1 8 12

Work (Morning-Afternoon) 09:00-16:59 23 17 12 19 37
Leisure (Afternoon-Evening) 17:00-00:59 22 15 11 13 24

3

Rest (Early Morning) 01:00-05:59 7 3 1 0 2
Rush hours (Morning) 06:00-07:59 9 9 0 2 6

Work (Morning) 08:00-11:59 14 15 6 10 26
Lunch break 12:00-14:59 11 12 7 11 24

Work (Afternoon) 15:00-17:59 14 12 4 9 21
Rush hours (Evening) 18:00-20:59 15 11 10 10 17
Leisure (Evening) 21:00-00:59 10 15 11 3 9

Total 45 27 18 29 53

Furthermore, Table 5.3 also demonstrates the effect of location and time on the

number of users. It illustrates the partition of the 24 hrs into such a manner that

we see three different routines for the users. For instance, Routine 1 (Daytime) shows

more users available in these locations between 08:00-20:59. If we compare routine 1 for

Railway Station we can see 51 users out of 53 were at this location during the daytime,

whereas 15 were available during the night time (21:00-07:59). This also indicates that

few users were at Railway Station during DayTime and NightTime.

However, Routine 2 Further splits the day and displays the characteristics of users

at a different location. We observe that all locations have more users during working
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hours (09:00-16:59) than any other time of the day. If we look at the Industrial area

we see a similar number of users available during Work and Leisure but only one user

available during Rest (01:00-08:59), which describes the nature of the industrial area

because this area usually has long working hours.

Routine 3, shrinks the time frames more to give us 7 activities to examine users’

mobility across the locations in limited temporal constraints. If we compare routine 1

DayTime with Routine 3, we can see the DayTime is distributed into 4 activities (Work

(Morning), Lunch Break, Work (Afternoon), Rush Hours (Evening)). Which also breaks

down the number of users available in different locations in a fixed window of time.

There were 23 users during DayTime (08:00-20:59) within the commercial location,

which were broken down into 15,12,12 and 11 number of users in Work (Morning),

Lunch Break, Work (Afternoon), Rush Hours (Evening) time frame respectively. which

also tells us that some users stay in this location for multiple activities.

5.2.3 Further considerations

In the case of routines, for Routine 1 and Routine 2, we run our experiment and check

for the common group of users between locations during all the activities. For exam-

ple, we examine DayTime from Routine 1 and see how many groups of people moved

together between two locations during the same temporal characteristics and check sim-

ilarity in their trajectories. In the case of Routine 3, since the activities have smaller

time frames, we examine group mobility within and across the activities and use their

mobility patterns between these activities. For example, we checked group mobility

within Work(Morning) and between Work(Morning) and Lunch Break.

5.3 Summary

We identified different regions in our area of interest overlapped by our grid structure.

Based on these regions we selected 5 locations with the most users and set up a control

experiment to explore users’ mobility in and out of these locations. We used different

user routines (time frames) to analyse effect on user mobility as a group and used their

trajectories to detect similarity in their mobility, such that it is possible to characterise

a group moving between specific locations.
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5.3 Summary

In the next Chapter, we present the results of our described experiment.
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Results

This Chapter presents the results of our experimental setup described previously. As

stated before, our experiment accounts for 5 different locations and uses 3 users’ rou-

tines with multiple time frames. Our results provide key insights about group mobility

between different locations.

6.1 Exploring group mobility

We now proceed to interpret the results of our analysis when using different routines,

consisting of multiple activities. Kruskal Wallis test1 to detect whether there are users

in our data that share same data distribution showed that indeed, some users have

similar data distribution (p < 0.05), but the their trajectories constructed with our

grid do not match each other. This means that data distribution is not enough to

detect similar users moving together, and instead, we rely exclusively on similarity of

trajectories described by our grid to find users moving together.

6.1.1 Results of routine 1

Routine 1 indicates that there are groups of people moving between two locations during

DayTime (08:00-20:59). However, NightTime (21:00-07:59) activity shows no group

mobility, indicating that users were static and together for a long time. Figure 6.1

shows the results obtained from DayTime activity of Routine 1. Results show that two

groups of 5 users moved from Residential to Railway and Commercial to Railway during
1Statistical significance analysis
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DayTime (08:00-20:59)

Figure 6.1: A group of people found moving together between locations for routine 1 day
time

this time frame. Moreover, there are 3 groups of 3 users that moved from Commercial

to Residential, Commercial to Park and Industrial to Park.

Our analysis also shows the users which are moving in groups of 2 users, otherwise

in general users move alone. If a single user is moving from one location to another,

we categorise it as no group. For example, we found one user moving from Industrial

to Commercial during the DayTime activity, so there was no group mobility. In com-

parison, the users moving in groups of 2 users will be considered as pairs. Our results

show 4 pairs each moving from Residential to Industry, Residential to Park, Railway to

Industrial and Railway to Park respectively.
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6.1 Exploring group mobility

6.1.2 Results of routine 2

Results obtained for Routine 2 for all three activities (Rest (Early Morning), Work

(Morning-Afternoon) and Leisure (Afternoon-Evening)) indicates that there was no

group of users found during Rest (01:00-08:59) and Leisure (17:00-00:59) activity. There

was one user in each activity that moved between locations. Still, one user cannot be

categorised as a group, so no group mobility was found in these activities of Routine 2.

Still, we can say we found a group of static users that stays together for a longer time

at fixed proximity.

However, our analysis for Routine 2 activity Work(Morning-Afternoon) indicates

that during the time frame of 09:00-16:59, there are groups of people that are moving

between two locations. Figure 6.2 demonstrates the results obtained for the working

hour of Routine 2. Results show that there are two groups of 3 users and two pairs.

Groups moved from Residential to Railway and Commercial to Railway whereas pairs

mobility was from Residential to Park and Industrial to Park.

Our results also show the user who is moving alone between locations during this

activity. For example, we found one user moving from Railway to Industrial and another

user moving from Railway to Park. This user will be considered as no group, and so no

group mobility can be determined in these locations.

6.1.3 Comparing results of routine 1 and routine 2

We compared the results of Routine 1 and Routine 2; we can see how the number of

users changed in a group by reducing the time frame. We draw a comparison between

Routine 1 DayTime (08:00-20:59) and Routine 2 Work (Morning-Afternoon) (09:00-

16:59). Figure 6.3 demonstrates the numbers of users in a group changed over this

activity. We observed the groups moving from Residential to Railway and Commercial

to Railway; their group size reduces from 5 to 3 users. Industrial to Park users group

size dropped from 3 to 2 whereas Commercial to Park group size decreased to 1 user

from 3. However, there was no change in the mobility behaviour of the pair that moved

from Residential to Park between both DayTime and Work (Morning and Afternoon)

activity.

Our Comparison indicates that all users moving together in DayTime (08:00-20:59)

don’t share the same temporal characteristic except for the pair of users that holds their
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Work(Morning-Afternoon) (09:00-16:59)

Figure 6.2: A group of people found moving together between locations for routine 2
work(morning-afternoon)

mobility together even in a reduced time frame of Work (09:00-16:59). Moreover, we

deduce the locations that have groups and pairs moving among them.

6.1.4 Similarity in users mobility (trajectory)

We consider users to have similar trajectories if they share the same path defined by the

cells in the grid. Similarity comparison was drawn for the users that are moving from

Residential to Railway and Commercial to Railway. The following group trajectories

were drawn to examine if they have similar mobility patterns or not. Our results indicate

users’ mobility pattern was different but overlapping each other for some duration when

they were moving between the locations.

Figure 6.4 illustrates the users’ trajectories moving from Commercial to Railway

during the Work (09:00-16:59). Users 1, 2, and 3 moved from Commercial to Railway,
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6.1 Exploring group mobility

Figure 6.3: Comparison of groups of routine 1 day time (08:00 - 20:59) and routine 2
work (morning-afternoon) (09:00 - 16:59)

and all the other users are moving to different locations from Commercial. The similarity

in users’ trajectories can be seen for multiple users when they leave the Commercial

area. Even users who did not reach the Railway had a similar trajectory with the users

who moved from Commercial to Railway for some part of their whole mobility period.

Focusing on User 1, 2, and 3, trajectories show them leaving the Commercial area

together and using a different path to reach the Railway while having similar trajectory

at different intervals.

6.1.5 Routine 3

Our Routine 3 are based on the groups that were moving from Residential to Railway

and Commercial to Railway and pairs moving from Industrial to Park and Residen-

tial to Park we found from our analysis of Routine 1 and Routine 2. We used Rou-

tine 3 activities Work (Morning) (08:00-11:59), Lunch break (12:00-14:59) and Work

(Afternoon)(15:00-17:59) to break down the DayTime and Work (Morning-Afternoon)

into the more granular time frame.

Figure 6.5 illustrates the results of our analysis. It shows that the number of users

in a group decreases to one or no users in a group as we decrease the temporal window.

For Commercial to Railway, we had 5 users in a group for DayTime and a group of 3

users for Work. We saw only one users’ mobility between these locations during work
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Figure 6.4: Trajectory of users moving from commercial to railway station during work
(morning-afternoon)(09:00-16:59)

morning hours of 08:00 to 11:59, and likewise single users’ mobility in other activities.

However, no group mobility was observed in these granular activities. This tells us a

group of 3 users were together at Commercial and Railway during the Work activity of

Routine 2 but they did not move together. One user moved between these locations,

the remaining two moved to different locations and then moved from those locations

to the Railway clearly indicating no group mobility. Similar was the case with the

group of users moving from Residential to Railway. Furthermore, for a group that

moved from Industrial to Park, our results demonstrate that 2 users moved as a group

during the time frame of 09:00 to 16:59. They both moved from Industrial to Park,

but 1 user moved during Lunch Break (12:00-14:59), and 1 user moved during Work

(Afternoon) (15:00-17:59). Users that moved from Residential to Park also moved to

different locations and then united at one location.
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Figure 6.5: Comparison of groups of people found moving together between locations for
different activities

6.1.6 Similarity in user mobility (trajectory) for routine 3

By using our grid similarity to define group mobility, we analysed users’ trajectories

to see the effects of time on their mobility patterns. Figure 6.6 illustrates the users’

trajectories moving from Commercial to Railway during the Work (Morning) (08:00-

11:59) and demonstrate that 3 users that were moving together during (09:00-16:59)

(see Figure 6.4) do not maintain the same behaviour in Work (Morning) (08:00-11:59).

Only one user out of 3 users is moving from Commercial to Railway. Hence, our results

show no similarity in users’ mobility between these locations.

Our results show no group mobility between these locations but the upside results

indicate that there are groups of users that co-existed at some point of the day for a

particular duration.

6.2 Exploring group mobility across activities

We now know that no group of users moved between locations within Work (Morning)

(08:00-11:59), Lunch break (12:00-14:59), Work (Afternoon) (15:00-17:59), Rush Hours

(Afternoon) (18:00-20:59) activities of Routine 3 which are granular time frames of

DayTime (08:00-20:59) activity of Routine 1. However, so far, we also know there are
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Figure 6.6: Trajectory of users moving from commercial to railway station during work
(morning)(08:00-11:59)

groups of users that stay static in each location during granular time frames of Routine

3.

Based on our findings, we look at group mobility from the preservative of the users’

routine and examine group mobility. For example, there are groups of users in the

commercial area during the work morning hours, and they are static and together, which

indicates that they work in the same place. We explored if they work together how their

mobility will change during lunch hours. This means we explored group mobility across

activities of Routine 3. Figure 6.7 illustrates the results of group mobility across Work

(Morning) (08:00-11:59) to Lunch Break (12:00-14:59) and Lunch Break (12:00-14:59) to

Work (Afternoon) (15:00-17:59) showing the number of users moved between locations.

Figure 6.7a demonstrates that one user moved from Park to Commercial and an-

other user moved from Railway to Commercial between work morning and lunch break,
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6.2 Exploring group mobility across activities

(a)

(b)

Figure 6.7: Users mobility across different time activities of routine 3 a) work (morn-
ing) (08:00 - 11:59)/ lunch break (12:00-14:59) and, b) lunch break (12:00-14:59) / work
(afternoon) (15:00-17:59)
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formulating a pair at Commercial. Likewise, one user from Park and Commercial each

moved to Railway to form another pair. One user moved from Railway to Park. Our

results indicate two users are moving from two different locations and reach the same

location to form a pair. Figure 6.7b demonstrates the group users mobility between

lunch break to working evening hours. The results we obtained indicate no group mo-

bility. One user mobility was found in between Residential to Railway and Railway to

Residential each. We compared the results from both Work (Morning) (08:00-11:59) to

Lunch Break (12:00-14:59) and Lunch Break (12:00-14:59) to Work (Afternoon) (15:00-

17:59) results to see if the pair found at Commercial and Railway moved together from

these locations. Our analysis indicates no mobility, which means they stay together at

one location for the whole period of Lunch break and Work Afternoon.

Our analysis gives insight into the user mobility patterns between the locations

across different time frames, representing users’ daily activities. Our results show no

group mobility between locations across different activities. However, it gives us insight

into how users moved from different locations to one location. Results also indicate that

users’ mobility or staying at one place together is dependent on locations and temporal

characteristics.

While groups were identified statically in specific locations, our results indicate that

group mobility is limited to pairs of users at most when moving between locations.

No group mobility was found, where a large number of users were identified. Our

observations showed the effects on users’ mobility in the context of locations and time.

6.3 Summary

We evaluated users moving as a group from one location to another in different time

frames by conducting a controlled experiment. We analysed the results of our exper-

iment to explore group mobility in 5 specific locations. While groups were identified

statically in specific locations, our results indicate that group mobility is limited to pairs

of users at most when moving between locations. No group mobility was found, where

a large number of users were identified. Our observations showed the effects on users’

mobility in the context of locations and time.
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In the next Chapter, we discuss the limitations and possible implications of our work.
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Discussion

This Chapter discusses the implications and limitations of our work.

7.1 On group mobility

Our results suggest that monitoring group mobility is difficult using our current method-

ology. Our analysis revealed the effects on users’ mobility in terms of location and time.

However, our findings reveal that groups of users are easy to track in static locations

rather than on the move (moving between locations).

7.2 Room for improvement

We analyse mobility of individual users using default routines that can be found freely in

available software packages. As a result, the accuracy of the trajectories produced is low.

However, it is possible to increase the accuracy and precision in these trajectories by

using more sophisticated algorithms found in the art (67), e.g., Kalman filter. Since our

work was about tracking a group of users moving together, we left the implementation

of these algorithms for future work.

In addition, since our dataset contains only one-day mobility measurements, it is

difficult to validate the accuracy of repetitive routines over time. Moreover, during the

mobility analysis, we found that almost half of users’ mobility was either between two

locations or were static. To verify this, data from different days could lead to more

conclusive results.
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7.3 Regularity of groups

Our present strategy aims to investigate user group mobility based on locations, mo-

bility, and time. All of these components are combined in our method to grasp users’

mobility by shifting their locations and times. These metrics, however, can be enhanced

in the future. Regularity of users can help improve their mobility. By verifying users’

mobility on a day-to-day basis, we can create stable trajectories for the users and based

on the commonly visited sites, we can have a greater chance at defining better users’

routines. By generalising group mobility of users, it is possible to envision new applica-

tions that rely on group size for effective processing of tasks in a collaborative manner,

e.g., processing and sensing tasks.
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Summary and Conclusion

In this thesis, we used a crowdsensed dataset (from a cellular operator) to analyse group

mobility (aka multiple users moving together). We designed a grid-like technique that

can transform crowdsensed data into trajectories that explain human mobility of indi-

vidual users. With this information, we then analyse the mobility patterns of multiple

users between locations, e.g., Residential and Commercial locations. By contextualising

our results into daily routines to explain mobility patterns, we found that while multi-

ple groups can be formed in specific locations (in a static manner), it is difficult to find

users that share the same spatial and temporal characteristics while moving.
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