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Abstract

While human mobility modeling has been studied extensively over the years,
there is still a partial understanding of the modeling of users moving to-
gether. In this thesis, we develop a method that can be used to build
trajectories of users from mobile crowdsensed data. By using this method,
we characterize different types of trajectories. We then perform rigorous ex-
perimental benchmarks to compare and analyze these trajectories in a sys-
tematic manner. Our results demonstrate that the optimal similarity score
between trajectories is found when considering trajectories of the same type
and a short length. In addition, our results also provide new insights into
the level of (partial) similarity that can be found between users that move

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

Keywords: group mobility, human mobility, mobile crowd-sensing, similar

trajectory, mobility comparison

Grupimobiilsuse modelleerimise iilevaatamine: siistemaatiline hin-

damine

kokkuvote: Inimeste mobiilsuse modelleerimist on labi aastate pohjalikult
uuritud, kuid siiski on arusaamine kasutajate koos liikumisest mittetaielik.
Kaéesolevas 16putoos arendatakse vilja meetod, millega saab mobiililt kogutud
andmete pohjal kasutajate trajektoore moodustada. Meetodil pohinedes kir-
jeldame erinevaid trajektooride tiilipe. Seejérel teostame eksperimentaalseid
mootlusi, et siisteemselt neid trajektoore vorrelda ja analiiiisida. Meie tule-

mused néitavad, et optimaalseima trajektooride sarnasusskoori annab sama



tiilipi ja lihikese pikkusega trajektooride vordlus. Lisaks pakuvad meie tule-
mused uut arusaama sellest, kuivord on voimalik (osalist) sarnasust leida

kasutatajate puhul, kes liiguvad koos.
CERCS: P170 Arvutiteadus, arvutusmeetodid, siisteemid, juhtimine

Mairksonad: rihmaliikuvus, inimeste liikuvus, rahva mobiliseerimine teabe

kogumiseks (ingl k crowdsensing), sarnane trajektoor, litkuvuse vordlus
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Introduction

Human mobility has become a fundamental domain to understand people’s behaviour,
social relations, and interactions (1)). By understanding the principles that govern hu-
man mobility, it is possible to design better digital systems and applications that blend
into everyday activities. Domains that benefit from human mobility research include
intelligent transportation systems (2), capacity planning in mobile networks (3)) and au-
tonomous vehicles (4, 5). More recently, fundamental principles of human mobility have
been utilized to evaluate the spread of infections in urban areas, such that it is possible
to design counter measurements against it (6)), e.g. COVID-19. Likewise, vaccination
planning also has been aided by human mobility patterns as a way to accelerate the
reduction of infection rates in large populations (7).

Existing works on understanding human mobility have focused on modelling trajec-
tories through users’ personal data (§)), e.g., surveillance cameras (9). Thanks to the
increasing adoption of smart, IoT (Internet of Things), and wearable devices (10)), it
is possible to obtain enough spatial and temporal data that can be used to model the
behaviour of users. Indeed, several techniques that exploit data collected from devices
and applications can be used for this purpose. For instance, network probes from the
mobile operator can capture the behaviour of application usage and visited locations
from mobile subscribers (11)). Another example, apps can be instrumented with mech-
anisms to triangulate position using WiFi connectivity (12). Similarly, urban locations
can be fingerprinted based on their POI (Point of Interest) area distribution, and user

mobility can be extrapolated by monitoring when users check-in in those areas. While



1. INTRODUCTION

several methods can be utilized to analyze human mobility through trajectories, it is
still challenging to identify when multiple users move together.

In this thesis, we revisit the modelling of human mobility to detect users that move
together in a group. We first develop a generic modelling method in which trajectories
are built by looking at samples collected in different locations. We rely on samples
collected by a mobile operator network in Shanghai, Chinaﬂ We next implement a DTW
algorithm that can be used to calculate a similarity score between different trajectories.
With this information, a systematic evaluation was conducted in which different types
of trajectories were compared. Our results indicate the groups of users that move (or
stay) together (partially) are more likely to be found when the trajectories are short
and similar in length. Our work paves the way towards new methods to analyze human

mobility as a group.

1.1 Contributions

The following sums up the contributions presented in this work:

e Novel insights: We develop a grid-based method that can be used to built trajec-
tories from mobile crowdsensed data of users. By using this method over a mobile
operator dataset, we found that it is possible to find users that move together by
looking at trajectories that are short in length.

e Improved performance: We perform rigorous benchmarks demonstrating that our
method can be applied over a large variety of situations and experimental conditions.

The source code used in our benchmarks is available as open-source in GitHub [

1.2 Outline

This thesis is structured as follows:

e Chapter 2 reviews the state-of-the-art about human mobility and it’s applications,

mobile crowdsensing and metrics to analyze the similarly of trajectories.

'Partially released in Applens workshop 2019
2https://github.com /mobile-cloud-computing/GroupMobilityRevisited



1.2 Outline

Chapter 3 describes the information about our raw dataset, and the processes

used for cleaning and preparing the data for analysis.

Chapter 4 describes the method for building trajectories from our crowdsensed

dataset.

Chapter 5 describes the experimental setup for analyzing similarity between tra-

jectories.
Chapter 6 presents the findings our analysis.
Chapter 7 discusses the implications and limitations of our work.

Chapter 8 presents the summary and conclusion of our work.
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State of the Art

The primary focus of this Chapter is to explain the concepts of human mobility, user
trajectory modelling and similarity of trajectories. In the following, we explain these

concepts in detail and review existing work in these fields.

2.1 Human mobility

Background: Human mobility patterns have been studied widely in recent years (13)).
Human mobility refers to the analysis of the locomotion behaviour of users in general -
including transportation systems. As shown in Figure [2.1], thanks to the proliferation of
smart devices and smart infrastructure, it is very easy to collect data that can be used
to understand human mobility behaviours in urban environments (14 15). For instance,
bikes in a city can be used to optimize routes and touristic activities of visitors (16).
Human mobility is mostly explored through the modelling of trajectories. However,
other studies have taken different perspectives by analyzing the dynamics of crowd
estimation and formation. For instance, amount of people available in a particular
location (14} [17).

Interestingly, human mobility has shown to be predictable (1}). As a result, predic-
tion models have been studied to anticipate the in-flux and out-flux of people in specific
urban locations (I8). Moreover, as the current (COVID-19) pandemic has demon-
strated, these prediction models are particularly important to regulate the interactions
and encounters of people in locations, such that it is possible to reduce infection and

apply better vaccinations policies. Similarly, other applications of these models include
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Figure 2.1: Human mobility in urban areas by several individual users

capacity estimation of users for the deployment of services, and smart city designs,

among others (19).

Existing work: Several works have investigated the analysis of human mobility pat-
terns. For instance, a framework (DRoF') has been developed to discover regions of dif-
ferent topics using point of interests in that region along with human mobility. Likewise,
distribution of mobility patterns and identifying the intensity of distribution among
different locations helps in urban planning, advertisement and business location iden-
tification (I5)). Different models also have been developed to find the migratory flows,
traffic forecasting and urban planning using human mobility (individual and population)
concerning short-range and long-range mobility types (20)).

Additionally, other works have also investigated further relations between urban
regions and mobility patterns of different communities. This interrelationship between
spatial distribution and mobility patterns helps to figure out the density and evolution
of communities over time (2I). Besides this, human mobility research also has been
applied to optimize resource management of services (22) and support the design and
deployment of smart buildings (23) for city-scale planning. In contrast to previous
work, we study human mobility patterns in urban areas that are captured through mobile
operator networks. We model trajectories of users with this data, such that it is possible

to find users moving together.
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Figure 2.2: Information flow of mobile crowdsensing system. Smartphones conduct sens-
ing tasks and subsequently transmit that data to a data collecting server over cellular

networks.

2.2 Mobile crowdsensing

Background: Mobile crowdsensing (MCS) is a technique that can be used to reduce
the complexity of sensing tasks into (easy) sub-tasks that can be distributed between
multiple devices (24). As shown in Figure various devices connect opportunisti-
cally to base stations (in range), sending (collected) samples to remote central locations
(servers), in which data is aggregated and analyzed. Data analytics over the crowd-
sensed data involve digging and extracting human aspects and behavioural patterns
that can be used to improve features of systems and applications (25)), e.g., environmen-
tal, infrastructure, and socialization applications cases (24] 26). In addition, strategic
implementation of data collected by sensing devices over time, e.g., traffic sensors, can
help in continuous monitoring of users in large scale areas, such as cities (27). The
main limitations of mobile crowdsensing are low quality of data, and high spatial and

temporal data characteristics, which can make data hard to analyze.

Existing work: Mobile crowdsensing (MCS) has been applied not just for modelling
human mobility but also for a large diversity of other cases. Approaches for sensing
crowdsensed data (28) helped in developing health monitoring systems with a positive

impact on quality and considerably lower cost (29]). Several works investigated various
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sensing techniques from the devices having multiple sensing capabilities (30]). For in-
stance, the construction of complex indoor structures is built with the help of mobile
crowdsensing (31)) that powered indoor navigation methods (32)). Likewise, other works
rely on MCS to update digital maps with the incorporation of AI (Artificial Intelligence)
techniques (33). Similarly, MCS has been widely used in many Internet of Things(IoT)
applications (34 [35)).

In terms of human behaviour, several studies have investigated the use of MCS
techniques for providing incentives to users, e.g., perks and benefits like free tickets
to increase tourism in groups and individual tours (36} [37). Architectures for mobile
crowdsensing also have been studied in the literature (34), including methods for data
collection, communication media, data aggregation/fusion, as well as feature extraction
and classification.

Since a key challenge for mobile crowdsensing is related to data sparsity, several
works have proposed methods to improve sparsity and the quality of collected data.
However, the sparsity challenge is a rather complex matter that comes with the cost
of losing valuable information (38) when applying algorithms for augmenting quality
properties of the data (39). Likewise, other studies suggested the use of imputation
of missing values with the mean (40]). Few other imputation techniques are the part
of researches that includes data deletion, median imputation, KNN (k-nearest neigh-
bours) imputation, and mean imputations (41)). Imputation methods are more effective
than deletion, and KNN imputations perform better than other techniques. However,
research showed the use of machine learning could save time, thus lowering the cost of
analysis (42]).

Unlike existing works in mobile crowdsensing, we rely on a crowd sensed dataset to
model human mobility through the characterization of trajectories. With this informa-
tion, we then analyze the optimal factors that need to be considered in trajectories to

identify users that move together.

2.3 Trajectory similarity analysis

Background: A trajectory is the user’s footprints while moving from one point to

another. One user can make multiple trajectories based on various day hours depicting
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the mobility needed in every hour. A similarity score refers to the quantification of dif-
ferences between two individual trajectories - depicted as signals or time-series, among
others. A similarity score is used to establish similarity between trajectories. Several
basic methods are available to calculate a similarity score, e.g., Euclidean distance.
More sophisticated algorithms and techniques also have been developed to quantify
such similarities. One such method is Dynamic Time Warping (DTW) (43)). Primarily
it was introduced for comparing time series (44). However, it was altered as per the
demands of the problem, such as speech recognition (45)) and software development
(46)). Furthermore, modified DTW included efficient searching to improve warping win-
dow distortion (47), optimization for distance calculations (48) and fault detection in
nuclear power plants (49). DTW proved to be profitable in various domains like med-
ical (50) (5I), machine learning (52)), data mining (53)), intelligent transport system
(54)), speaker recognition (55) and urban planning (56). As a result, DT'W has suffered
many optimizations over the years, and recent improvements have been developed fol-
lowing its principles, e.g., ULTRAFASTWWSEARCH algorithm (57)). Other methods
and metrics that can be used to calculate similarity on trajectories include Trajecto-
ryMatch Algorithm, EditDistance and LongestCommonSubsequence approaches (58).
Unlike other static algorithms, we used DTW in our work as DTW allows dynamic

comparison of trajectories with different spatial and temporal characteristics.

Existing work: Previous researches have demonstrated the drastic growth of data in
volumes and velocity in recent years (59, [60). Opportunistic data collected from differ-
ent sources can be used to model and capture human behaviour in terms of trajectories
and behavioural patterns (6I], 62], [63]). Trajectory predictions caught attention of re-
searchers to predict based on previous mobility patterns (64, [65). Trajectories possess
temporal and spatial behaviours, and researches were conducted on both properties for
various purposes. Spatial properties have been studied for multiple contributions (66).
Moreover, researchers analyzed trips for individual users, as shown in Figure 2.1} for
predictions (I3]). These pattern recognition systems rely not only on spatial characteris-
tics but also on temporal behaviour (67)) to study time divisions of the day, cost (68) and
the tasks. However, studies showed the effect of factors like the weather could readily
affect the temporal behaviour (69). In addition to the studies on predicting mobilities

and analysis based on trajectories, group mobilities was also that part of studies on the
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network level. Researches showed various group mobility studies on network infrastruc-
tures like Wireless Ad-hoc Network (WANET)H or Mobile Ad-hoc Network (MANET).
Based on the network, few models like Reference Point Group Mobility (RPGM) (70)
and Reference Velocity Group Mobility Model (RVGM) (71) were developed that took
other factors like distance, velocity, and acceleration for predictions. Such methods were
studied and compared in various researches (72).

Unlike previous studies, we model trajectories of human mobility using a grid-like
method that combines the deployment of bases stations. We then calculated the simi-
larity scores of these trajectories using FastDTW (73). By arranging and sorting the
trajectories using the similarity metrics, we then identify users that mowve together in

our dataset.

2.4 Summary

We performed a literature review on the domains of human mobility, mobile crowdsens-
ing and similarity metrics of trajectories. We described and discussed these topics in
depth and explored the existing works conducted in each of these domains. Lastly, we
also stated the difference of our proposed work when compared with existing research.

In the next Chapter, we explain the dataset and the process applied for data cleaning

and preparation prior to the estimation of trajectories using crowd sensed data.

"https: //www.tech-term.in/2018,/03 /08 /wanet,/
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Dataset Description and

Preparation

This Chapter provides an overview of the dataset used in our analysis. The significant
aspects and preparation of the dataset are depicted, followed by in-depth insight based

on selected criteria.

3.1 Dataset overview

We have used a pre-existing raw dataset from a mobile operator. The data consists of
a significant number of records captured through the cellular network. This data was
collected from the users connected to the internet on 21 August 2017 from the Shanghai
district in China. The dataset covers the record for the entire day (24 hours) whenever
a user is connected through mobile data. Multiple entries are recorded for each user
during the use of multiple applications. Each of the applications has a unique identi-
fier that enables us to distinguish between various mobile applications. Furthermore,

the number of applications used by different users can also be retrieved from the dataset.

Every single record in the collected dataset contains the following information:
Anonymized User Id — an identifier for anonymous users
Timestamp — the time when specific application was connected to the internet
Base Station Id — an identifier for the base stations in Shanghai

Traffic Volume — the amount of data transferred during the session

11



3. DATASET DESCRIPTION AND PREPARATION

Table 3.1: Dataset summary

Dataset Records Stations Users Apps
Raw 12310705 7663 998 1543
After Data Cleaning 7675606 3720 812 1444
Interested Area X 4236931 2314 570 1322
After validation of X 3160179 2271 529 515

App Id - an identifier for apps
App Name — application name associated with the App Id
Latitude — latitude associated with base station id

Longitude - longitude associated with base station id

3.1.1 Base stations verification

The raw dataset contains a total of 12310705 data points from 998 different users.
Total applications used in the dataset are 1543 which are connected with 7663 base
stations. The collected information consists of the different times during the day when
the user connects to the tower (base station), hence providing footprints of the usage
continuously.

In a developing city (like Shanghai), it is to be noted that the location of the base
stations is not constant over time and is prone to distinct migrations due to network
optimization and better coverage deployment. In order to correspond it with the current
year, it was essential to verify the correctness of base stations locations for analyzing
the data correctly. Hence before the start of the analysis, we have verified the base
stations from OpenCelliD E] This allows us to verify that our data is representative for
capturing human mobility using cellular network deployment.

The OpenCelliD consists of information about cellular data and is the world’s largest
repository for the GPS positions of towers. OpenCelliD provides a plethora of informa-
tion regarding different network types like GSM, CDMA, or LTE running in a specific

'https://www.opencellid.org/

12



3.2 Spatio-temporal characteristics

Figure 3.1: Overlapping view of coordinates of OpenCelliD and data

region like the USA, Germany, or any other countries. This project is open source, and
redistribution and usage of data are granted with the reference.

For verification of data from OpenCelliD, we matched the base stations from Open-
CelliD with the dataset’s base station, but the results were surprisingly not sufficient
as only a few of the stations matched precisely with the same station id. Furthermore,
we utilized the GPS coordinates and mapped both datasets over the shanghai district
geographically for visually inspecting the data. It can be seen from the Figure that
there is minimal overlap between the cells from the datasets (OpenCelliD and the raw
data) and depicts that it cannot be considered for the analysis without manipulations.

Hence, in order to mitigate the above-mentioned issue, we draw radial distances
of different sizes around the geolocated stations to verify our collected data from the
OpenCelliD dataset. We have considered a 500-meter radial distance for verification of
data. Other radial distances and verified station count are mentioned in the Table

After cleaning the base stations, we have filtered 4236931 records from 3720 base
stations. The total number of filtered users is 812, and the unique number of applications

used is 1444. The filtered records are around 35 percent of the actual records of data.

3.2 Spatio-temporal characteristics

After verifying the base stations as described in the previous section, we have analyzed
the spatial and temporal characteristics of the data. We validated the spatial character-

istics by drawing the land and water use over the Shanghai district. The dataset used

13



3. DATASET DESCRIPTION AND PREPARATION

Table 3.2: Radial distances considered for verification and verified base stations inside

the distance

Distance (in meters) Verified Stations Count

500 3720
700 3898
1000 4055
1500 4193
2000 4259
2500 4316
3000 4347
3500 4367
4000 4381

for mapping the land use over the map was published in July 2021 E|

The map file for land use/land cover (LULC) is for the year 2020 with a high
resolution of 10m. The interesting fact about the map data is that it is global and up to
date. European Space Agency (ESA) Sentinel-2 satellite imagery developed the dataset
by classifying different land covers using machine learning models and is scaled using
Microsoft Azure Batch (74).

Figure [3.2] shows that most of the developed part of Shanghai is on the north side,
and it covers a significant portion of the network area. This visualization assures sparsity
issues in the data and reveals that the distribution of stations is not uniform over the
Shanghai district.

To verify the users’ sparsity, we took all verified stations and plotted them over
the district. Figure shows all verified stations, and it can be visualized that few
areas are denser than others giving a solid argument for unequal distribution of network
coverage.

The same pattern of network development can be understood from the Figure [3.2
Figure shows the satellite data of the shanghai district, which focuses on the devel-
opment of urban areas of the district. The satellite data shows more developed regions

to the north, similar to what we observed from LULC data.

"https://www.arcgis.com/home/item.html?id=d66428a4f6d4685a24ae2dc0c73d4ac

14



3.2 Spatio-temporal characteristics

. Build Area

(A)

Figure 3.2: Shanghai geographical data a) satellite view b) land use/land cover (LULC)

Table 3.3: Base stations and users count at different hours of the day

Time Stations Count Connected Users Apps Count
5 (05:00:00 - 05:59:59) 269 183 327
10 (10:00:00 - 10:59:59) 1007 583 895
14 (14:00:00 - 14:59:59) 1113 612 923

The collected records are from different time periods during the day. Hence, we have
subdivided the samples into three different time routines during the day to reflect the
temporal behaviours of the users. Table [3.2] shows the number of connected stations,
users, and the number of applications used at each time routine and connected stations.

As in Table B3] samples collected at hours 5 are 75989 from only 269 stations. It
is the time when only a few users are connected to the internet hence making only a
few records of data. Collected samples at time 10 show that more users are connected
at the given time. Ten is considered as the time when most people are rushing to the
office. As a result of which the number of connected stations increases to 1007. To make
the analysis more interesting, we collected samples at 14, and the number of connected
stations jumped to 1113, which shows a minor change of stations between 10 and 14.
Records collected at 14 are significantly greater than records collected at other times of
the day. This is due to the fact that these times are considered as work routine time in
urban areas.

As shown in Figure [3.3] base stations at different times vary, and most importantly,

the dense area is the same region we visualized when we were checking the spatial

15
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Figure 3.3: Verified stations over Shanghai

behaviour of data.

3.3 Data modelling

We have discussed the spatial and temporal characteristics of the dataset by mapping
stations over the Shanghai district and checking usage at different times of the day. The
results from the previous section illustrate that data is not uniformly distributed over
the area and is denser in some regions. This irregular distribution makes it difficult to
jump towards analysis. Therefore, before proceeding towards the analysis section, the

lush area is filtered and chosen for further consideration.

16



3.3 Data modelling

Figure 3.4: Verified stations over the grid

3.3.1 Interested area

For the purpose of in-depth analysis, we have considered a dense area with most land
use and maximum possible stations. The interested area X is taken under consideration
is also chosen based on density and land use to get group mobility patterns. Interested
area X is captured from the whole dataset by making a grid of 10x10 over the dense
area, as shown in Figure After making the grid and considering only the stations
inside the grid, we got 4236931 valid records from 2314 base stations. Filtered records
contain data from 570 unique users that are using 1322 mobile applications during the
connectivity. It can be seen from Figure that interested area X is the area with
the maximum number of valid stations making it more reasonable for such a choice. A

dense area means more connected users hence helpful to extract mobility patterns.

3.3.2 Data pre-processing

The data we filtered in the previous section is still not valid because it contains records
with outliers and other anomalies. We cleaned data in more detail to get clear and
accurate results. Considering data from the only interesting area, the following cleaning
process is considered in two significant steps.

In the first step, we have associated the number of applications with the number
of users for getting useful records. Results showed that a total of 1322 apps are in the

dataset, with multiple users using them at different times, but there are few applications
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3. DATASET DESCRIPTION AND PREPARATION

with just a few users. To get streamlined data, we set out the threshold values. For con-
sidering the threshold value, we made a percentile graph of the number of applications
with the users’ count.

After checking the percentile graph in-depth, we removed applications with the 60"
percentile, or in other words, we have removed applications with less than six users. This
step further filtered the dataset concluding the 515 remaining applications for further
consideration. This removes around 39 percent of applications from the filtered data.
After clearing the applications, we have filtered the records from the dataset resulting in
3160412 good records for the subsequent analysis. The resultant dataset now contains
515 unique applications left out of 1322 total applications. The number of users is now
560 connected from 2279 base stations.

During the second step in pre-processing, we have grouped the users with the number
of generated records. The total number of users is 560, making samples from a very low
to a very high number of records. Few users are producing only one record, while few
are making more than 40000 records. We made percentiles to make threshold values for
filtering the dataset. As shown in Figure [3.4] many users produce fewer records that
can affect the results. Hence, we removed the records of users with less than 20 samples
that were in the 5™ percentile of the records. Once we filter the users with a higher
number of records, we have filtered the significant dataset based on the result from this
step. We have got 3160179 records that we are considering for the final analysis process.

After processing the data with the filtration processes, the data under consideration
for the analysis contains 3160179 total records produced by 529 users. Considered
data contains data from 2271 stations and 515 uniquely used mobile applications. The

filtered base stations are shown in Figure (data is from the dense area).

3.3.3 Validation of temporal characteristics

We have seen spatial and temporal characteristics of the data in Section[3.2] To validate
data after filtration, we have made hourly bins at different times of the day before
working with the interested area. After validating records for the interested area, we
have to check the existence of the temporal characteristics in the selected data.
Firstly, we have made the histogram with all records at different times of the day.
As suspected, the behaviour of data remains the same. From the Figure [3.5] it can be

seen that number of records starting from the day start at 0 hrs. (from 00:00:00 to
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Figure 3.5: Hourly bins for number of records in filtered data

0:59:59) till five hours remains very less as compared to the working hours during the
day. Records started to rise from 8 and 9 as business hours started, and people moved
to offices, schools, and other business places. Connectivity increase with the time till
12. At 12 (from 12:00:00 to 12:59:59), the activity decreases compared to 10 and 11.
As time passed till late afternoon, the number of records decreased. Such activities
are demonstrated by several researchers (I4) that people sleep during the night hence
producing a lower number of records with less connectivity to the internet.

Firstly, we have made the histogram with the total number of records at different
times of the day. As suspected, the behaviour of data remains the same. From the
Figure [3.5] it can be seen that number of records starting from the day start at 0 hrs.
(from 00:00:00 to 0:59:59) till five hr. remains very few as compared to the working
time during the day. Records started to rise from 8 and 9 as business hours started,
and people moved to offices, schools, and other business places. Connectivity increase
with time to 12. At 12 (from 12:00:00 to 12:59:59) the activity decreases as compared
to 10 and 11. As time passed till late afternoon, records started to decrease. People
sleep during the night hence producing a lower number of records with less connectivity
to the internet.

From the histogram, we have validated the temporal behaviour of data and illus-
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3. DATASET DESCRIPTION AND PREPARATION

trated the regular daily routine followed at urban places in the interested area.

3.4 Summary

In this Chapter, we provided an overview of our crowd sensed dataset. We also verified
its validity and presented the processes that were used for cleaning and preparation
before the modelling of trajectories. We verified the base stations from OpenCelliD
within a radius of 500 meters. After that, we visualized the sparsity of data using its
spatial-temporal characteristics. Data is not uniformly distributed, and we removed
this sparsity issue by considering data from the interested region where data is dense
and creating a grid overlay to check the distribution of data among the grid. After
considering interesting areas and filtering records, we filtered further by considering
users with a more significant number of samples and applications with a greater number
of users. After all pre-processing steps, we made a histogram to validate the temporal
property of data for the interested area. The filtered records count to 3160179, which is
around 75 percent of the actual data from the grid, and only approximately 25 percent
of data is left for analysis from the whole dataset.

The next Chapter will be focused on utilizing the processed data and finding users’

mobility as a trajectory over the grid.
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Human Mobility Modelling

This Chapter discusses the methodology of modelling trajectories for users to aid the
process of finding mobility patterns. Different mobility patterns are analyzed between

users to determine the mobility and explore patterns.

4.1 Mobility modelling

In the previous Chapter, various techniques have been applied for data cleaning and
preparation. Next, we proceed to model trajectories over the denser area over the
map that is considered. The modelling of trajectories is achieved by overlapping a grid
structure over the area of interest. Trajectories then are formed by describing changes
between cells as the user traverse the area. In this section, we describe our grid method

and tools used to model the trajectories with crowd sensed data.

4.1.1 Constructing grid

To overlap a descriptive grid over the area, we rely on QGIS, which is an open-source
GIS tool E QGIS has been used for grid assembly and modelling. The desktop version
of QGIS has been utilized to extract the urban interested area of Shanghai from the
map. Data were imported to the QGIS project for featuring the locations over the map.
After careful consideration, a compact space with a higher volume of base stations was

selected. Grid overlay was built over the selected area, and the selection of base stations

"https://qgis.org/en /site/
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4. HUMAN MOBILITY MODELLING

was performed using the Selection by Location feature from the QGIS tool. This selec-
tion aided in filtering valuable records. Figure demonstrated the selected stations
from the overall dataset, and further processing entails only these chosen stations.
Furthermore, spatial join E| was applied on the chosen data and the gird for unique
identification of the grid cells. As a result, identifiers of each cell aided in tracking

trajectories for further considerations.

4.1.2 Mapping trajectories over grid

Besides combining data with the grid, the unique identification of cells helped us explore
the formation of trajectories. The grid structure has an arrangement of ten rows and
ten columns, resulting in a total of 100 individual cells. Merging the cells with the
stations provided the output of one grid cell accommodating multiple stations. We
limited our analysis to this grid cell granularity as our main goal is to identify users
moving together, and this configuration was good enough to capture human mobility.
Further analysis of the cell granularity may provide more accurate results. However, we
do not foresee significant changes in performance.

As shown in previous research, trajectories are counted as the movement between
the cells on the grid, rather than using direct and oscillating connectivity to base sta-
tions. For instance, Figure [£.2] shows the trajectory of two possible scenarios. Figure
depicts the trajectories of two different users moving from point A to point B,
making considerable footprints of their trajectories. In contrast, Figure [£:2D] exhibits
the trajectories of the other two users, which shows the trajectory but can not be con-
sidered as mobility samples due to the fact of limited mobility within the same cell.

Both figures provides evidence for considering the mobility inter-cell from the grid.

4.2 Data extraction

Before taking the next steps, filtered data after grid construction resulted in 528 users
with 3160179 samples distribution which is 25 percent of the overall dataset. Further-
more, screened data encompasses 2271 base stations. Further analysis was conducted

to explore the sample’s distribution of users. This step was performed to validate the

"https://geopandas.org/en /stable/docs/user _guide/mergingdata.html
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Figure 4.2: Fictional users’ trajectories for understanding mobility over the grid

samples associated with the users. Figure exhibits the division of the overall sam-
ples concerning percentiles. To our expectations, a drastic difference has been explored
between users and samples generated by them. For further clarification and better
visualizations, MovingPandas EL a python library created for visualizing trajectories
based on geodata, was utilized. MovingPandas helped to understand the patterns and

trajectories more conveniently.

4.2.1 Samples distribution

Figure [4.3] shows the samples produced by each user, which was the resultant of cate-
gorizing users with all the samples produced in the whole considered data. Figure
illustrates the sparsity of samples distribution. Fewer users generated excess records,
i.e., more than 40K samples, while the median of the data samples is 5961 (around 6k
samples per user).

This erratic behaviour was explored by the percentile table The Table
shows a significant difference between the 90 percentile and 100" percentiles. Results

show that only a few users produced more significant number of records as compared

'https://github.com/anitagraser/movingpandas
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Table 4.1: Percentile summary of samples distribution for interested area

Percentile Number of Samples

10 136.0

20 658.0

30 1741.2
40 3608.6
20 5961.0
60 7417.0
70 8332.6
80 9599.0
90 11844.0
100 41558.0
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4. HUMAN MOBILITY MODELLING

to others. But the association of trajectory is yet to be explored between generated
samples and users.

Since our goal is to model the mobility of users, we then explore the relationship
between the number of collected samples and mobility. To do this, different samples
were taken from the low samples (10" percentile), medium samples (50" percentile),
and high samples (90" percentiles) categories. Considering the hypothesis of a direct
relation between trajectory and samples, the top four users are considered from each
sample category for visualization and validation.

Figure [£.4] illustrates the trajectories of the uppermost four users by the filtration
criterion of the sample’s distribution with less than or equal to 136 samples that counted

0t percentile of actual data. Results are

as category 1 with low samples which contains 1
surprisingly different from the expectations. The trajectory of user 1 (see Figure
exhibits the lowest trajectory among all considered users keeping the mobility restricted
to one grid cell location. In contrast, the remaining users showed more mobility by
making footprints among multiple cells from the grid. As category 1 contains the users

with low samples distribution, the results are not uniform as far as trajectories are

concerned. Figure [4.4b| [4.4¢| and [4.4d] unveil the trajectories of other considered users

for the study from this category.
The next category under consideration is category 2, with the users of medium
samples distribution. Users are filtered by implementing the filtration criterion of users

0" percentile of actual

having samples less than or equal to 5961, which constitutes the 5
data. Category 2 contains more significant users as compared to category 1, yet the
results exhibit similar behaviour as in category 1. For instance, few users, as in Figure
and Figure showed lesser mobility by restricting the mobility to a couple of
cells from the grid despite having greater samples in the data. In contrast, few users,
as in Figure and Figure [£.5d] made greater trajectory patterns despite having
similar samples distribution from category 2. Figure illustrates erratic behaviour of
trajectories in category 2.

Category 3 was constructed based on users with the higher samples distribution with
the selection criterion of samples lesser than or equal to 11844, which constitutes the
90" percentile of the actual data. In accordance with the hypothesis made earlier, the

result should exhibit higher trajectories as the users possess higher samples distribution.

In contrast to the provided statement, the results are unexpectedly variant. Figure [4.6

26



4.

V= —

===
w

12135

12140 12145 nlso 12155 2135 12140

(a) Trajectory of user 1

12145 1150 12155

(b) Trajectory of user 2

Z

-

2 Data extraction

=

—1

12135

1140 1145 niso 1155 12135 1140

(¢) Trajectory of user 3

Figure 4.4: Top 4 users in category 1: low samples (

27

145 nIs0 12155

(d) Trajectory of user 4

10*® percentile)




4. HUMAN MOBILITY MODELLING

]
(a) Trajectory of user 1 (b) Trajectory of user 2
o an
L[
]
s ans AN
- am
A
a0 A
e = o e oE e v e = s
(¢) Trajectory of user 3 (d) Trajectory of user 4

Figure 4.5: Top 4 users in category 2: medium samples (50" percentile)
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4.3 Trajectory extraction

exhibits the top four considered users from category 3. One from the selected four users
showed more significant displacement as seen in Figure However, remaining users,
as in Figure [£.6a] Figure and Figure [£.6d] the trajectories are lower, thus giving
the least mobility even with more outstanding samples production.

After carefully considering the selection criterion of making categories based on
samples distribution and comparing the trajectories of a few users from each selected
category, the hypothesis proved to be invalid as trajectories are unevenly distributed.

Results showed no direct relation of trajectories with the samples.

4.3 'Trajectory extraction

In the sub-section the outcome illustrated the indirect relation of samples and
trajectories distribution. Therefore, the following steps are performed to change the
criteria for making categorization for further consideration and quantifying similarities
between trajectories.

A trajectory is the user’s footprints while moving from one point to another. One
user can make multiple trajectories based on various day hours depicting the mobility
needed in every hour. Therefore, the first step was to extract the user’s trajectories,
clustering users at every hour was performed. This step was taken to aid the process
of exploring trajectories at different hours of the day for a specific user. This proce-
dure facilitated the calculations by reducing the recorded samples when user connection
status was to a single point. Thus reducing the overhead of computations performed.

For instance, as seen in Figure [£.6d] a single user was considered to validate the
process of selection based on hours. This user was specifically under consideration for
this process as it showed the least trajectory but with a higher samples distribution,
i.e., 11732 samples. The calculated hours included 9, 10, 11, 12, 13, 14, 15, 16, 19,
20, and 21, with samples produced in each hour. This shows the lumpy characteristics
as the user stays connected most of the day while no recorded trajectory. It depicts
the uneven conduct of hourly distribution. Furthermore, the trajectories construction
based on hours and samples proved to be insufficient to extract the mobility patterns.

In addition to the previous considerations, the trajectory calculations were enriched
by exploiting the grid cell locations during the whole day. Measuring the location of

the cells gave the trajectory movement for each user. For instance, a user moved from
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point A to point B, cloaking three cells over the grid. Thus the trajectory includes the
location of each cell, i.e., 22, 42, and 36. Figure illustrated the trajectory of a user
within three cells over the grid. Hence the mobility score for the given user is three.
Similarly, the same approach was implemented to extract the trajectory scores for
each user from the data. The results showed scores ranging from one (least trajectory
length) to 28 (most considerable trajectory length). Table shows randomly selected

users with their trajectories.

4.4 Summary

This Chapter describes the methodology applied over data for exploring mobility as
trajectories. The first step included filtering the crowd sensed data by making a grid over
the map and extracting base stations inside the grid. The next step included the usage
of tools and libraries like QGIS and mowvingpandas to visualize the trajectories. Initial
exploration included constructing categories based on samples distribution: low samples,
medium samples, and high samples and studying uppermost users from each category for
analyzing mobility. However, the categories creation criteria based on samples proved to
be non-favourable to conclude considerable results. Afterwards, trajectories are further
studied based on criteria for varying cells over the grid. As a result, trajectory scores
were extracted from which further categories criteria were explored. This later approach
demonstrated to be suitable for analysis, and it is used for analyzing the characteristics
of different types of trajectories.

The next Chapter describes our experimental setup, which includes the procedure
for similarity score calculations and comparison between different types of trajectories.

These estimated scores are then used to identify users moving together.
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Experimental Setup

This Chapter describes the experimental setup used to explore the similarity between
trajectories and identify users that move together. In the following, we state the selec-

tion criteria and scope of our analysis.

5.1 Characterized groups

Our work is based on samples collected from users when those connect to base stations.
By combining these incremental samples, it is then possible to construct trajectories
that capture human mobility in urban areas. Naturally, different users contribute with
varying amounts of data. Thus, trajectories are modelled based on different spatial and
temporal data characteristics.

We built four groups that depict different types of trajectory lengths that can be
found in our dataset. We choose to divide the resulting trajectories from our data into

four groups, such that each group is balanced in terms of users and the number of

samples. Table shows the resulting division.

Table 5.1: Users group formation criteria and trajectories distribution

Group Percentile (%) Trajectory length Active users Average samples distribution
Short trajectory (Group 1) 25 <=3 135 5739
Short-medium trajectory (Group 2) 50 >3 And <=8 132 5037
Medium-large trajectory (Group 3) 75 > 8 And <= 16 129 5838
Large trajectory (Group 4) 100 > 16 132 7316
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Table 5.2: Selected user from each trajectory group

Group Trajectory length Users
Short trajectory (Group 1) 3 6
Short-medium trajectory (Group 2) >=6 10
Medium-large trajectory (Group 3) >= 10 8
Large trajectory (Group 4) >= 28 10

5.2 Experimental setup

Goal: To verify whether a group of users moving together can be identified by analysing
the similarity score between the mobility trajectories of users.

Overall users: After careful pre-processing, a total of 528 users are extracted from the
dataset.

Selected users: Selected users that contain the densest and representative mobility
trajectories are analysed further in our experiments. These users are selected as they
provide rich mobility patterns and accurate estimated trajectories that support our
experimental goal. Table describes the users selected per each group.

Procedure: As per our grid modelling, we calculate the (24 hrs) trajectory of each
user in our dataset. We then estimate the similarity score between all users using a
similarity metric based on the DTW algorithm (See details in the next subsection). In
our analysis, we first consider individual users, and then we analyse selected/overall

groups of users.

5.3 Similarity metric

The similarity score between trajectories of users was extracted by implementing Fast-
DTW EL an algorithm to find the optimal match between two provided arrays or tem-
poral sequences of variant lengths. We used DTW in our work as DTW allows dynamic
comparison of trajectories with different spatial and temporal characteristics. To min-
imize the distance between two sequences, one-to-many and many-to-one relationships

are built. For utilizing the DTW algorithm, the grid cells were counted by grouping the

"https://pypi.org/project /fastdtw/
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Table 5.3: Random users trajectory length from selected area

User Trajectory Trajectory length
918576 [22, 32, 51, 61, 62, 72, 73, 74, 75, 85, 95| 11

1881449 [24, 34| 2

940509 [49]

1785365 |11, 21, 22, 34, 45, 56, 57, 58, 66, 76, 85, 95| 12

1533650 [24, 32, 54, 62, 97] Y

trajectories’ locations. The result ranged from one to 28. One is the lowest trajectory
restricting a user inside a single grid cell, while 28 is the most considerable trajectory
covering major grid cells.

Table [5.3]shows some examples of data trajectories and related similarity scores. For
instance, user 918576 showed 11 grid points for mobility showing larger displacement.
However, in contrast, user 1881449 exhibits the trajectory for two cells. Therefore,
calculating the similarity score between these two users would have unfavourable results.
Random samples selection exhibits the irregular dispersion of trajectories. For this
reason, users are grouped based on the trajectory distribution.

Dynamic time warping (DTW) has been utilized to measure the similarity in the
trajectories of users within each selected group. The DTW algorithm gave us the
similarity score, also referred to as distance in the following chapters. These scores
helped differentiate between users’ mobility and find similarity based on calculated
scores. For instance, the mobility of two users is identical if the score is zero. If the
score increases to one, then both users have similar mobility, but their trajectories differ
with one cell on the gird. The same calculation technique has been implemented on

every user group to find similarities within the group and across groups.

5.4 Summary

This Chapter explains the procedure used for performing the experiments. Group for-
mation selection criteria were discussed deeply, with the proper systematic reasoning
for analyzing differences between trajectory types. Furthermore, homogeneous and het-
erogeneous trajectories similarity selection was explained for examining in detail the

optimal type of trajectories that can be used to identify users moving together.
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The next Chapter presents the results of our experiments and highlights our main

findings.
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Analysis and Results

This Chapter presents the results of our experiments. After conducting rigorous exper-

imental benchmarks, the main results of our study can be summarized as follows:

e Partial similarity between trajectories is found for a significant amount of users.
The complete similarity between trajectories only occurs when users remain in the
same location, meaning that users do not move but just share the exact location

over time.

e Similarity between trajectories is optimal for trajectories that are short in length.
This suggests that when analyzing human mobility is better to analyze small

segments of the trajectories separately rather than the overall trajectory at once.

e Our results demonstrate that by calculating the similarity score between trajec-
tories, it is possible to find (partial) users sharing the same trajectory patterns.

However, we found that these groups are small in size.

6.1 Quantifying similarity between trajectories

We begin our analysis by demonstrating that comparison between trajectories using
DTW can be used to calculate a similarity score to identify similar mobility patterns in
users. To do this, we perform a systematic evaluation using the whole dataset where dif-
ferent group categories of users are evaluated (See Section for a detailed description
of the experimental setup). Each group contains trajectories that share similar mobility

lengths (modelled in our grid as cell count displacement). The results are described in
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Figure 6.1: Similarity score of users with short trajectories

the following:

Characterizing similarity in short trajectories: We characterize the similarity
of short trajectories provided by 135 users available in this mobility group (Group 1).
Figure [6.1] shows the results. From the figure, we can observe the amount of similarity
found between users when taking into account all possible combinations. Interestingly,
we found several users that share similar mobility patterns. However, as the users in
this group have shorter trajectories, we found that this similarity is mostly due to users
not moving at all (between cells) and just sharing the same cell location, meaning the
similarity score is zero. Likewise, we also found several users sharing at least partial
cells. Thus, segments of their mobility trajectory overlap. We did not find complete

trajectories overlapping between different users.

Characterizing similarity in short-medium trajectories: Next, we characterize
the similarity of the users with short to medium trajectories (Group 2). A total of 132
users were considered, providing more than 17000 score samples. From our analysis,
we found five users whose similarity score is zero, indicating (equal) matching patterns
of mobility. Figure [6.2] illustrates the trajectories of 4 out of 5 users with zero scores.
From the figure, we can observe that all trajectories matched the same trajectory de-
scribed by the grid in terms of movements between cells. This indicates that DTW

can indeed find users that share similar mobility patterns. Naturally, we can observe
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6.1 Quantifying similarity between trajectories

that the similarity between trajectories is just shared between a small group of users
(< 2 users). In addition, we also found trajectories that are partially similar, meaning
that the similarity score is not zero but close to zero. For instance, Figure shows
users whose similarity score is equal to 1. From the figure, we can observe a partial
matching between trajectories, which suggests that similarity of users can be found not
in the whole trajectory but rather in segments of it. Moreover, Figure [6.4] shows the
users with the most similar mobility patterns. We also summarize the distribution of

similarity scores that can be found in this group in Figure [6.5]

Characterizing similarity in medium-large trajectories: We then proceed to an-
alyze the medium to large trajectories of users (Group 3). A total of 129 users were
considered in this analysis. Surprisingly, we did not find users whose mobility patterns
matched exactly. Instead, we found that the trajectories of users matched partially,
meaning that the similarity score is greater than zero. To illustrate this, Figure [6.6a]
and exhibits the trajectories that scored a similarity of one. Likewise, Figure [6.6¢
and [6.6d] illustrates the trajectory of users with the similarity score of two. As shown in
the figure, no users in our analysis shared identical mobility patterns, similarity can be
found only within overlapping segments. Figure shows the users with the most sim-
ilar scores in our analysis. Lastly, Figure [6.8|shows the distribution between all users in
the medium to large trajectory group. We can observe from the figure that the number
of users sharing similar mobility patterns are reduced when compared with short trajec-
tories. This suggests that trajectories become less similar as their length increases. This

is reasonable as individuals are expected to spend some but not the whole time together.

Characterizing similarity in large trajectories: We also analyze the trajectories
with the larger lengths (Group 4). To do this, a total of 132 users were considered.
Interestingly, we did not find users that share partial similarity with lower scores. In
contrast to previous groups, we did not find users that have partial similarity below a
similarity score of 3. Instead, most of the similarity scores of this group have a similarity
score greater than 4. Figure shows the results of trajectories with this similarity
score. Our results suggest that the longer the trajectory, the more difficult to find

similar users sharing the same mobility pattern.
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Figure 6.8: Similarity score of users with medium-large trajectories
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6.2 Characterizing similarity of homogeneous trajectories

Figure 6.9: Users exhibiting least similarity scores in trajectories from large trajectories
group

Additionally, we analyze further the partial similarity of long trajectories. Figure
shows the trajectories of users that scored a similarity between 4 and 6. From
the Figure we can observe that shared mobility patterns occurred just between
specific cells. Figure illustrates further the most similar trajectories that were
identified in this group. In addition, we also illustrate the overall distribution of simi-
larity scores for all users in Figure From the Figure, we can observe that a very
small portion of users shares similar trajectories by overlapping at various locations over
the grid. Interestingly, we observe that the trajectories that are the most similar are
also the shortest that can be found in this group. All in all, our results suggest that it is
easier to find similarities between short trajectories rather than larger ones. This thus
implies that similarity analysis of user mobility should be the focus on small trajectory

segments.

6.2 Characterizing similarity of homogeneous trajectories

In the previous section, we demonstrated that DTW could be used to compute similar-
ity scores between trajectories, such that it is possible to find users with similar mobility
patterns. We also showed that trajectories with short lengths are preferable for iden-

tifying similarity rather than long length trajectories. As a result, in this section, we
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Figure 6.10: Users sharing similar mobility patterns and similarity score distribution for
selected score range from large trajectories group

1750

o

20 40 60 B0 100 120 140 160 180 200 220 240 260 250 300 320 340 360 380 400 420 440 460 480 500 520 540 560 560 600 620 640 660 G50 700 720 740 760 780 8OO

Similarity Score

Figure 6.11: Similarity score of users with large trajectories
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analyze further the individual characteristics of different types of trajectories. Thus, we

first analyze the similarity in homogeneous trajectories.

Group 1: Short trajectories: We selected the top 6 users from this type of users to
perform this analysis. Figure from the results. From the figure, we can observe the
similarity scores between trajectories of different users. We can observe values ranging
between 2 to 119. Overall scores distributions of our analysis can be visualized as a
heat-map in Figure [6.12a] Users whose trajectories are similar scored smaller values,
while very different trajectories scored higher values. Figure shows the similar
mobility we have found is between users 533444 and 1390246 with a score of 2. Simi-
larly, users 533444 and 921167 scored a similarity value of 10 as shown in Figure
As the similarity score is low, we can observe that both trajectories highly overlap and
also that those share similar spatial characteristics (meaning approximately the same
location). Likewise, as shown further in the figure, similarity scores start increasing
until reaching a score value of 119. User 903539 showed the maximum difference with
the other users from the group. This difference in similarity can be appreciated further
in Figure Pink-coloured cells depict the trajectory for user 903539, while blue
coloured cells show the trajectory of 921167, demonstrating further the trajectories are

highly different and do not share any overlapping.

Group 2: Short to medium trajectories: We found a considerable amount of users
with medium trajectory length (between 3 and 8) from the data. This means that we
have more user distribution over urban areas. To analyze the spatial behaviour, we
selected ten users from this group. Figure shows the similarity score between
trajectories of selected users showing similar trajectories with less score and variant
trajectories with higher scores. Scores values range between 15 to 409. Higher scores
mean a significant difference in the trajectories. The overall score distribution of our
analysis can be visualized as a heatmap in Figure The least similarity score
came out to be 15, which depicts the sparsity in mobility distribution. Figure
shows the mobility of users 383866 and 1718360 with the least score from the group.
Similarly, Figure shows the mobility of users 80020 and 723840 being the second
least calculated score. Due to higher scores, we can not find similar mobility. However,

we observed overlapping in a few locations. The highest similarity score was calculated
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as 409, which shows no similarity among the users. Figure shows the mobility
of users with the most different mobility demonstrating no overlapping or similarity at

any point.

Group 3: Medium to large trajectories: We performed a systematic evaluation on
the user group organized by the users from medium to large trajectories. We quantified
the similarity in trajectories on selected eight users. As trajectories are not confined to
fewer urban areas, we have more dispersed mobility. Figure depicts the distribu-
tion of the scores for selected users. Furthermore, the scores scale exhibits the range
between 34 to 604 visualized as a heatmap. We got a higher similarity score, meaning

more differences between trajectories. The lowest calculated score is 34 disclosing the

difference in trajectories. Figure [6.14b| and [6.14c| shows the mobility of the top two

interactions, which validates the differences in the trajectories. Likewise, as shown in
Figure users with the highest score showed off the extreme difference in the tra-
jectories over the urban area. Trajectories cover around 20% of the overall area of the
grid. Besides covering a greater area of the gird, trajectories don’t show any similar-
ity yet overlapping at certain urban locations. Furthermore, Figure exhibits the
trajectories of the user with the highest similarity score covering more than 20% of the
area. Overall quantification showed very few users with the score range between 30 to

40. Hence demonstrating the least similarity of users within the group.

Group 4: Large trajectories: The users with the largest trajectories fall in group 4.
Despite having 132 users in the group, we screened out the top ten users from the group
for matching trajectories. The group holds the users with the significant trajectories
means more spread movements. Figure shows the similarity scores in the form
of a heatmap. The least value of the similarity score is 45, while 453 is the highest
calculated score. Both upper and lower boundaries of scores are outside considerable
values for similar trajectories. Moreover, we got relatively smallish users lying in the
score range of 40 to 50. In that case, we visualized the trajectories of the top two scores
(being 45) as seen in Figure and Figure Trajectories cover around 50%
of the overall area of the grid. Besides covering a larger area of the gird, trajectories
don’t show any similarity yet overlapping at certain urban locations. Furthermore, Fig-

ure exhibits the trajectories of the user with the highest similarity score covering
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more than 50% of the area. Results demonstrated that in spite of having large trajecto-

ries, we found less promising results as compared to all other groups under consideration.

6.3 Characterizing similarity of heterogeneous trajectories

We proceeded next to to analyze the similarity between heterogeneous trajectories,
meaning we compare trajectories of different lengths that capture a wide variety of mo-

bility patterns.

Characterizing similarity between Group 1 and Group 3: We first character-
ize the similarity between users from short trajectories (group 1) and medium-large
trajectories (group 3). Selective users were considered from both groups to explore
similarities across supposed groups. Upon calculating the similarity score, a total of 48
unique scores were extracted. Surprisingly, scores ranged from 30 to around 600. Fig-
ure shows the heatmap of scores distribution between all considered users, which
illustrates the diversity in similarity scores. Furthermore, Figure illustrates the
trajectories of four users, two from each group. Blue and green trajectory indicates the
users with a short trajectory (length of three), while black and red represent trajectories
of users from a medium-large group. Likewise, Figure exhibits the trajectories of
users with average scores from the considered users. Green trajectory exposes the user
from the short trajectory group while others show group 3. Group 3 users matched the
trajectories of group 1 users but did not produce identical characterization. In contrast,
Figure demonstrates users’ trajectories with the highest calculated scores, which
shows the difference in trajectories of group 3 and group 1 user. This characterization
helped to find more similarity in trajectories despite having more outstanding similarity
scores. However, it is due to the fact of having a significant difference in trajectories

length.

Characterizing similarity between Group 1 and Group 4: Next, we character-
ize differences between short (Group 1) and large trajectories (Group 4). Both groups
contain nonidentical users; hence, the similarity score was more diverse than previous

heterogeneous comparisons. Figure exhibits the resultant similarity scores that
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came out to be starting from 158, which is a number out of scope to be considered
similar. However, visualization showed the large trajectories overlapping and contain-
ing the short trajectories. The maximum score is about 1400, which is found between
users with the largest trajectory and users from the short trajectory group. Figures
[6.17D], [6.17c, and [6.17d] demonstrate the trajectories of users with low, medium, and

high similarity scores, respectively. As in the Figure [6.17] we can observe that short

trajectories are either contained by or overlapped with the large trajectories irrespective
of score difference. This characterization helped to extract the heterogeneous behaviour
of user groups which demonstrates that short trajectories and large trajectories users
can not be grouped to extract group mobility. However, short trajectory users (even
with higher similarity scores) might show similar trajectories to the large trajectory

users overlapping at certain points.

Characterizing similarity between Group 2 and Group 4: We then proceed to
characterize differences between short-medium (Group 2) with large (Group 4) trajec-
tories. Users from both groups possess more significant trajectories; hence the resulting
scores are higher than homogeneous similarity scores. Scores ranged from 69 to 1604,
which showed higher variance due to more differences in trajectories length. Figure[6.184]
illustrates the distribution of the overall score among users. From the Figure we
can observe that most similarity scores lie between 150 to 300, which elaborated that
users from the upper bounds of group 2 and lower bounds of group 4 have more simi-
larities. Visualization of trajectories of the low, medium, and high scores distribution
are demonstrated in Figures [6.18b] and respectively. We observed that
heterogeneous characterization would give favourable results if the trajectories’ lengths
are equivalent to each other. Moreover, comparing trajectories with considerable differ-

ences is not a good approach.

6.4 Identifying group mobility

In our experiments, we by far have demonstrated that a similarity score between trajec-
tories primarily indicates partial overlapping between mobility patterns of users. Indeed,

the equal overlap between trajectories is possible but uncommon. We also showed that

55



6. ANALYSIS AND RESULTS

2 —

H \
% w0 anl |
E]

600

iy I

I 2684 G696 4176 71487 L336s 1262104 1360967 1917020 1961415

(a) Similarity score distribution (b) Trajectories with lower similarity score
Nt |

p -
- /
=

= I~ L[ < /
y // //\ B ;// \
~ y/,_
| B g A
L\\\/ k-' il \\
k>.////
(¢) Trajectories with medium similarity score (d) Trajectories with higher similarity score

Figure 6.17: Characterizing similarity between Group 1(short trajectories) and Group

4(large trajectories)

o6



6.4 Identifying group mobility

Users

1970814 1795649 1718360 1524319 1208464 757048 723840 383866 212804

80020

iz
EEmeE = -
7 N
17 P — = N
. e 35 A A= N
Mti e
[ b%i>-)
48 %384 6069 46766 571487 1133364 1263104 1360047 1917020 1961415
(a) Similarity score distribution (b) Trajectories with lower similarity score

&

I\

s

a2 —

=
Al
A

==

£

NI

P \RT; / L
-

~— 7 —

—
- L
(c) Trajectories with medium similarity score (d) Trajectories with higher similarity score

Figure 6.18: Characterizing similarity between Group 2(short-medium trajectories) and
Group 4(large trajectories)

o7



6. ANALYSIS AND RESULTS

Users Count
~ B 15 & =1 B

0 wo

s0 5o 60 70 g0
Similarity Score

-
o 40 40 40 %0 @0 o S0 S0 %0 0 &0 @0 &0 60

%0 EDE
Similarity Score

(a) Closer look to the least similarity
scores (b) Similarity score of all users
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when finding similarities between trajectories, the length of the trajectory is a key factor
to consider to optimize the finding of similar trajectories. Thus, based on our experi-
ments, short and same length trajectories provide the best results for finding users that
move together. To validate this further, in this section, we then quantify to what extent

a group of users move together based on the similarity of trajectories.

Users moving together: To perform this analysis, a group of users is produced,
which contains users with homogeneous trajectories. As short length trajectories are
preferable for finding users with similar mobility patterns (as demonstrated by our re-
sults), we selected an average trajectory length of six to create this group. Users with
a trajectory length ranging between 5 and 8 (around our mean average of 6) are thus
considered, producing a group with similar trajectory characteristics. Overall, 125 users

fulfil these characteristics.

Results: As expected, meaningful results were obtained from this groups’ selection
criteria, meaning results showed more similarity than previously considered groups. For
instance, we got a lower similarity score of below or equal to 10 from many users. Figure
illustrates the users’ distribution over similarity score. From the Figure [6.19, we
can observe the similarity found between users. Likewise, we evaluated the similarity
score distribution for all users in the group. From Figure it can be observed
that a substantial amount of users lies in more similar trajectories with a lower score.

Moreover, most users belong in between a score of 40 to 80.
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6.4 Identifying group mobility

Table 6.1: Users with least simialrity score for group identification

User 1 User 2 Score
780684 767513 5
1085840 1556110 5
203763 793258 5
190146 767513 4
1158578 1085840 4
1396703 1689637 4
1344509 1062137 4
3
3
3
3
1

473134 542233
627128 941266
438845 2071437
1652160 1036343
1960133 849610

Table presents further the users with the lowest similarity score. Since our goal
is to find users moving together (group mobility), we then overlap the trajectories of
these users to assess whether is possible to find users moving together just by looking
at the similarity score of their trajectories. Figure [6.20a] shows the users’ trajectories
with the fewer differences or, in other words, that are the more similar. Likewise,

Figures [6.20b] and [6.20d illustrates the trajectory of users with a similarity score of

three. From the results, we can observe that while some trajectories of users overlap,
the amount of users overlapping at the same time is small. Thus, it is possible to find
small groups of users (partially) moving together. Figure shows further the users’
trajectories exhibiting similar scores and thus making a group formation. It is evident
from these Figures( that few users exhibit almost identical trajectories while
few share the trajectories at certain locations but differ at other places. Moreover,
few users share similar starting locations, and few share similar ending locations while

overlapping multiple times at different locations.
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6.5 Summary

6.5 Summary

This Chapter presented the results from performing a set of experiments to find the
similarity between mobility patterns of users. Overall, characterizing the similarity
of heterogeneous trajectories proved to be a promising approach for identifying users
moving together. Short and same length trajectories are likely to provide better results
when searching for users that move as a group, even if the groups that are found are
small.

The next Chapter discusses the work’s possible applications and limitations.
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Discussion

This Chapter discusses the implications and limitations of the work.

7.1 Room for improvement

We performed experiments in a controlled environment; however, our findings have
room for improvement in multiple aspects that we would like to explore further. Some
key improvements to consider:

Directional mobility: Our study analyzes trajectories irrespective of their direction
in which the user was moving. Our approach can be enhanced by considering directions
and finding similarities in the paths. This would help find users’ flow during specified
hours and the whole day.

Time and data: We have extracted a tiny portion of helpful information as we have
one-day data only. The proposed approach can be applied to more volume of data to
extract extensive valuable information. Moreover, we can check possible scenarios with

hours distribution and daily routines when there is more data available.

Grid size trade-off: Performed experiments and results are based on the grid with
denser users’ selection. In addition, our analysis had a fixed grid size. Changing grid
area and cells’ size may give us different valuable results. Current work included a fixed
100 cells (10x10) grid, and changing this to having 200 cells or any other more significant
number within the same area would result in more significant trajectories. However,
this will increase users’ congestion in one cell and may have more empty cells than the

current work. There would be a trade-off between cells and base station distribution.
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Data sparsity: We observed a few users very distant from each other during our
experiments while remaining inside a selected area. Users’ distribution was random,
and the data sparsity affected the results in a greater manner. Removal of the sparsity
issue would provide valuable insights into mobility similarity.

Grid with same point selection: Our work was based on grid selection and mobil-
ity between cell locations. However, our approach can be extended to have the exact
grid location of devices having the same start location. The same method can be im-
plemented on the exact ending location to find the precise location of users’ mobility
points. Afterwards, those starting or ending locations can be compared to the interme-
diate points of other users that pass through that location. This would help to identify

users’ interactions at different times.

7.2 Implications

We have got valuable results that can be utilized in multiple ways. A few critical
implications are as follows:

Carpool: Our results can be applied directly to carpooling applications. Finding sim-
ilarities in the mobility would result in sharing cars for the users following the identical
routes. Thus reducing carbon footprints and making the environment more eco-friendly.
Route congestion: We explored group mobility and individual users’ mobility simi-
larity. We have discussed critical points for overlapping of users in some points. Results
from our approach can be utilized to find the locations where most of the users collide,
making congestion. With these congestion results, urban planners would benefit by
analyzing the user needs on that location by analyzing missing and present resources.
Grid selection: In addition to the relationship between data produced and mobil-
ity, grid selection is another important key factor in finding similarities. Our results
suggested that users moving more between grids can give us more mobility samples.
Filtering users that stay in the exact grid location and changing only the base station
was proved to be the novel approach in removing devices with the least mobility. Thus
making it easy to find similarities between users who change location more often. The

same filtering technique would help researchers find effective results in a reduced time.
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Summary and Conclusion

In this thesis, we have performed a systematic evaluation for analyzing group mobility.
We conducted our analysis on a crowd sensed dataset collected by a cellular operator.
With this information, we have then built trajectories that depict users mobility, and
we have created different categories and groups to analyze them. We have quantified
the differences (similarity score) between trajectories using a DTW algorithm. After
a rigorous experimental benchmark, our results indicate that the best way of finding
users moving together is by looking at trajectories that are short in length. Our results
also indicate that the number of users moving together as a group is small. All in all,
our results highlight that for analyzing users moving together as a group is better to
divide a trajectory into small segments. Lastly, we also discussed the implications and

limitations of our work.
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