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Chapter 1
Introduction

The aim of this PhD thesis is to provide a modelling and event detection
approach to better understand mobility in indoor and outdoor spaces. Consider-
ing the diversity of such multi-environment spaces and where mobility occurs raises
several data modelling, managing and processing research challenges. This chapter
introduces the research context as well as the concepts required to develop the back-
ground knowledge that will help the reader understand the remainder of this thesis.
Section 1.1 presents the thesis context. We state our research challenges in Section 1.2
then describe the experimental prototyping in Section 1.3. The thesis contributions
are summarised in Section 1.4. Finally, Section 1.5 presents how the dissertation is
organised.
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1.1 Thesis Context
Mobility data are available in many modern application areas, including intelligent
transport systems, maritime surveillance and autonomous vehicles, where both the
private sector and governments are searching for novel solutions to bring value to the
data. Due to advances in the Internet of Things and the widespread use of Global
Positional System (GPS) and embedded sensors, applications have emerged to collect
geo-referenced data, leading to an explosive growth of location-based information.
One class of applications producing this type of data is the Mobile Crowd Sensing
(MCS) paradigm, which provides real-time data acquired by multi-sensors and mobile
devices [44].

Real-Time MCS has emerged as a valuable solution to collect multiple and het-
erogeneous time-dependent location data cross-related with contextual data like am-
bient and environmental data (e.g., pollution, weather), transportation mode (e.g.,
bus, pedestrian) and human activities (e.g., sport, office work) [37, 59]. Understand-
ing mobility patterns together with associated contextual information, particularly
in the urban domain, requires a sound integration of the modelling level within cur-
rent information infrastructures. Such notions appear as one of the pillars of the
“smart city” that might impact large urban monitoring and planning tasks and how
these should be designed and implemented in the city nowadays. Furthermore, urban
spaces considered by the concept of smart cities include not only outdoor spaces but
also indoor spaces as those are places where humans naturally spend considerable
time [49].

The goal of this PhD is to provide the necessary constructs for analysing human
mobility that occur jointly along time in both indoor and outdoor spaces, as well as
to detect events in order to better understand their behaviours in a mobile crowd-
sensed environment. The research context for the thesis includes the major thematic
issues most relevant to our work: Mobility Data Modelling and Representation and
Real-Time Event Detection From Trajectories (Figure 1.1).

Mobility 
Data

Event Detection
Modelling and 
Representation

Real Time 
Processing

Thesis

Indoor-Outdoor Spaces

Figure 1.1: Thesis positioning in terms of the intersection of the
main scientific thematics.
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1.1.1 Mobility Data Modelling and Representation

Mobility data implies the localisation of moving objects that change over time [86].
Together with related contextual information, mobility data are noticeably available
from humans navigating in both indoor and outdoor spaces. Indoor spaces denote
building environments constrained by room and corridor topology [113], while outdoor
spaces denote geographical space at large and are generally much less constrained [41].
While most Geographical Information System (GIS) applications have been focusing
on outdoor or indoor spaces separately, this is particularly appropriate to consider a
unified model for indoor and outdoor spaces where mobility occurs in order to support
human trajectories understanding.

Many research studies have focused on modelling and analysing trajectories in a
wide range of applications fields, including vehicle [10, 11] and vessel [20] movement,
tourist service [18, 52] and air pollution [13, 15]. When studying human trajectories
and associated contextual information, analysts rely on raw data generated in both
indoor and outdoor spaces without excluding one of these spaces to avoid information
loss.

When dealing with mobility data, a reasonable question is whether we really need
all the detailed information (raw data) to analyse the data effectively [79]. Over
the past few years, a series of works tried to address this question by extracting
and managing the necessary semantics from the raw data to create the semantically-
annotated trajectories, the so-called semantic trajectories. Semantic trajectories are
an alternative representation of raw mobility data that identifies the most appropriate
data abstractions, this being of benefit for many urban planning tasks using a holistic
view of human mobility. Such a holistic view can be represented by a generic multi-
dimensional approach for modelling mobility patterns emerging in both spaces and
where trajectories are continuous.

There is a wide range of interests among users looking forward to multi-dimensional
approaches for manipulating trajectories emerging in indoor and outdoor spaces.
While some might be interested in a straight visualisation of these trajectories, oth-
ers might either analyse trajectory patterns at the macro level or aggregated views,
depending on their interests. Such a generic approach should be flexible enough to
represent these trajectories at different levels of granularity and different views.

Research Objective 1

The first objective of this thesis is to provide a semantic trajectory represen-
tation of indoor and outdoor individuals’ mobility where a unified model for
indoor and outdoor spaces is taken into account.

1.1.2 Real-Time Event Detection From Trajectories

Real-time data processing systems became valuable solutions for providing insights on
the fly when searching for mobility patterns and events of interest. In particular, de-
tecting complex mobility patterns among crowd-sourced location data and associated
contextual information should be of interest for understanding indoor and outdoor
mobility and identifying some events of interest. In such cases, the analysis relies on
a timely way of processing spatio-temporal data when searching for complex mobility
patterns of interest. However, such patterns require multiple foundation components
in order to be detected in a real-time system. First, such patterns should be mod-
elled using a formal language that provides abstractions and constructs for identifying
primitive and complex events of interest based on spatial, temporal and contextual
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criteria. Accordingly, an event-driven architecture is required where a Complex Event
Recognition (CER) system is required to detect interesting urban activity patterns.
Such patterns occur within a data stream generated by sensors or other devices. CER
refers to identifying composite events of interest, which are collections of events that
satisfy some pattern [40]. CER languages allow querying for complex patterns that
match incoming events based on their content, sequencing and ordering relationships,
as well as other spatio-temporal constraints.

Research Objective 2

The second objective of this thesis is to provide complex event modelling, lan-
guage and processing applied on the individual semantic trajectories streams
involved in indoor and outdoor spaces.

While this PhD research might be applied to different application contexts and
without loss of generality, it has been carried out using data campaigns produced
within the Polluscope project [83], a participative observatory for the surveillance of
individual exposure to air pollution relating to health. In the Polluscope project,
human mobilities with multiple contextual data are collected in an environmental
crowd-sensing context where real-life examples are considered as a proof of concept
(e.g., individual pollution exposition in Paris, France). In such a critical phenomenon,
it is relevant to study the impacts of pollution on human activities and health.

Contextual 
information

Mobility 
information

Real-time MCS data Modelling, patterns and 
behaviours

Mobile Crowd-Sensing

Analyst

Figure 1.2: Research framework.
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We therefore present the following thesis statement in this dissertation:

Research Statement

By modelling human mobility with related crowd-sensed contextual informa-
tion in indoor and outdoor spaces, we are able to provide the appropriate
constructs to analyse mobility patterns and behaviours, offline or in real-time,
in order to understand urban mobility data for a specific phenomenon and facil-
itate the analysis of semantic mobility for a large scale of applications (Figure
1.2).

1.2 Research Challenges
The aforementioned research statement encompasses many interesting research chal-
lenges. Those addressed by this thesis are discussed below:

Research Challenge 1

How to model indoor and outdoor spaces to support a homogeneous and con-
tinuous representation of human mobility?

While most current works oriented to the modelling of human trajectories gener-
ally operate in either indoor or outdoor spaces, it clearly appears that there is still
a need to consider a unified trajectory model for both indoor and outdoor spaces to
infer a deep understanding of the mobility patterns and not excluding indoor spaces
from the study as those are often places where humans spend a large part of their
time. In addition, a typical person spends an average of 80% of his or her time in-
doors, at home, at work, in business premises or leisure, on transportation, etc. It
will be sure of a value, and for many location-based applications, considering human
activities and trajectories as a whole in indoor and outdoor spaces. Analysing tra-
jectories should not only be performed on raw data but also on semantic trajectories
abstractions that can homogenise the representation. However, getting from raw data
meaningful forms of semantic trajectories in terms of mobility is not a straightforward
task, in particular when considering crowd-sourced location data and associated con-
textual information in a given urban environment that includes indoor and outdoor
spaces. To do so, it is necessary to identify the spatial environment that represents
the continuous mobility from indoor to outdoor spaces and vice versa in order to
ensure a complete representation of human movements and activities that will offer
data manipulation and analysis capabilities [49].

Research Challenge 2

How to design a flexible and dynamic multi-dimensional semantic trajectory
based on real-time crowd-sourcing data and generic enough to cope with a
large range of applications capabilities?

Semantic trajectories have been mainly treated as stops and moves segments [4,
94]. A stop is considered when a given trajectory remains stable at a given location
over a minimum period of time, whereas a move indicates a displacement between two
consecutive stops. These trajectories need to be enriched and annotated by additional
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contextual data in order to provide substantial representation capabilities at the ap-
plication level [28, 76]. Over the past few years, various studies have addressed these
issues but are always based on the concept of stops and moves. However, when the
objective is to understand the mobility and related crowd-sensed information, stops
and moves models are not fully representative for multi-dimensional trajectories. For
example, during a single stop, different contextual dimensions may change of values.
In such cases, a stop and moves-based model lack of representation.

Research Challenge 3

How to extract from generic semantic trajectories multiple views at different
levels of abstraction according to user-defined criteria?

Users have different interests when interpreting and analysing multi-dimensional
trajectories, particularly when they emerge in both indoor and outdoor spaces. Some
users simply want to visualise the data, while others demand either finer details or
higher-level information and aggregated knowledge. This will promote the emergence
of a spatial hierarchy that supports micro to macro data representations and ma-
nipulations depending on the user’s interests. A generic approach should be flexible
enough to represent trajectories at different levels of granularity and views. This raises
the need for an abstract and hybrid representation that considers indoor and outdoor
spaces at different hierarchical levels and semantic representation. This might be of
interest for many urban applications where human movements should be manipulated
throughout indoor and outdoor spaces.

Research Challenge 4

How to model complex events using a flexible and expressive language to be
detected in a real-time big data processing system among streams of semantic
trajectories data?

The multi-dimensional semantic trajectory model represents individuals’ continu-
ous movements while integrating multiple contextual data derived from the environ-
ment in order to enrich the representation. Such a rich representation helps to reveal
more mobility patterns at the processing level and favours the recognition of specific
mobility behaviours as well as common patterns with some noticeable contextual
situations. An important objective is to identify some complex mobility situations
in real-time in order to interact with and notify a moving human on the fly. How-
ever, such complex patterns should be first modelled through a formal language that
provides the necessary abstractions and constructs for identifying events of interest
among indoor and outdoor multi-dimensional semantic trajectories according to some
spatial, temporal and contextual criteria.

1.3 Experimental Prototyping
This section briefly describes the experimental prototyping implemented to achieve
our research’s objectives and evaluate our research approach.

The dataset includes mobility data, environmental data (e.g., pollution, temper-
ature, humidity) and annotations of human activities and behaviours. The data has
been collected in Paris region in France. 80+ participants were involved in multiple
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data collection campaigns. They were equipped with multiple pollution, tempera-
ture and humidity sensors and tablets to manually annotate their trajectories with
activities and behaviours.

Two main prototypes have been realised and experimented with a dataset collected
within the Polluscope project.

• Indoor-outdoor semantic trajectories prototype. In order to evaluate
the semantic trajectory modelling approach, we implemented in Python a data
pipeline that collects Polluscope crowd-sourced data and enriches them with ex-
ternal spatial data. We have extracted semantic information from each dataset
element and then transformed them according to the semantic trajectory con-
ceptual model by a developed algorithm that considers a semantic trajectory
segmentation based on at least one value change within a present segment. Fi-
nally, the semantic trajectories are stored in Neo4j graph database so that a list
of Cypher queries can be applied. We made the semantic trajectory implemen-
tation code publicly available on Github [48]. The multiple-views extraction
algorithms have been implemented in Java to extend the capabilities of Neo4j
querying by multiple procedures. The code is publicly available on [47].

• Event-driven streaming system prototype. We have implemented a com-
plex event processing system in Java on Apache Flink using FlinkCEP library
in order to evaluate our complex events modelling approach. A list of complex
events has been exemplified. A Python script for Apache Kafka streaming has
been implemented to simulate different streaming loads to the Flink system in
order to monitor the performance on a Prometheus/Grafana dashboard. The
prototype’s input is a stream of semantic trajectories segments, while the out-
put consists of detected complex events. We made our code publicly available
on [46].

1.4 Contribution
The research developed in this thesis provides several contributions to the field of
mobility data modelling and processing and geographical information science. The
main contributions of this dissertation are:

• We develop a hierarchical spatial data model that encompasses indoor and out-
door spaces that is able to support the spatial annotation of human trajectories
in the urban domain (Chapter 3).

• We develop a semantic trajectory data model that provides a unified representa-
tion of human mobility in indoor and outdoor spaces. It integrates a hierarchi-
cal feature for its spatial dimension since it is based on our indoor and outdoor
spatial data model. The semantic trajectory model also flexibly encompasses
various contextual dimensions derived from crow-sourcing data (Chapter 3).

• We implement and evaluate the semantic trajectory model in the context of the
Polluscope project (Chapter 3).

• We develop a multi-view approach of semantic trajectories to extract hybrid
and contextual trajectories based on spatial and contextual user-defined criteria
(Chapter 3).

• We implement and evaluate the multi-view approach in the context of the Pol-
luscope project (Chapter 3).
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• We develop a Complex Event Recognition framework for detecting individual
and collective complex patterns of urban mobility in real-time based on the
Event Pattern Language and implement it on a modern Big Data platform
(Chapter 4).

• We implement and evaluate the Complex Event Recognition system in the con-
text of the Polluscope project (Chapter 4).

1.5 Dissertation Structure
The rest of this dissertation is organised as follows:

After this introduction, chapter 2 reviews the existing literature on indoor and
outdoor spatial models, semantic trajectories models, trajectories stream processing,
complex event recognition languages and trajectories complex event recognition sys-
tems.

Chapter 3 presents an indoor and outdoor spatial data model, a semantic trajec-
tory model and a model extension for semantic trajectories multi-view. This chapter
also provides experimental evaluations for the overall approach.

Chapter 4 introduces an event-based approach for composite event recognition
from streams of semantic trajectories. Experimental evaluations of a developed sys-
tem are also presented.

Finally, chapter 5 concludes this dissertation by summarising our contributions,
limitations and discussing future work.
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Chapter 2
Related Work

Due to the evolution of positioning devices and connected sensors available for
indoor and outdoor spaces, real-time crowd-sourced location data and collaborative
contextual information on the situation and the environment are nowadays widely
available to offer many opportunities for analysing moving objects. In light of this,
semantic-based representations of trajectories have been addressed over the last years
at either the database or/and semantic levels [76]. This thesis aims to understand
the urban mobility patterns, together with associated contextual information.

This chapter presents a summary of the related research to this thesis. This chap-
ter is divided into four sections. Section 2.1 discusses some closely related research
focusing on representing indoor and outdoor spaces in a unified model. Section 2.2
provides an overview of the literature on trajectory modelling approaches and iden-
tifies the limitations of state-of-the-art conceptual models before proposing how to
overcome them in the case of continuous indoor-outdoor movement in chapter 3. In
Section 2.3, we discuss the well known spatio-temporal database research work. We
also address in Section 2.4 some approaches that considered trajectories stream pro-
cessing to detect some patterns. In Section 2.5, we overview the well-known complex
event processing languages in the literature. Then we address in Section 2.6 the
complex event recognition work on trajectories. Finally, Section 2.7 summarises the
chapter with a critical analysis.
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2.1 Indoor and Outdoor Spatial Models For Navigation,
Route Planning and Path Search

The space is an essential notion that aims to indicate the physical or imaginary parts
of the present environment [124]. Humans refer to portions of space, such as places
or locales, rather than universal, unlimited space in their daily lives.

Geographical Information System (GIS) applications have gradually increased
from large outdoor environments to small scale indoor environments where indoor
and outdoor spaces have been relatively well addressed but separately to a certain
degree. Indoor spaces generally denote the space enclosed by a building, while outdoor
spaces represent external open spaces [112, 122]. Several data modelling approaches
have been searching for a unified representation of trajectories in indoor and outdoor
spaces. Challenges behind the design of a unified model for indoor and outdoor spaces
have been first discussed by Giudice et al. [41] and Yang et al. [119], where the main
similarities and differences between the two are described.

In this section, we present related work that addressed unified indoor and outdoor
spatial models and that most of them are often oriented towards navigation, route
planning and path search.

2.1.1 Navigation and Route Planning

In a related work, the need for ontological and formal foundations for a navigation
model in a unified outdoor and indoor space has been formulated, but so far, no
computational implementation has been realised to support the claim [118]. Outdoor
GIS models might also provide support for emergency services acting in a 3D indoor
environment, as suggested by Tashakkori et al. [99] and Teo et al. [100], but these
approaches are mostly oriented towards building information management and do not
fully support trajectory representations. In recent works [25, 107, 116], a series of
spatial data models have been developed for navigation and route planning in both
indoor and outdoor spaces, but these approaches do not provide data representation
and manipulation capabilities that can easily support seamless integration of humans
trajectories.

Multiple modelling frameworks have been suggested for unifying indoor and out-
door spaces for pedestrian navigation [108]. Zhang et al. [121] introduced a unified
graph model where indoor and outdoor spaces are represented with sub-graph struc-
tures and presented an automated construction algorithm to extract unified naviga-
tion graph from different data formats. Similarly, Claridades and Lee [22] presented
a framework to integrate indoor and outdoor network datasets through spatial rela-
tionships to enable the connection between indoor and outdoor navigation networks
for seamless navigation. However, these approaches do not support trajectory data
modelling and queries.

Indoor and outdoor environments have also long attracted interest from robotic
applications, but these applications are mostly oriented to individual machine-driven
navigation based on sensors and reasoning mechanisms [16, 90].

2.1.2 Path Search

In [50], indoor and outdoor spaces are seamlessly considered for applying shortest
path queries. These authors proposed a graph-based model that represents indoor
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and outdoor spaces in a single structure and provided shortest path algorithms. How-
ever, this model does not integrate a hierarchical component, nor does it provide
spatial query capabilities. Indoor and outdoor frameworks have been developed for
path discovery where, for instance, an algorithmic approach is proposed to integrate
indoor and outdoor spaces to provide a path with minimum outdoor exposure and
shortest distance [23]. This work has been extended to provide a context-aware path
recommendation system with minimum average congestion and shortest distance [24].
However, and as in previous works, these works do not integrate hierarchical spatial
support for trajectory modelling and querying.

Overall, it appears that most, if not all approaches, are oriented towards navi-
gation, routing and path searches. While most of them seamlessly consider indoor
and outdoor spaces, there is still a need for a better modelling integration of these
two spaces, as well as a better consideration of the multi-level hierarchical properties
that arise in many application domains as well as data manipulation capabilities at
the query level. This is a required and most expected property for a homogeneous
representation of trajectories moving from indoor to outdoor and vice versa.

The main differences between our proposed spatial model and previous ones are
that our model provides a unified indoor and outdoor spatial model oriented to the
representation of semantic trajectories. It also integrates hierarchical and graph com-
ponents that support a flexible representation at different levels of abstraction that
favours the integration of heterogeneous crowd-sourcing trajectory data, and further
data manipulation capabilities at the interface level using graph queries and graph
analytics.

2.2 Trajectory Data Models
Every physical object that has its own position that may change over time is said to
be a mobile object. Mobility data refers to information on the movement of objects,
which comprises, at least, information about the localisation and time. Mobility
data could be data coming from a variety of data sensors [96]: GPS devices (e.g.,
during outdoor displacements), Radio-Frequency Identification (RFID) systems, Wi-
Fi access points or Bluetooth devices (e.g., during indoor displacements).

The raw data produced by mobile sensors can be considered as an implicit rep-
resentation of different trajectories. The raw trajectories are adapted to monitor the
successive locations of a moving object, compute statistics, derive patterns and out-
liers, and thus allow understanding of the mobility phenomenon. However, in order
to extract valuable information from trajectories and improve the understanding of a
specific domain related to trajectories, raw trajectories could be insufficient. Different
properties related to such domain should be considered.

During the past few years, a series of works have introduced several conceptual
trajectory data models specific to indoor spaces, while outdoor spaces have been
largely and earlier addressed by many spatial database models oriented for instance
to the representation of mobility and traffic flows at either urban or regional scales.
The objective of the conceptual data models is to provide a high-level data structure
that establishes the link between user requirements and the system’s design [39, 54].

The following discusses and outlines a series of related works oriented towards
either indoor or outdoor semantic trajectory models.



Chapter 2. Related Work 22

2.2.1 Semantic Trajectories

Several works have introduced semantic-based representations oriented towards the
representation of human trajectories (Table 2.1). Parent et al. [76] gives a survey
and highlights some of the main principles behind the representation of semantic
trajectory modelling and some of the main abstractions used so far (e.g., stop and
move abstractions). The first formally defined semantic trajectory at the concep-
tual level was proposed by Alvares et al. [4] and Spaccapietra et al. [94]. Alvares
et al. [4] considered stop and move concepts that qualify semantic trajectories and
provides further analysis capabilities close to users’ perspectives, and satisfactory
processing performance from a computational point of view. They simply identi-
fied that a trajectory consist of data in the form of (tid, x, y, t) where tid is the
moving object identified, x and y are the spatial coordinates and t is a timestamp.
They developed a series of algorithms to extract stops and moves moving patterns.
Spaccapietra et al. [94] still considered similar principles with a trajectory modelled
as a semantic sequence of stops and moves. The authors defined a trajectory by
trajectory : [tbegin, tend] → space as the user defined record of the evolution of the
position (perceived as a point) of an object that is moving in space during a given
time interval in order to achieve a given goal.

2.2.2 Annotated Semantic Trajectories

Yan et al. [117] introduced a labelling framework for stop- and move-based trajectories
called SeMiTri (Semantic Middleware for Trajectories). SeMiTri’s objective is to sup-
port semantic trajectories enrichment by exploiting both the geometric properties and
background geographic and application data. Their framework annotates trajectories
to construct semantic trajectories as derived from GPS raw data. A few attempts
have been recently made to enhance semantic trajectory with multi-dimensional in-
formation. A semantic conceptual model has been developed by Bogorny et al. [12]
to take into account a limited predefined set of semantic properties for trajectory data
analysis. Fileto et al. [36] introduced a framework to fill the gap between movement
data and formal semantics. The authors provided an ontological model for semantic
enrichment and introduced a multilevel hierarchy for representing trajectory in the
space. Ruback et al. [88] developed an alternative framework with linked open data
based on dynamical enrichment of trajectories using ontology mashups. Ilarri et al.
[49] and Ferrero et al. [35] highlighted the need for considering multi-dimensional
representation of semantic trajectories. Accordingly, it should be possible to include
all aspects information into a unique trajectory representation then allow to commute
from one semantic to another according to some query requirements. More recently,
Mello et al. [62] extended previous works [12, 36] by introducing the concept of
multiple aspect trajectories called master. Master supports trajectory sequences en-
richment with different and heterogeneous annotations. At the logical level, Valdés et
al. [106] modelled semantic trajectories as symbolic trajectories within the database
system SECONDO [45]. Semantic trajectories are segmented by points of interest
and by transportation modes, and annotated with labels indexed by time intervals in
the form of a set-based model. However, this set-based model does not fully consider
hierarchical relationships and associated spatial semantics. Jin and Claramunt [51]
introduced a database management approach for representing and analysing human
trajectories in an urban environment, but different levels of abstractions are not con-
sidered, nor indoor spaces are taken into account. Li et al. [57] proposed a Markov
model to enrich indoor mobility data with a semantic region, a time period, and a
mobility event. More recently, Vidal-Filho et al. [109] introduced a definition for
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documenting and enriching semantic trajectories using Spatial Data Infrastructures.
This approach enables automatic and manual annotation of trajectories using meta-
data standards. However, this approach does not consider both indoor and outdoor
spaces.

2.2.3 Multi-granular Semantic Trajectories

Ilarri et al. [49] raised the need for representing semantic trajectories at different levels
of abstraction. Similarly, Pelekis et al. [80] developed a stop and move trajectory
model to support different scales and spatio-temporal granularities. Kontarinis et al.
[52] designed a specific semantic trajectory model applied to a museum case study
that considers an indoor hierarchical space model based on the IndoorGML standard.
However, these approaches are oriented towards either indoor or outdoor trajectories.
Gómez et al. [42] introduced a semantic trajectory model on top of a graph database
to apply different aggregation mechanisms using graph-based queries, their model
considered a hierarchical structure to describe different spatial layers. Their study
showed that trajectory queries can be expressed more naturally on top of graph-based
representations rather than common relational databases.

2.2.4 Indoor and Outdoor Semantic Trajectories

Xu and Güting [115] designed a generic data model to manage moving objects in in-
door and outdoor environments. They conceptually model the space extent in which
geographical objects define available places for moving objects. However, semantic
properties were not fully considered to provide a complete trajectory data represen-
tation. While several data manipulation frameworks have been developed regarding
the semantic, temporal, and spatial dimensions, however, they do not consider indoor
and outdoor spaces together, and trajectories were predefined and extracted from a
given urban data set without further manipulation capabilities.

Overall, it appears that most previous works searched for an integrated indoor
and outdoor representation, while others take into account a multi-level and flexi-
ble semantic representation in which human trajectories can be derived from crowd-
sourcing data. Most existing formalisms are supported by raw data sequences that
represent trajectory data annotated by contextual information (e.g., weather condi-
tions, pollution exposition along a path).
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Semantic trajectory models Stops and Moves Indoor Outdoor Indoor and Outdoor Hierarchical space

Alvares et al. [4], Spaccapi-
etra et al. [94], Yan et al.
[117], Bogorny et al. [12]
Pelekis et al. [80], Ruback
et al. [88], Jin and Clara-
munt [51], Vidal-Filho et al.
[109]

✓ ✗
✓

✗ ✗

Valdés et al. [106], Mello et
al. [62]

✗
✗

✓
✗ ✗

Fileto et al. [36], Gómez et
al. [42]

✓
✗

✓
✗

✓

Kontarinis et al. [52] ✓
✓ ✗ ✗

✓

Xu and Güting [115] ✓
✓ ✓ ✓ ✗

Noureddine et al. [70],
Noureddine et al. [67]

✗
✓ ✓ ✓ ✓

Table 2.1: Semantic trajectory models: categorisation.

2.3 Trajectory Database Engines
The research on spatio-temporal databases has separately studied the spatial and
the temporal aspects. Research on spatial databases has focused on supporting the
modelling and querying of geometries associated with objects in a database. Most
commercial and open-source database management systems provide appropriate data
management and querying mechanisms for static spatial data conforming to Open
Geospatial Consortium (OGC) standards [73]. For example, Oracle [75] and Post-
greSQL [84] have been extended with spatial modules, Oracle Spatial [53] and PostGIS
[97], respectively. On the other hand, temporal databases have focused on extend-
ing the database systems to handle time-series data more efficiently. For instance,
TimescaleDB [102] is an open-source time-series extension for PostreSQL.

The general idea of spatio-temporal databases is to carry out the management
of spatio-temporal data by combining spatial and temporal data management into
a single framework. A few attempts have been made to achieve an appropriate in-
teraction between temporal and spatial data. Güting et al. [45] developed the first
moving objects database engine that appeared in the literature called SECONDO.
SECONDO is adjusted to be extended by algebra modules for non-standard appli-
cations. Another attempt developed by Pelekis et al. [81] is Hermes. Hermes is
a system extension aiming to support continuously moving objects’ modelling and
querying. Hermes defines a trajectory data type and a collection of operations in or-
der to provide trajectory functionality to Oracle and PostgreSQL. Recently, Zimányi
et al. [123] developed MobilityDB that extends the type system of PostgreSQL and
PostGIS with time-varying data types for representing moving object data and con-
forming to the OGC Moving Features Access specification [72]. MobilityDB builds
on existing operations and effectively enhances them into temporal operations.

During the last few years, the community has shown interest in modelling and
querying trajectories in graph databases, particularly for managing semantically en-
riched trajectories [32, 55, 98]. Graph databases facilitate the exploration of complex
structures and dynamic relationships for connected trajectory data since they are
based on graph models that have a typical way of representing networks and connec-
tions between entities. Graph-based models are well known for materialising complex
relationships, including hierarchical spatial data, temporal data and thematic enrich-
ment data. Gómez et al. [42] discussed how graph databases (Neo4j [64] in their case)
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are used to manage semantic trajectory data. Their study has shown that trajectory
queries are more naturally expressed as graphs using a graph query language. The
study also showed that the graph database queries are 1.2 to 7 times faster than the
relational ones in their case.

2.4 Trajectory Streams Processing
A recent body of work addressed trajectory-based and event queries on data stream
management systems. The main objective is to identify basic and composite events
that embed some application-defined situations. Vieira et al. [110] introduced an
algorithm that can be applied in a streaming environment to discover flock patterns
among trajectories online. The algorithm assumes that moving objects are close to-
gether if a disk with a given radius covers all moving objects in the pattern. Roganovic
et al. [87] developed an indoor-based system for patterns detection among symbolic
trajectory data streams. Masciari et al. [60] introduced a sequence pattern mining
approach for trajectory streams. It is based on a partitioning strategy to reduce the
trajectory size and present the trajectories as strings. They applied a sliding win-
dows combined with a counting algorithm. Boutsis et al. [14] proposed an online
clustering technique over positioning data streams to identify real-life events when
they occur. Salmon and Ray [89] developed a spatio-temporal stream-based architec-
ture that deals with archived and streamed maritime trajectories data. Patroumpas
et al. [78] presented a framework to identify mobility events online among aircraft’s
trajectories streams, where only important events can be retained. Their prototype
has been implemented using the DataStream API of Apache Flink. Chen et al. [19]
and Fang et al. [34] also investigated a system to support real-time co-movement pat-
tern detection over streaming trajectories where clustering and pattern enumeration
are considered, respectively. Tritsarolis et al. [104] introduced an online graph-based
mining algorithm to discover co-movement behaviour by monitoring the activity of
multiple clusters through time and space.

While several trajectories stream processing frameworks have been successfully
applied to detect some events and patterns of interest, however, they do not consider
formal languages to fully represent and manipulate them. Therefore, their querying
capabilities are very limited and not expressive enough. Composite events are also
not taken into account then, limiting the range of possible analysis.

2.5 Complex Event Recognition Languages
During the last decade, a variety of complex event recognition models and languages
have been proposed. They can be classified into three types: tree-based structures,
logic-based rules and automata-based. Giatrakos et al. [40] gives a survey and high-
lights the main features behind the formal methods applied to these complex event
models.

2.5.1 Tree-based Models

Tree-based models define a tree of event operators to specify complex event patterns.
For example, ZStream [61] employs a tree-based definition of complex patterns where
operators (sequencing, negation, conjunction, disjunction and Kleen closure) connect
primitive or complex events to form new complex events.
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2.5.2 Logic-based Models

Logic-based models employ temporal formalism that relies on logic rules and inference
to detect complex events. Artikis et al. [8] gives a survey on logic-based event models.
One kind of logic-based model is the Chronicle Recognition System (CRS) as [30]
and that defines events using logic predicates linked together by time constraints and
whose occurrence may depend on the context. The second kind of logic-based event
model is the Event Calculus as in RTEC [7] that supports event-based reasoning while
incorporating a sliding windowing mechanism.

2.5.3 Automata-based Models

Automata-based models provide pattern automata languages. For example, SASE
[114], SASE+ [29], SASE++ [120], Siddhi [93] and Wayeb [2] translate patterns into
non deterministic automatas. They have valuable closure properties and expressive-
ness. Recently, automata-based models have progressed to a good level of maturity,
such as FlinkCEP [5] library that lade its way into the Apache Flink [6] [17] system.

2.5.4 Hybrid Models

Other event-based languages consider hybrid approaches like Esper [33] and uses trees
for the core of its functionality (e.g., filtering, windowing and aggregations) and non-
deterministic automatas for their pattern matching functionality. It defines a rich
declarative language for rule specification called event processing language and in-
cludes all the operators of SQL adding ad-hoc constructs for windows definition.

Overall, it appears that the CER models have common goals, but they differ in
their architecture, pattern language and processing mechanisms. The Event Pattern
Language (EPL) described by Gehani et al. [38] and Motakis and Zaniolo [63] provide
relatively complete logical constructs for composite event specifications; however, to
the best of our knowledge, the EPL has not been implemented yet in a CER context.

2.6 Trajectories Complex Event Recognition
Big data platforms have simplified the design and implementation of distributed pro-
cessing pipelines, such as Storm [103] and Spark [95]. However, these platforms cannot
enable CER on their own. Flink [17] and, because of its native FlinkCEP library, can
incorporate CER operators in the Flink program.

A few attempts have addressed composite event detection on spatio-temporal
trajectories (Table 2.2). Schwiderski-Grosche et al. [91] suggested a composite event
language for spatio-temporal reasoning over mobility data with pre-defined semantics.
A series of spatial operators associate events to pre-defined areas and whether different
events occur at given times and/or locations. Terroso-Saenz et al. [101] introduced
CEP-traj, an event-based system that integrates trajectory streams and applies a
series of steps covering data cleaning, segmentation and compression to ease pattern
detection. CEP-traj has been developed using Esper to detect some behavioural
patterns of interest. Composite Event Recognition (CER) systems based on RTEC
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CER systems Event
model Input Contextual

data

Indoor
and

outdoor

Hierarchical
space

Stream
process-

ing

Basic
and com-

posite
events

Scalable

Schwiderski-
Grosche et al. [91]

not
imple-
mented

n/a n/a n/a n/a n/a ✓ n/a

Terroso-Saenz et
al. [101]

Esper raw trajec-
tories ✗ ✗ ✗ ✓ ✗ ✗

Artikis et al. [9],
Patroumpas et al.
[77], Pitsikalis et
al. [82]

RTEC raw trajec-
tories ✗ ✗ ✗ ✓ ✓ ✓

Tsilionis et al.
[105]

RTEC raw trajec-
tories ✓ ✗ ✗ ✓ ✓ ✓

Ntoulias et al. [71] Wayeb raw trajec-
tories ✗ ✗ ✗ ✓ ✓ ✓

Our approach sys-
tem

EPL
semantic
trajecto-

ries
✓ ✓ ✓ ✓ ✓ ✓

Table 2.2: Comparison between CER systems applied on trajecto-
ries.

have been used in various application domains such as maritime monitoring [77] [82]
and fleet management [105] [9] for maritime and urban surveillance, respectively.
Artikis et al. [9] presented a CER system based on RTEC and that detects complex
events from urban traffic data in order to identify incidents in an urban network. Still
based on RTEC, Patroumpas et al. [77] developed a maritime surveillance system
for trajectory simplification and that consumes positional streams of ship messages
and detects complex events along its trajectory. This system reduces the trajectory
by a few detected critical points. Pitsikalis et al. [82] improved the work in [77] by
constructing effective patterns of maritime activities, implemented using the RTEC
language. Also based on RTEC, Tsilionis et al. [105] proposed an online CEP system
that employs weather and points of interest data enrichment to detect events over
moving vehicles.

More recently, Ntoulias et al. [71] presented a scalable CEP system based on
Wayeb for processing big mobility data streams, experimented for fleet management
and maritime monitoring applications

In conclusion, CER should support the composition of primary events towards
composite events and should be flexible enough to support different composition mech-
anisms to fulfil the necessity of a language providing logical constructs for modelling
complex events using a wide range of operators.

2.7 Synthesis and Positioning
In this chapter, we have reviewed previous research that has inspired much of the
work presented within this dissertation. We covered two main areas. The first area
includes spatial modelling, trajectory data modelling and trajectory databases. The
second area includes trajectory stream processing and complex event recognition. We
present below the critical analysis in each of the covered areas while comparing related
work to our work:

Our work in chapter 3 introduces the main principles of a semantic trajectory
model in indoor and outdoor spaces. Based on these modelling principles, we first
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provide formal support for the semantic-based modelling approach. Second, flexi-
ble logical data manipulation is defined at different levels of abstraction and imple-
mented, making a difference between graph queries and graph analytics. And finally,
a computational implementation on top of the graph database Neo4j. In contrast to
related work, our semantic trajectory formalism is flexible enough to derive different
trajectories according to some given contextual properties associated with raw trajec-
tory data as they emerge in space and time. Our approach encompasses the multiple
hierarchical granularities of urban spaces and supports a finer representation of move-
ment semantics in both indoor and outdoor environments while maintaining multiple
dimensions of semantic associated data. This semantic trajectory model is not com-
pletely based on stop and move abstractions, but a peculiarity is that trajectories can
be dynamically redefined using some semantic, spatial and temporal criteria.

This PhD research takes advantage of EPL’s expressiveness and flexibility to
model complex events in the urban mobility domain. The purpose of this PhD re-
search is not to demonstrate that EPL is inherently superior to the previously men-
tioned CER models but to show that EPL is a high-level language that has a good
level of expressiveness with a relatively complete set of composition operators to rep-
resent complex events. We apply EPL to a spatio-temporal context and implement
it in an architecture that allows considering hierarchical and recursive characteristics
for the definition of complex events using pre-defined basic events. EPL language
allows the construction of composite events using a wide variety of user-defined basic
events, and are not limited to, spatial, contextual and temporal criteria. The spa-
tial criteria embed indoor and outdoor specifications in addition to the hierarchical
aspect defined in [67]. The contextual criteria are flexible enough to embed multiple
contextual information that arises with urban human mobility. The temporal criteria
cover Allen’s Interval Algebra [3], duration and overlapping specifications.

Most of the previous CER systems consider raw trajectories as internal data repos-
itories either without or with very limited external information, such as on weather
and points of interest, while neglecting the importance of identifying the semantics
of the space where the trajectories occur or the contextual information that might be
associated along a trajectory. Such semantic information could be very interesting to
ease the definition of complex event semantics and detection.

The main difference between our proposed system in chapter 4 and the previous
ones is that our system considers semantic trajectories in a well-defined structure with
formal support presented in [67] [70] that evolved in indoor and outdoor spaces as
input while maintaining multiple and not limited contextual information that arises
with urban mobility. Based on such trajectory modelling, our approach supports a
flexible composition of events with a flexible definition of a wide range of basic events
depending on spatial, temporal and contextual criteria to construct trajectories’ com-
plex events.

Our work in chapter 4 introduces a modelling approach that extracts basic events
from semantic trajectory data stream while considering spatial, temporal and con-
textual criteria over different levels of hierarchy. A formal representation of events
and composite events is extended from the EPL language. It is implemented and
evaluated using a data stream processing platform Apache Flink [6] using the built-in
support for CER via FlinkCEP [5].
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Chapter 3
Semantic Trajectory Data Model For
Indoor and Outdoor Spaces

With other related crowd-sensed information, location data are noticeably
available for humans navigating in both indoor and outdoor spaces. Considering the
diversity of such multi-environment spaces, and where mobility occurs, offers many
opportunities for analysing humans’ trajectories. Indoor and outdoor mobility analy-
sis raises several data modelling, managing and processing research challenges. This
not only implies developing appropriate database architecture for large streamed data
but also identifying the most appropriate data abstractions to model these human
trajectories on the semantic level.

Modelling indoor and outdoor mobility requires a holistic view of the spa-
tial, temporal and semantic dimensions. This requires a generic and multi-dimensional
representation that encompasses spatial, temporal and contextual criteria.

This chapter presents (i) an indoor and outdoor spatial data model that
supports a homogeneous representation of semantic trajectories, (ii) a multi-layered
graph representation for semantic trajectories in indoor and outdoor spaces and (iii)
multiple-views representation for semantic trajectories. (iv) The overall model is
implemented, experimented and evaluated.

The content of this chapter is mainly based on our previous publications
in the International Conference on Mobile Data Management 2020 (MDM) [66, 70],
the Transactions in GIS Journal [67], the International Conference on Advances in
Geographic Information Systems 2021 (SIGSPATIAL) [69] and the International Sym-
posium on Web and Wireless Geographical Information Systems 2022 (W2GIS) [68].
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3.1 Introduction
Exploring crowd-sensed location data and associated contextual information at a
large scale in a given urban environment should help to reveal mobility patterns and
outliers, this being of benefit for many urban planning tasks. Not only these patterns
should be modelled and studied at different scales, but also using a holistic view in
which human mobility should be considered in both outdoor and indoor spaces. This
is a necessary assumption made in this chapter as a large part of human mobility
arises in large indoor spaces such as commercial or administrative buildings, not to
mention the fact that humans spend most of their life in indoor spaces.

An indoor space denotes a building environment roughly modelled as a set of
rooms and corridors, and where connections between these components are considered
as topological relations that form a structural graph representation. While outdoor
spaces denote geographical spaces at large, they are generally much less constrained
than indoor spaces as indeed a building generally has a well-designed set of rooms
and corridors that denote some functional relations.

In order to represent human movements emerging in indoor and outdoor spaces,
a unified spatial model is required to homogeneously identify the indoor and outdoor
places where they occur. Human mobility can be roughly described as a spatio-
temporal and semantic trajectory through a range of indoor and/or outdoor spaces,
each of which has its own characteristics [49]. In the urban domain, indoor spaces do
not exist as isolated frames of references, they constitute an implicit part of the entire
urban geographical environment as outdoor spaces do. Humans continuously move
between their living and external places (e.g., work, leisure), experiencing smooth
movement from indoor spaces to boundaries to outdoor spaces and back. This lets
us assume a seamless link between those two fully integrated spaces.

While human movements in outdoor spaces can be easily tracked using GPS-based
devices, there is a need in indoor spaces for some specific location-aware devices such
as WiFi or RFID sensors [96]. Data integration between trajectory data from multiple
devices, spatial data and other data can build more comprehensive city profiles [111].
When considering indoor and outdoor spaces within a sort of integrated framework,
the diversity and heterogeneity of scales and location-based devices raise several data
modelling, managing and processing research challenges.

The overall objective of this chapter is divided into two major goals:

Goal 1: The first goal of this chapter aims to develop a generic framework for
location-based applications and services that consider human behaviours and trajec-
tories in indoor and outdoor as a whole and at a finer level of granularity in time
as well as scale in space. In such applications, data scientists and decision-makers
rely mainly on precise and massive trajectory data to understand some emerging phe-
nomena in space and time, and should not exclude indoor spaces from the analysis to
build more comprehensive user-profiles and then valuable patterns. This goal embeds
three research challenges:

Research Challenge 1

How to model indoor and outdoor spaces to support a homogeneous and con-
tinuous representation of human mobility?

Identifying the spatial environment where mobility occurs is an essential task in order
to ensure a complete representation of human movements in indoor and outdoor. To
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address this challenge, we introduce a hierarchical spatial model that encompasses
indoor and outdoor spaces. This model supports human mobility and offers further
data manipulation and analysis capabilities (cf. Section 3.2).

Research Challenge 2

How to design a flexible and dynamic multi-dimensional semantic trajectory
based on real-time crowd-sourcing data and generic enough to cope with a
large range of applications capabilities?

Representing human trajectories using multiple annotations can provide substantial
representation capabilities at the application level. However, stop and move models
cannot fully represent a multi-contextual representation of trajectories when the ob-
jective is to understand the movement and related crowd-sensed information, which
are not completely predefined. A sound graph-based representation should exhibit the
most appropriate stop instances and movements, but according to incoming crowd-
sourcing data, this being not completely known a priori. To address this challenge,
we develop a flexible semantic trajectory model that integrates multiple data sources
in indoor and outdoor spaces and where trajectories are dynamically generated (cf.
Section 3.3).

Research Challenge 3

How to extract from generic semantic trajectories multiple views at different
levels of abstraction according to user-defined criteria?

There is a wide range of interests among users looking forward to multi-dimensional
approaches for manipulating trajectories emerging in indoor and outdoor spaces.
While some might be interested in a straight visualisation of these trajectories, oth-
ers might either analyse trajectory patterns at the macro-level or aggregated views,
depending on their interests. Such a generic approach should be flexible enough to
represent these trajectories at different levels of granularity and different views. This
raises the need for an abstract and hybrid representation that considers indoor and
outdoor spaces at different levels of granularity and with a hierarchical and semantic
representation. To address this challenge, we develop a formal and logical extension
of the semantic trajectory model to extract semantic trajectories at different levels of
abstraction according to different spatial and contextual user interests (cf. Section
3.4).

Goal 2: The second goal of this chapter is to define a methodology to implement
and experiment the formal models designed at the conceptual level with real data. It
also aims to validate the model. This goal encompasses four tasks are as follows:

• Study the feasibility and the performance of the semantic trajectory modelling
approach on a graph-based database system using a large and real urban tra-
jectory dataset (cf. Section 3.5).

• Explore to which degree the application framework can reveal some movement
patterns in the urban domain while considering the spatial, temporal and the-
matic criteria (cf. Section 3.5).

• Extend the graph-based database system in order to extract multiple views of
semantic trajectories according to users’ interests (cf. Section 3.5.4).
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• Investigate the feasibility and performance of multi-view extraction mechanisms
using large and real data (cf. Section 3.5.4).

The model is applied to real data collected from the Polluscope project [83], where
human trajectories with multiple contextual data are collected in an environmental
crowd-sensing context. Such trajectories are characterised by external data and geo-
located using OpenStreetMap [74]. Semantic trajectories are stored in a property
graph database Neo4j [64] and manipulated using a high-level query language and
algorithms [42]. A computational implementation on the graph database supported
by a series of graph queries and graph analytics examples with performance and ro-
bustness evaluations are presented. Then, an extension implementation of the graph
database is presented to support the multiple views extraction exemplified by a se-
ries of graph-based processing operations and performance evaluations that show its
flexibility when implemented on top of a real data context.

3.2 Indoor and Outdoor Space Model
The modelling approach described in this section provides the foundations on which
the spatial representation of our semantic trajectory model is based on. The principles
and definitions of the indoor and outdoor spatial model are hereafter introduced.

3.2.1 Spatial Modelling Principles

We introduce a spatial model that brings together indoor and outdoor spaces into
a unified and multi-granular spatial representation. This model should be multi-
granular since it is defined at a lower abstraction level from which coarser levels
can be derived appropriately when necessary, and covering both indoor and outdoor
spaces. Choosing an appropriate level of abstraction will depend on the application
context and user preferences, but by considering the lowest level of abstraction, the
objective is to favour different kinds of applications and services. Implicitly, this multi-
layered model encompasses various levels from micro to macro, from continuous to
discrete spatial structures at the representation level in order to optimise the data
manipulation and storage levels.

This representation also takes into account the broad trends of positioning tech-
niques. Since raw mobility data can be received from different types of sensors [96],
different data sensors might exist for representing a given trajectory (RFID, Wi-Fi,
Bluetooth, etc. for indoor mobility and GPS for outdoor mobility). This leads us to
normalise the representation of mobility across different locations and spatial entities
in indoor and outdoor. Hence, a homogeneous representation of indoor and outdoor
spaces is considered in order to support the smooth mobility of humans from indoor
to outdoor spaces and vice versa.

This modelling approach can be materialised as a place-based representation
where each place represents a space, either indoor or outdoor, characterised by a
list of properties including location data, and where spatial hierarchies are consid-
ered between entities in order to provide a sound representation that also considers
connections between such entities.

We define a graph-based representation that supports structural properties (i.e.,
node-to-node relationships) at different levels of granularity while maintaining geo-
metric properties. This representation encompasses the mobility of humans navigat-
ing in continuity in these indoor and outdoor places/spaces.
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A peculiarity of the hierarchical modelling approach is that it allows the ma-
nipulation of human trajectories at different levels of abstraction. Additional data
manipulation capabilities can also be applied at the query level using usual semantic,
spatial and temporal operators, as this will be further illustrated in the experiments.

3.2.2 Formal Definitions

Let us introduce a series of formal definitions that will successively introduce the
notion of the spatial layer that denote a set of entities at a given level of abstraction.
The spatial layer acts as a given representation of either an indoor or outdoor space
for a given level of abstraction. Therefore, a hierarchy embeds the different layers
of both the indoor or outdoor space. Specific constraints are defined to ensure the
continuity between indoor and outdoor spaces. Finally, a model of graph is introduced
to materialise continuity properties and manipulation capabilities between indoor and
outdoor spaces.

Definition 1 (Spatial Layer). A spatial layer denoted by L is defined as a set of
geographical features (i.e., points, polylines, polygons) representing a class of real-
world entities at a given level of abstraction.

Definition 2 (Indoor Space). Let us consider an indoor space denoted by I =⋃
i=1...|LI| LIi made up of a set of hierarchically ordering of nested layers which rep-

resent the successive levels of abstraction of the indoor space. This is accordingly
denoted by LI|LI| ⊂ LI|LI|−1 ⊂ ... ⊂ LI1 as indoor layers. The coarser level
of abstraction is LI1 while the finest level of abstraction is LI|LI|. Furthermore,
∀s′

i−1 ∈ LIi−1, ∃s′
i ∈ LIi|s′

i ⊂ s′
i−1.

Definition 3 (Outdoor Space). Let us consider an outdoor space denoted by
O =

⋃
i=1...|LO| LOi made up of a set of hierarchically ordering of nested layers which

represent the successive levels of abstraction of the outdoor space. This is accordingly
denoted by LO|LO| ⊂ LO|LO|−1 ⊂ ... ⊂ LO1 as outdoor layers. The coarser level
of abstraction is LO1 while the finest level of abstraction is LO|LO|. Furthermore,
∀s′′

i−1 ∈ LOi−1, ∃s′′
i ∈ LOi|s′′

i ⊂ s′′
i−1.

Definition 4 (Unified Space). Let us consider a unified spatial representation that
encompasses indoor and outdoor spaces, expressed as:

S =
k⋃

i=1
Li (3.1)

where S denotes the entire space encapsulating indoor and outdoor spaces layers.

Definition 5 (Indoor-Outdoor Space Continuity). In order to achieve a con-
tinuity between indoor and outdoor spaces, there should exist at least one common
layer between these two spaces LC such as LC ∈ I and LC ∈ O while the other
layers should be disjoint. In fact indoor and outdoor spaces should not be completely
disjoint as a continuity should cover the elements that belong to both indoor and
outdoor spaces. As outdoor and indoor spaces are defined at complementary levels of
abstraction and scale, let LC denote the finest layer of outdoor space and the coarser
layer of indoor space. Practically there exists at least an instance ii ∈ LIi and an
instance oi ∈ LOi that materialises a same spatial entity
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Definition 6 (Indoor and Outdoor Graph). A graph-based representation is
defined for S as a layered multi-graph G = (V , E) where

V =
k⋃

i=1
Si =

n⋃
i=1

Ii ∪
m⋃

i=1
Oi (3.2)

and

E =
n⋃

i=1
Ei (3.3)

The graph G is made of different layers of nodes and edges. On the one hand, the
edges Ei denote the embedded hierarchy between the different indoor and outdoor
layers. On the other hand it also spatially connects the indoor and outdoor spaces
using the layer that belongs to both spaces (i.e., the layer building) as denoted in
Figure 3.1.

State

County

Town

Road

BuildingBuilding

Floor

Room … Corridor 

…Park 

Spatial 
hierarchy

Outdoor

Indoor

… Building

… Floor 

…Rural 
Area

…County

…Road

Figure 3.1: Spatial model showing the hierarchical relationships be-
tween indoor and outdoor spatial layers.
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Each node vi ∈ V is geometrically embedded into a spatial hierarchy/layer that
denotes the spatial structure of the underlying space (e.g., room to floor layers in an
indoor space, road to town layers in an outdoor space).

Let Olabel = {OState ∪ OCounty ∪ OT own ∪ ...}\{ORoad} denote a set of labels or
symbolic values that represents the nested hierarchy from vi to vj such as vi, vj ∈ O.
And Ilabel = {IBuilding ∪ IF loor ∪ IRoom ∪ ...} is a set of labels or symbolic values that
identify the nested hierarchy from vi to vj such as vi, vj ∈ I. {ORoad} is a set of labels
or symbolic values that identify the nested hierarchy from vi to vj such as vi ∈ V and
vj ∈ O. Then Slabel = Olabel ∪ {ORoad} ∪ Ilabel a set of labels.

An edge e ∈ E ⊆ Vi X Vj represents a binary nested relationship between two
places of different layers where Vi, Vj ⊆ V (i ̸= j), labelled by the type of relationship
linking these two nodes. The labelled edge e is denoted by a tuple ⟨(vi, vj), label⟩,
where vi, vj ∈ V , vi ̸= vj and label ⊂ Slabel is a label describing the hierarchical
relation from vi to vj . These labels represent relations from refined to coarser grains
(e.g., County to State) while linking the indoor and the outdoor environment on the
Road grain level.

The spatial model further supports our trajectory modelling approach, and whose
objective is to define the complete spatial environment where human mobility takes
place. On top of this model, users can define places of interest (POIs) that might
take place at any node in the model. Trajectories can then be annotated by POIs
based on the spatial model, as developed in the following Section 3.3.

3.3 Spatio-temporal To Semantic Trajectories
A trajectory is considered as a series of consecutive time-dependent records that rep-
resents the evolution of the location of an individual in a given space. Similarly to
Spaccapietra et al. [94], let us consider that a trajectory has two components; The
raw/geometric component and the semantic component. The raw/geometric compo-
nent is defined by a sequence of raw data that records the evolution of trajectory data
and cross-related records known as contextual information (e.g., weather conditions
or pollution exposition along a path). In contrast, the semantic component is de-
noted by a time interval sequence annotated by expressive data including contextual
information. This section provides a formal definition of a contextualised trajectory
and of a contextualised semantic trajectory.

3.3.1 Raw Trajectory Components

Let us first introduce the raw components of a trajectory. A time interval is defined
as a convex subset of the time domain, consisting of its start time instant t1 and
end time instant t2. In other words, [t1, t2] is a time interval where starting time t1
and ending time t2 are time instants for t1 ≤ t2. Time point intervals are therefore
represented as zero duration intervals where t1 = t2.

A location p denotes p = (x, y) with x and y sensors logs either in indoor or
outdoor spaces (e.g., GPS, RFID, respectively).

Definition 7 (Trajectory). A trajectory is defined as a consecutive temporal se-
quence of positions over some time intervals [tn, tm] denoted as:

trajid = {p(tn, tn+1), p(tn+2, tn+3), ..., p(tm−1, tm)}. (3.4)
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p(ti, ti+1) denotes a location valid over a time interval [tn, tm] and where tn ≤ ti ≤ tm.
If ti < ti+1, p(ti, ti+1) can be a location valid over a time interval (an instant position
if ti = ti+1). If no position holds on ti+2, this denotes a gap between p(ti, ti+1) and
the next location will be valid at time ti+2.

In order to illustrate our approach, let us consider the following example.

Example 1 : A person travels from home to office over a trajectory located using
either a synchronised GPS-based sensor or sensors located at some specific places and
is associated with contextual data (e.g., pollutants: NO2, PM10, PM2.5, PM1, BC).
This person trajectory can be modelled as
trajperson = (..., p(t82, t83), p(t84, t85), p(t86, t87), p(t88, t89),p(t90, t91), p(t92, t93),
p(t94, t95), ...).

Definition 8 (Subtrajectory). Let us consider trajid ∈ TRAJ for
trajid = {p(tn, tn+1), p(tn+2, tn+3), ..., p(tm−1, tm)} and traj′

id ∈ TRAJ for
traj′

id = {p′(tn′ , tn′+1), p′(tn′+2, tn′+3), ..., p′(tm′−1, tm′)} where TRAJ denotes the
set of trajectories.
We say that traj′ is a subtrajectory of traj denoted by traj′

id ⊆ trajid iif [tn′ , tm′ ] ⊆
[tn, tm] and p′(tn′ , tn′+1), p′(tn′+2, tn′+3), ..., p′(tm′−1, tm′) ⊆ p(tn, tn+1), p(tn+2, tn+3),
..., p(tm−1, tm) where [tn, tm] and [tn′ , tm′ ] are two time intervals.

Definition 9 (Continuous subtrajectory). Let us consider trajid, traj′
id ∈ TRAJ .

traj′
id is denoted as a continuous subtrajectory of trajid denoted by traj′

id ⊑ trajid iif
traj′

id ⊆ trajid and ∀p(ti, ti+1) ∈ trajid and [ti, ti+1] ⊆ [tn′ , tm′ ], p(ti, ti+1) ∈ traj′
id.

Less formally, this means that there are no elements missing between tn′ and tm′ .
In Figure 3.2, we illustrate the difference between Trajectory, Subtrajectory and

Continuous subtrajectory.

Trajectory Subtrajectory Continuous subtrajectory

Start Point

End Point

Start Point Start Point

End Point End Point

Figure 3.2: Trajectory, subtrajectory and continuous subtrajectory
examples.

Let us consider contextual information closely related to the notion of trajectory.
Contextual information are considered as a set of additional contextual knowledge
that can reflect other semantics associated with a specific phenomenon, where C =⋃
i=1

ci is the set of contexts that denotes the semantic dimensions for each i ∈ N.
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In order to provide a similar formal definition of contextual information than the
one of trajectory, let us define the concept of contextual sequence.

Definition 10 (Contextual Sequence). A contextual sequence is defined as time
series and closely related to the notion of trajectory as follows:

CSid = {v(tn, tn+1), v(tn+2, tn+3), ..., v(tm−1, tm)} (3.5)

where each v(tk, tk+1) denotes a valid value of ci over [tk, tk+1] and where tn ≤ tk ≤
tm.

Example 2 : Let us consider the scenario of Example 1. The contextual sequences
cross-related to the person’s trajectory as related to a NO2 sensor.
Hence, CS_NO2person = (..., v(t80, t81), v(t82, t83), v(t84, t85), v(t86, t87), v(t88, t89),
v(t90, t91), v(t92, t93), v(t94, t95), ...).

Definition 11 (Contextual subsequence). Let us consider the two contextual
sequences CSid={v(tn, tn+1), v(tn+2, tn+3), ..., v(tm−1, tm)} and CS′

id={v′(tn′ , tn′+1),
v′(tn′+2, tn′+3), ..., v′(tm′−1, tm′)} for each ci ∈ C and [tn, tm], [tn′ , tm′ ] two time
intervals.
We say that CS′

id is a subsequence of CSid, denoted CS′
id ⊆ CSid if [tn′ , tm′ ] ⊆ [tn, tm]

and {v′(tn′ , tn′+1), v′(tn′+2, tn′+3), ..., v′(tm′−1, tm′)} ⊆ {v(tn, tn+1), v(tn+2 , tn+3), ...,
v(tm−1, tm)}.

Definition 12 (Contextual continuous subsequence). Let us consider CSid and
CS′

id two contextual sequences. We say that CS′
id is a continuous subsequence of

CSid denoted CS′
id ⊑ CSid, iif CS′

id ⊆ CSid and ∀v(ti, ti+1) ∈ CSid and [ti, ti+1] ⊆
[tn′ , tm′ ], v(ti, ti+1) ∈ CS′

id.
Less formally, this means that there are no elements missing between tn′ and tm′ .

3.3.2 Semantic Trajectory Components

The semantic trajectory is a different way of representing the raw location and its
associated contextual data. It is made up of different components. Let us now
introduce the semantic components of a trajectory.

The first component is the spatial semantic sequence, whose objective is to match
a given human trajectory to a sequence of places associated over a time interval to
a spatial semantic ([t1, t2], place). This means that this trajectory passes through a
place labelled place at a start time t1 and left it at end time t2, where place ∈ S.
We consider that a change of location of a human being does not necessarily mean a
semantic transition. On the contrary, a specific trajectory location does not always
belong to a given place. Overall, for a given trajectory, this denotes a sequence of
geo-annotated places over some given time intervals in indoor and outdoor spaces.

Contextual semantic sequence is the second component. It aims to extract from
quantitative time series a qualitative high-level structure in order to transform crowd-
sourcing raw data into contextual state sequences. Let us consider an interval-based
temporal abstraction as introduced in [92] to support a qualitative data represen-
tation. More specifically, for each context c ∈ C, the Contextual sequence CS is
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mapped towards an interval-based sequence of ([t1, t2], sem_v) that denotes the con-
textual semantic. Figure 3.3 illustrates examples of extracting qualitative values from
quantitative time series data.

Low

LowLow

Average

High

High Average

Time Series Sequences of qualitative values

time time

CS1

CS2

CS3

Csi: Contextual sequence

Quantitative to 
qualitative values 

transformation

Low, Average and High: Examples of qualitative values

Figure 3.3: Temporal abstractions from time series data.

A semantic trajectory represents the continuous move of an individual while in-
tegrating contextual information semantics of the indoor and outdoor environments.
This reflects an integration of spatial and contextual semantics associated to a given
moving individual over some overlapping time intervals. The spatial annotation, ei-
ther in indoor space or outdoor spaces, is closely associated with the predefined spatial
model introduced in section 3.2 and associated with different semantic annotations
that embed trajectory cross-related phenomenon.

The semantic trajectory is segmented to define the valid trajectory chunks uni-
formly over time.

Definition 13 (Semantic Trajectory Segment). Let us define a semantic trajec-
tory semTrajid as a sequence of semantic trajectory segments. A semantic trajectory
segment seg = ([ts, te], Semk)k∈[1,l] denotes a homogeneous part of a trajectory valid
over the time interval [ts, te] where Semk represents a list of spatial (place) and
contextual semantics ci ∈ C ordered by time that hold during [ts, te].

Definition 14 (Semantic Trajectory). A semantic trajectory is defined as a
sequence of semantic trajectory segments denoted by

semTrajid = {seg1, seg2, ..., segn} (3.6)

Let us introduce the following semantic trajectory example.

Example 3 : The semantic trajectory is modelled as: semTrajperson = {...,
([t82, t83], [space : place1, NO2 : Medium]), ([t84, t89], [space : place1, NO2 : Low]),
([t90, t91], [space : place2, NO2 : Low]), ([t92, t95], [space : place2, NO2 : High]), ...}.
We limit the contextual dimension to NO2 semantic for clarification.

A semantic trajectory is more intuitively represented as a graph of annotated
time interval sequences since graphs are good at materialising complex relationships
(Fig. 3.4).
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Definition 15 (Semantic Trajectory Graph). A semantic trajectory graph is
defined as GST = (VST , EST ).

VST = V ∪
n⋃

i=1
V _TIi ∪

m⋃
i=1

V _Ci (3.7)

where V represent the spatial entities,
n⋃

i=1
V _TIi are the vertices that represent the

time intervals while
m⋃

i=1
V _Ci denote the vertices that represent the contextual se-

mantic values.

EST = E ∪
k⋃

i=1
NEXTi ∪

j⋃
i=1

HAS_V ALUEi (3.8)

where E represent the spatial hierarchical relations,
k⋃

i=1
NEXTi denotes the ordered

links between the time intervals
j⋃

i=1
HAS_V ALUEi denote links between time inter-

vals and specific semantic values as illustrated in Figure 3.4. These links are annotated
by the specific contextual value they are linked to.

The next edge underlines a moving object passing to a new state upon a semantic
value change over at least one dimension (spatial or contextual).

GST can be decomposed to two graphs (Fig. 3.4), one corresponds to the spatial
dimension (upper graph) of the semantic trajectory while the second correspond to
the other dimensions of the semantic trajectory (lower graph). The spatial dimen-
sion embeds the spatial hierarchy for both indoor and outdoor spaces to secure the
semantic mobility continuity in both spaces. It also provides further manipulation at
different granularities.
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Figure 3.4: Semantic trajectory represented as a graph.

3.4 Multiple Views of Semantic Trajectories
Users have a wide range of interests in multi-dimensional approaches for manipulating
semantic trajectories emerging in indoor and outdoor spaces. While some users es-
sentially want to visualise the data straightly, others aim at exploring further details,
higher-level information and aggregated knowledge. Different levels of abstraction
should be considered to provide a flexible enough representation of crowd-sourced se-
mantic trajectories that continuously arise in indoor and outdoor spaces. This should
facilitate the derivation of different points of view and interpretations, from micro
to macro granularity, and provide analysis at the straight, aggregated or micro-level,
depending on the user’s interest.

In this section, we develop a derivation view mechanism that extracts, from a
generic semantic trajectory, different flexible views derived from the spatial, temporal
and contextual semantics.

The view concept is defined as a function that takes into account a user’s interest
in extracting a trajectory view:

SemTrajV iew : semTrajid × UserInterests → viewTrajid

where viewTraj denotes some data extracted from semTraj according to some
UserInterests and UserInterests denotes a set of spatial and/or contextual seman-
tics preferences/criteria and is given as:
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UserInterests = {Spatial : Layer, Contextual : Semantic} (3.9)

where Spatial denotes set of layers (Layer) and Contextual the associated set of
semantics (Semantic). For example, UserInterests can denote some specific layers
(e.g., Town, Road), or/and a semantic value of a contextual dimension (e.g., NO2).

Let us consider again the Example 3 as presented in Section 3.3.2:
Example 3: The semantic trajectory is modelled as: semTrajperson = {..., ([t82, t83],
[space : place1, NO2 : Medium]), ([t84, t89], [space : place1, NO2 : Low]), ([t90, t91],
[space : place2, NO2 : Low]), ([t92, t95], [space : place2, NO2 : High]), ...}. We limit
the contextual dimension to NO2 semantic for clarification.

Example 4 (cont’d): Let us consider the following dual of SemTrajV iew function:

(2.1) SemTrajV iew(semTrajperson, {Spatial : Town; NO2 : Low }) where Town is
the granularity target for a Low level of NO2 context

(2.2) SemTrajV iew(semTrajperson, {Contextual : NO2}).

We derive two types of views that are a hybrid representation based on either
spatial or contextual criteria. The semantic trajectory is a generic representation,
while the hybrid semantic trajectory is based on places of interests (cf. Section 3.4.1)
and the contextual-based semantic trajectory on a context of interest (cf. Section
3.4.3).

3.4.1 Hybrid Trajectory Representation

Place-based locations are linked to their hierarchical layers, this favouring the spec-
ification of a given trajectory at different levels of abstraction and of the hierarchy.
For instance, when a user is interested in a finer spatial granularity for some contex-
tual criteria of interests and coarser spatial granularity for others (or vice versa), the
previous semantic trajectory is still a flat-like representation of the trajectory and do
not provide such flexibility. For that purpose, the semantic trajectory representation
is extended by a hybrid semantic trajectory concept whose purpose is to extract from
a flat-like representation a hybrid one.

The hybrid semantic trajectory can be expressed at either homogeneous or hetero-
geneous levels of granularity and according to the user needs. The idea is to provide a
flexible representation of the semantics associated with a human trajectory according
to different application needs and user interests.

Definition 16 (Hybrid Semantic Trajectory). A hybrid semantic trajectory is
denoted by:

hybTrajid = {([ts1, te1], place1, CS1), ([ts2, te2], place2, CS2), ..., ([tsn, ten], placen, CSn)}
(3.10)
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where placei belongs to a layer L ∈ S either in indoor or outdoor spaces and CSi is
a set of semantic values that hold during [tsi, tei] with tei < tsi+1. placei represents a
spatial place of interest that is an instance of a given layer of interest.

For example, placei can be a floor or a town instance that belongs to the ’floor’
or ’town’ layers of the indoor or outdoor space, respectively. Therefore, POIs can be
expressed at different levels of granularity and abstraction.

For example, at a coarse level of granularity, a human trajectory can be repre-
sented from a town ∈ LT own to another town and at a fine level from a room ∈ LRoom

to another room in indoor and from a road or building to another road or building
in outdoor. Such layers are chosen according to the users’ interests.

The main difference between hybTraj and semTraj is that place in semTraj
belongs to the finest layer of granularity in the spatial model, and this for either
indoor or outdoor spaces, although in hybTraj can belong to any layer of the spatial
model.

Furthermore, users’ interests are expressed by some criteria of interest, and where
the layer granularity can be adjusted accordingly. Contextual values or spatial cat-
egories can be defined accordingly by the hybrid representation. For example, a
contextual value and user interest can be {temperature : hot} and a spatial category
and user interest can be {category : restaurant}.

According to the user interests, the hybrid semantic trajectory considers one spa-
tial layer for its POIs when one of the user interests is available and a second spatial
layer when none of the user interests is valid. In other words, given a level of refer-
ence, which is the finer one, it searches for a specified spatial granularity when one
of the user interests is valid and another specified spatial granularity when there are
no valid user interests.

micro

macro

Figure 3.5: Hybrid semantic trajectory.

The hybrid trajectory defines a trajectory associated with a hybrid space repre-
sentation of different granularities according to the indoor and outdoor spaces, and
where micro and macro places can be considered and a discrete representation of
the spatial dimension (Fig. 3.5). For example, let us consider that the user interest
denotes a high level of NO2 exposition for a place spatial layer of interest and a town
spatial layer of interest if user interests are not valid. In this case, the trajectory can
be represented from a place (either in indoor or outdoor spaces) when the criteria are
found and to a town when the criteria are not found and vice versa. In this example,
all POIs belong to {place, town} layers.
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Example 5 (cont’d): Let us consider the function SemTrajV iew of the Example
4.(2.1). viewTraj is the equivalent of hybTraj in this type of view.

Let us consider that place1, place2 ⊆ town1. In this example, SemTrajV iew
function searches for the spatial granularity from LP lace to LT own layer for each
semTrajperson segment having a Low level of NO2. Otherwise, spatial granularity
takes place at LP lace layer. So for the second and the third segments of semTrajperson,
the function searches for LT own granularity when extracting the hybrid trajectory for
hybTrajperson.

A temporal aggregation occurs for the two segments of [t84, t89] and [t90, t91] since
these two elements have the same annotations. Hence,
hybTrajperson = {..., ([t82, t83], [space : place1, NO2 : Medium]), ([t84, t91], [space :
town1, NO2 : Low]), ([t92, t95], [space : place2, NO2 : High]), ...}
for place1, place2 ∈ LP lace and town1 ∈ LT own.

This example shows a hybrid trajectory from a micro granularity (LP lace) to a
macro granularity (LT own) and vice versa. Note that LP lace includes indoor and
outdoor places. viewTrajperson is illustrated in Figure 3.6.

[t82, t83] [t84, t89] [t90, t91] [t92, t95]

place1 place2

Medium Low High

[t82, t83] [t84, t91] [t92, t95]

place1 place2

Medium Low High

town1

[t82, t83] [t84, t89] [t90, t91] [t92, t95]

place1 place2

Medium Low HighLow

Figure 3.6: Hybrid semantic trajectory (Example 5).

3.4.2 Hybrid Trajectory Operations

In order to extract a hybrid representation of some semantic trajectories, let us in-
troduce a series of operations that are embedded in Algorithm 1. Algorithm 1 shows
the extraction process from a semantic trajectory to a hybrid trajectory. Algorithm
1 embeds operations presented in the following.

3.4.2.1 Operation 1

The first operation extracts a hybrid trajectory from a semantic trajectory according
to layers of interest. It is defined as:

f1 : semTrajid × layer1 × layer2 → hybTrajid
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Algorithm 1 Extract hybrid trajectory with spatio-temporal aggregation
1: input: semantic trajectory semTrajid; UserInterests : {Spatial :

Layer, Contextual : Semantic} where Layer = {layer1 ∈ S, layer2 ∈ S } is
a set of spatial layers of interest and Semantic is a set of values of interest.

2: output: hybrid semantic trajectory hybTrajid

3: hybTrajid ⇐ ∅
4: for each ([ti, tj ], Semk) ∈ semTrajid do
5: placek ⇐ ∅
6: CSk ⇐ ∅
7: placek−1 ⇐ ∅
8: CSk−1 ⇐ ∅
9: if Semantic not null then

10: if Semk.findContextualInterests(Semantic) then ▷ //searches if one
of the contextual interests is valid

11: placek ⇐ Semk.findSpatialLayer(layer1)
12: else
13: CSk ⇐ Semk.findSpatialLayer(layer2) ▷ //returns a place at a

specific granularity
14: end if
15: else
16: placek ⇐ Semk.findF inerLayer(layer1, layer2) ▷ //one indoor layer

and one outdoor layer
17: end if
18: CSk ⇐ Semk.getContextualDimensions()
19: placek−1 ⇐ hybTrajid.getP lace(k − 1) ▷ //get the last place in hybTrajid

20: CSk−1 ⇐ hybTrajid.getContextualDimensions(k − 1) ▷ //get the last CS
in hybTrajid

21: if placek−1 ̸= ∅ AND placek−1 == placek AND CSk−1 == CSk then
22: hybTrajid.updateEndT imeInterval(k − 1, tj) ▷ //change end time

interval of segment k-1 with tj

23: else
24: hybTrajid.addSegment([ti, tj ], placek, CSk) ▷ //add a new segment
25: end if
26: end for
27: return hybTrajid
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that takes as parameters a list of spatial layers of interests layer1 ∈ I and layer2 ∈ O,
or, layer1 ∈ O and layer2 ∈ I. f1 extract from the semantic trajectory the output
hybrid semantic trajectory. The list of layers of interest represents the user’s interest
and refers to the indoor and outdoor spatial models. ∀([ti, tj ], Semk) ∈ semTrajid,
f1 searches in the hierarchy of the spatial semantic the finest layer between layer1
and layer2 denoted by placek and associate it with the contextual dimensions se-
mantics denoted by CSk to get the k element/segment of the hybrid trajectory
([ti, tj ], placek, CSk) ∈ hybTrajid.

Example 6 (cont’d): Let us consider the function f1(semTrajperson, {layer1 :
Floor; layer2 : Town}) with place1 ⊆ floor1 with floor1 ∈ LF loor and place2 ⊆
town1 with town1 ∈ LT own. Hence, viewTrajperson = {..., ([t82, t83], [space : floor1,
NO2 : Medium]), ([t84, t89], [space : floor1, NO2 : Low]), ([t90, t91], [space : town1,
NO2 : Low]), ([t92, t95], [space : town1, NO2 : High]), ...}.
This example shows a hybrid trajectory from a micro (LF loor) to a macro granularity
(LT own) and vice versa as illustrated in Figure 3.7.

[t84, t89] [t90, t91] [t92, t95]

floor1

Low Low High

town1

[t82, t83]

floor1

Medium

town1

[t84, t89] [t90, t91] [t92, t95]

place1

Low Low High

town1

[t82, t83]

place1

Medium

town1

Figure 3.7: Hybrid semantic trajectory (Example 6).

One may be interested in extracting a hybrid trajectory representation according
to the semantic trajectory dimensions values. The following operation targets the
spatial dimension category.

3.4.2.2 Operation 2

The second operation extracts a hybrid trajectory from a semantic trajectory accord-
ing to spatial layers and semantic values of interest. It is defined as:

f2 : semTrajid × layer1 × layer2 × SC → hybTrajid

where SC is set of geo-tagged semantic values related to place and layer1, layer2 ∈ S

represent two layers of interest. ∀([ti, tj ], Semk) ∈ semTrajid, if ∃sc ∈ SC where
sc ∈ placek for placek ∈ Semk, f2 searches for layer1 hierarchy of spatial semantic
of semTrajid. Otherwise, f2 searches for layer2 hierarchy of semTrajid spatial se-
mantic. The found hierarchy layer placek is associated with the contextual semantics
denoted by CSk to get the k element of the hybrid trajectory ([ti, tj ], placek, CSk) ∈
hybTrajid. For example, this operation provides a representation oriented towards a
specific category of places (e.g., restaurants, highways).
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Example 7 (cont’d): Let us consider the function f2(semTrajperson, {place_category :
restaurant; layer1 : Place; layer2 : Town}) where layer1 is the granularity target
when a place_category : restaurant is valid. Let us consider that place1 is a restau-
rant. Hence, viewTrajperson = {..., ([t82, t83], [space : place1, NO2 : Medium]),
([t84, t89], [space : place1, NO2 : Low]), ([t90, t91], [space : town1, NO2 : Low]),
([t92, t95], [space : town1, NO2 : High]), ...}. This example shows a hybrid trajec-
tory from a micro (LP lace) to a macro granularity (LT own) and vice versa as illustrated
in Figure 3.8.
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Figure 3.8: Hybrid semantic trajectory (Example 7).

3.4.2.3 Operation 3

The third operation focuses on the contextual dimension properties. It extracts a
hybrid trajectory from a semantic trajectory according to spatial layers and contextual
values of interest. Operation 3 is defined as:

f3 : semTrajid × layer1 × layer2 × CV → hybTrajid

where CV is a set of contextual semantic values that belongs to C. ∀([ti, tj ], Semk) ∈
semTrajid, if ∃cv ∈ CV , where cv ∈ Semk, f3 searches for layer1 hierarchy of placek.
Otherwise, f3 searches for layer2 hierarchy of placek. The resulting hierarchy layer
placek is associated with the contextual dimensions semantics denoted by CSk to
get the k element of the hybrid trajectory ([ti, tj ], placek, CSk) ∈ hybTrajid. For
example, this operation provides a representation oriented towards specific contextual
dimensions values (e.g., high pollution value, in a bus) to extract the hybrid spatial
granule.

Example 8 (cont’d): Let us consider a third example of operation with
f3(semTrajperson, {NO2 : Low; layer1 : Place; layer2 : Town}). The output is the
hybTrajperson presented in Example 5.

layer1 and layer2 represent two spatial layers. There are also optional parame-
ters for all operations regarding the time interval and the contextual dimensions to
consider in order to constrain the extraction scope if needed.
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3.4.3 Contextual-based Trajectory Representation

The semantic trajectory representation supports multiple dimensions, including the
spatial and contextual ones. However, and in many cases, a user might require a
specific view from such a generic representation, and this by taking into account some
contextual criterion. For that purpose, we extend the generic model by the contextual-
based semantic trajectory concept that aims to extract from the generic/flat semantic
trajectory representation a new one based on one context of interest.

Definition 17 (Contextual-based Semantic Trajectory). A contextual-based
semantic trajectory is denoted by:

contTrajid = {([ts1, te1], coi1, O1), ([ts2, te2], coi2, O2), ..., ([tsn, ten], coin, On)}
(3.11)

coii represents the semantic value of the context of interest and it is denoted by
{c : value}. Oi is a set of the other semantic values that holds during [tsi, tei] where
tei < tsi+1. In this case, Oi represents a set of semantic values, including the spatial
semantic value except for the context of interest value.

For this representation, the user interest is considered as a unique contextual
dimension/semantic of c ∈ C.

Example 9 (cont’d): Let us consider SemTrajV iew function of the Example
4.(2.2). viewTraj is the equivalent of contTraj in this type of view.
Hence, contTrajperson = {..., ([t82, t83], [space : place1, NO2 : Medium]), [space :
place1, NO2 : Low]), ([t84, t89], [space : place2, NO2 : Low]), ([t90, t91], [space :
place2, NO2 : High]), ...}. contTrajperson is illustrated in Figure 3.9.
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place1 place2
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place1 place2
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Figure 3.9: Contextual-based semantic trajectory (Example 9).
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3.4.4 Contextual-based Trajectory Operation

In order to extract the contextual-based representation of semantic trajectories, we in-
troduced the following operator that is embedded in Algorithm 2. Algorithm 2 shows
the extraction process from a semantic trajectory to a contextual-based trajectory. It
embeds the following operation.

3.4.4.1 Operation 4

The fourth operation is defined as:

f4 : semTrajid × c → contTrajid

that takes as parameter a contextual dimension name c ∈ C and extract from the se-
mantic trajectory the output contextual-based semantic trajectory. ∀ ([ti, tj ], Semk)
∈ semTrajid, f4 searches for coik and Ok. This operation provides a representation
that focuses on a specific contextual dimension to return an output of annotated
time interval sequences of the specified context state associated with the remaining
dimensions, including the spatial one.

Example 10 (cont’d): We can consider the Example 9 an example of operation
3.4.4.1 with f4(semTrajperson, {contextname : NO2}).

Algorithm 2 Extract contextual-based trajectory
1: input: semantic trajectory semTrajid, a context of interest name c ∈ C
2: output: contextual-based semantic trajectory contTrajid

3: contTrajid ⇐ ∅
4: for each ([ti, tj ], Semk) ∈ semTrajid do
5: coik ⇐ ∅
6: Ok ⇐ ∅
7: coik ⇐ Semk.getContextualSemantic(c) ▷ //get the semantic value of the

context of interests c
8: Ok ⇐ Semk.getOtherSemantics(c) ▷ //get all semantics, including spatial

semantics, except for c. Spatial semantics include places with hierarchies
9: contTrajid.addSegment([ti, tj ], coik, Ok) ▷ //add a new segment

10: end for
11: return contTrajid
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3.5 Semantic Trajectory Data Implementation and Pro-
cessing Experimentation

The aim of this section is to provide the implementation methodology to experiment
the formally defined models at the conceptual level. This section validates the seman-
tic trajectory model at the data manipulation level and then validates the multiple
views extraction from the semantic trajectories.

3.5.1 Data Set Description

This modelling approach has been experimented with real environmental crowd-
sensing data collected in Paris region France in Polluscope project [83] where sev-
eral data collection campaigns (over three campaigns) have been carried out. 86
individuals participated in the campaigns where each one were equipped with three
sensors that record ambient air data (i.e., Temperature, Humidity, Particulate Mat-
ter: PM2.5, PM10, PM1.0, NO2 and Black Carbon) and a tablet with GPS chipsets
for geo-location and a self-reporting application to manually annotate the data with
activities and pollution-related behaviours [56]. The activities last for a period of
time and include transportation mode (e.g., car, bus, metro) as well as indoor (e.g.,
home, office, restaurant) and outdoor (e.g., park, street) activities. On the other side,
behaviours are temporary acts for a short period of time and include actions related
to air pollution (e.g., open a window, start cooking, smoking, turn on a chimney).
The users are anonymised.

3.5.2 Pre-processing Methodology

The trajectories collected from Polluscope project [83] were outdoor mainly, since
they do not contain precise location using the GPS-connected tablet. In order to
provide additional indoor trajectories, a synthetic indoor spatial environment was
simulated using the VITA simulator as already experimented in a related work [58].
The simulated synthetic indoor trajectories have been generated according to different
random-walks and destination targets, from virtual RFID sensors and annotated, and
continuously associated to each outdoor trajectory whenever possible and coherent,
in order to obtain a continuous indoor/outdoor raw trajectory. A list of real outdoor
trajectories of participants working on the same site was selected and merged with
synthetic indoor data according to the annotation "office" the participants indicated
it using their toolkit.

Data quality issues have not been considered so far, but this does not impact the
principles behind our data integration and modelling approach.

Figure 3.10 illustrates an overview of the proposed framework. It is a data pipeline
that includes data collection, integration, extraction, and transformation before it is
stored in a database. Resolving the quality issues in the data is out of scope in this
work. The inputs of the framework are synchronised data flows for each participant.
The initial trajectories pre-processing step is to integrate outdoor GPS logs with
indoor logs to construct the indoor and outdoor raw trajectories. A geo-tagging
process is pursued where geo-tagged information are extracted from OpenStreetMap
(OSM) [74] using the reverse geocoding. We extend the OSM outdoor data with
indoor data and build spatial hierarchies in between. Time interval spatial sequences
are extracted to form the spatial semantic sequences.
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Figure 3.10: Pre-processing methodology.
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The contextual data pre-processing steps convert time-series measures data to
qualitative information, then extract time interval data sequences from these data
and the activities and behaviours data to get a contextual semantic sequence for
each component of these contextual data. All of these sequences are grouped in
one sequence and segmented upon at least one dimension value change to get the
multi-dimensional semantic trajectory sequences finally for each user.

The semantic trajectories are extracted and stored in the Neo4j [64] graph database.
While the data can be stored using different database models such as relational ones,
Neo4j has been logically selected since it is based on a graph-based data model and
advanced data manipulation capabilities. It has been also recognised that the rep-
resentation and processing of trajectory data can be naturally expressed and further
manipulated as graphs and using a graph query language [42]. Moreover, the same
study showed that most of data manipulations are computationally more efficient
with graph databases as compared to relational ones. The main principle behind
the representation of trajectories with Neo4j can be illustrated by the meta-model
presented in Figure 3.11. Figure 3.11 illustrates the materialised relationships in the
Neo4j graph database. Temporal functions are derived from the APOC library [65]
to manipulate time interval nodes.

Figure 3.11: Multi-dimension semantic trajectory graph meta-model
implemented in Neo4j.

3.5.3 Semantic Trajectories Data Manipulations

Trajectory data manipulations should be designed appropriately with specific data
manipulation mechanisms at the query level, but also with well-designed processing
capabilities. This should be designed according to the spatial, temporal and semantics
criteria that are very likely to be part of different query schemes. This will generate
some derived trajectories filtered according to the previously mentioned conditions.
Such trajectory processing evaluations occur on different processing types that en-
compass different moving individual behaviours according to the where, when, what
and which dimensions. The where represents the spatial component, while the when
denotes the temporal one, the what the contextual one, and the which the individuals.
The suggested model have been built to express a wide range of processing operations
that manipulate all these orthogonal dimensions. The evaluation of our modelling ap-
proach is applied to two main processing categories, namely, graph queries and graph
analytics. Let us hereafter introduce these categories:

• Graph queries retrieve or extract explicit data and patterns from features
that have been modelled as a graph, that is, either from graph components or
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properties using procedural query languages. Graph queries have the expres-
sive power to return a subset of instances or a sub-graph according to some
given spatial, temporal and semantic criteria derived from common graph data
processing systems.

• Graph analytics analyse emerging graph properties using graph structural
properties and statistics. This generally reflects some trends and patterns that
can be computationally extracted using graph-based and statistical metrics and
operators. For example, one might derive some statistics on the accumulated
times some trajectories have passed within some given nodes of the graph for a
given period of time and under some given constraints (e.g., high NO2 level).

Different query categories can be applied for trajectory data analysis, for instance,
searching for patterns, places, contextual information over a given period of time on
some given or selected trajectories. In fact, our modelling approach should take into
account the multi-dimensional properties of a trajectory representation in order to
perform this diversity of queries. The combination of these different data dimensions
is applied using the graph query language Cypher [27] that acts both as a support for
the specification of data manipulations at the query levels, as well as the embedding
of graph analytics. Graph queries and analytics can be applied to trajectories and
by satisfying multiple criteria, including time, space and context, and where specific
hierarchical embedding is also taken into account.

Moreover, our modelling approach makes a difference between indoor and outdoor
spaces using specific labels and where each “Place” node is labelled by a second
label either “IndoorPlace” for indoor or “OutdoorPlace” for outdoor spaces. This not
only permit to constraint processing operations to indoor or outdoor places, but also
the two spaces together as a hybrid environment when appropriate. A high level of
semantic expressiveness should be also guaranteed by taking into account the different
levels of the spatial hierarchy for both indoor and outdoor spaces.

Let us introduce a collection of queries and analytical examples that illustrate the
potential of our modelling approach. The following examples manipulate the spatial,
temporal and semantic dimensions. They are logically expressed using the Cypher
query language.

3.5.3.1 Graph Queries Examples

We introduce a few examples in which the returned objects must satisfy a series
of spatial, temporal and semantic criteria. These queries are organised according
to three aspects taking advantage of our model: place-based, trajectory-based and
hierarchy-based.

3.5.3.1.1 Place-based This is a typical query category that for instance returns
the objects close to a series of places some trajectories passed through under some
predefined constraints and over a given time interval. An example of a place-based
query is to “find places of interest within a distance of 100m from trajectories exposed
to a high NO2 level at a specific time”. This Cypher query is specified below (Exam-
ple 3.1).
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Example 3.1

MATCH (poi:Place)
MATCH (: No2Semantic {level: 'High '})

<-[: HAS_NO2_SEMANTIC ]-(ti: TimeInterval ) -[: HAS_PLACE ]
->(p: Place)

WHERE ti.start = '2019 -06 -28 12:39:19+02:00 '
WITH point ({ latitude : poi.latitude , longitude :poi. longitude })

AS pm , point ({ latitude : p.latitude , longitude :p. longitude })
AS pfixed , poi , ti

WHERE distance (pfixed , pm) < 100
RETURN poi

The first MATCH defines all indoor and outdoor places. The second MATCH returns
for each semantic trajectory, the time-constrained semantic trajectory segments with
a high level of NO2. Each segment is associated with a place and a semantic denoting
a high level of NO2 exposition at a specific time. Distances from objects of interest to
these time-constrained places are then derived. The results are finally filtered using
an Euclidean distance threshold of 100m. Figure 3.12 visualises the results on the
map.

Trajectory’s place exposed to a high level of NO2

Places of interest points 

Trajectory

Figure 3.12: Visualisation example of a place-based query. The red
point represents the place where a trajectory were at a specific time
exposed to a high level of NO2. The green points represent the places

of interest at less than 100m distance from the red point.
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3.5.3.1.2 Trajectory-based Queries can also returns some trajectories selected
according to some given place-based criteria. For instance, a query might return a list
of pre-selected trajectories according to some spatial, temporal and semantic criteria
close enough to a given place of interest. An example of such a trajectory-based
query is to “find all trajectories that were near a place of interest that exhibited a high
level of NO2 exposure over a distance constraint”. This Cypher query is shown below
(Example 3.2) .

Example 3.2

MATCH (poi:Place {name:'Versailles -Chantiers '})
MATCH (: No2Semantic {level: 'High '})

<-[: HAS_NO2_SEMANTIC ]-(ti: TimeInterval ) -[: HAS_PLACE ]
->(p: Place)

WITH point ({ latitude : poi.latitude , longitude :poi. longitude })
AS pm , point ({ latitude : p.latitude , longitude :p. longitude })
AS pfixed , poi , ti , p

WHERE distance (pfixed , pm) < 500
RETURN p, ti

The first MATCH clause defines a place of interest with a specific name. The second
MATCH clause returns the trajectory segments associated with a high level of NO2
exposure and related places and over a distance constraint. Finally, this query returns
the trajectory segments at a maximum distance of 500 meters as (place node, time
interval node). Figure 3.13 illustrates the final results. Figure 3.13 (a) shows all
trajectories exposed to a high NO2 level at a maximum distance of 500m from the
place of interest. Figure 3.13 (b) illustrates two trajectories exposed to a high level
of NO2 denoted by red points.

(a) (b)

‘Versailles-Chantiers’

Trajectories places exposed to a high level of NO2 

Figure 3.13: Trajectory based query example visualisation. (a) tra-
jectories at less than 500m distance from the place of interest. (b) two
example trajectories at less than 500m distance from the train station
Versailles-Chantiers associated to trajectories exposed to a high level

of NO2.
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Under some specific adaptations it is worth noting that similar queries might be
applied to indoor spaces.

3.5.3.1.3 Hierarchy-based This query addresses the hierarchical aspect of the
proposed model while considering the multi-dimensional constraints. It takes into
account the indoor and outdoor trajectory continuity considered in the proposed
model. A hierarchy-based query should constrain a given query by a spatial hierarchy.
Given a trajectory and area of interest denoted by a spatial layer, such a query might
for instance returns the objects of a given spatial layer and under some semantic,
spatial and temporal criteria. An example of a hierarchy-based query (Example 3.3)
is to “find all indoor places of a specific layer, passed through some trajectories during
a time interval, that have been exposed to a high level of Black Carbon when they were
in an outdoor place of the same specific layer during the same given temporal interval”.

Example 3.3

MATCH (t:Town { postcode : '78150 '}) <-[: HAS_TOWN ]-(: Road)
<-[: HAS_ROAD ]-(op: OutdoorPlace )
<-[: HAS_PLACE ]-( ti1: TimeInterval ) -[: HAS_BC_SEMANTIC ]
->(bc: BCSemantic {level: 'High '})

WHERE ti1.start > '2019 -12 -04 00:00:00+01:00 '
AND ti1.end < '2019 -12 -05 00:00:00+01:00 '
CALL apoc.path. subgraphNodes (ti1 , { relationshipFilter : "NEXT "})
YIELD node AS ti2
MATCH (t) <-[: HAS_TOWN ]-(: Road) <-[: HAS_ROAD ]-(: Building )

<-[: HAS_BUILDING ]-(: Floor) <-[: HAS_FLOOR ]-(ip: IndoorPlace )
<-[: HAS_PLACE ]-( ti2)

WHERE ti2.start > '2019 -12 -04 00:00:00+01:00 '
AND ti2.end < '2019 -12 -05 00:00:00+01:00 '
AND ti2. participantID = ti1. participantID
RETURN ip

The first MATCH clause sets the indoor semantic trajectory segments associated to
a high black carbon level for an identified region and over a given time interval. The
apoc.path.subgraphNodes function returns all successive segments of each trajectory.
The second MATCH clause returns the resulting sequence of semantic trajectory
segments associated with an indoor place of a given spatial layer. The query finally
returns the indoor places node that match.

3.5.3.2 Graph Analytics Examples

Graph analytics uses graph structural properties to reveal some statistics and trends.
One can analyse trajectories satisfying multiple criteria including time, space and
context, and where the spatial semantic can also reflect a specific hierarchy. An
example of that is to “compute the number of trajectories that crossed a specific road
within a particular county over a time period while exposed to a high level of NO2”.
This query is illustrated below (Example 3.4).
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Example 3.4

MATCH (: No2Semantic {level:'High '})
<-[: HAS_NO2_SEMANTIC ]-(ti: TimeInterval ) -[: HAS_PLACE ]
->(p: Place) -[: HAS_ROAD ]
->(r:Road {name: 'Rue de Versailles '}) -[: HAS_TOWN ]
->(: Town) -[: HAS_COUNTY ]->(: County {name:'Hauts -de -Seine '})

WHERE ti.start > '2019 -11 -01 00:00:00 '
AND ti.end < '2019 -11 -31 00:00:00 '
RETURN count( DISTINCT ti. participantID )

The MATCH clause defines the criteria applied to the trajectories segments. The
results are filtered according to the considered time interval to finally aggregate
the distinct participants ids. This example shows how complex queries can be
manipulated in a flexible way.

Another example of query analytics is to “calculate the number of times each
participant was exposed to a high level of NO2 and compute their aggregated duration”.
The query is given below (Example 3.5).

Example 3.5

MATCH (: No2Semantic {level: 'High '})
<-[: HAS_NO2_SEMANTIC ]-(ti: TimeInterval )

WITH apoc.date.parse(ti.end , 'ms ', 'yyyy -MM -dd HH:mm:ss ') -
apoc.date.parse(ti.start , 'ms ', 'yyyy -MM -dd HH:mm:ss ') AS
dur , ti

RETURN ti. participantID , COUNT(ti), SUM(dur)

The query sets the trajectory segments associated with a high level of NO2 and
calculates the duration (dur) for each segment. Then it counts for each participant
the segments number and sums their durations.

One can analyse the graph properties according to some temporal constraints. For
example, one can “find the times of the day when trajectories are the most exposed to
a high level of NO2”. The query is given below (Example 3.6).

Example 3.6

MATCH (: No2Semantic {level: 'High '})
<-[: HAS_NO2_SEMANTIC ]-(ti: TimeInterval )

WITH COUNT(ti) AS nbOfTimes ,
apoc.date. fields (ti.start , 'yyyy -MM -dd HH:mm:ssz ').hours AS

hour
RETURN hour , nbOfTimes
ORDER BY nbOfTimes DESC
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The first MATCH clause defines the trajectory segments associated with a high level
of NO2 pollutant. The query then counts the number of these segments and groups
them according to the ’hour’ of the start time extracted from the trajectory segments.
To extract the ’hour’, the APOC library is used. Finally, the query returns, for each
hour of the day, the number of times trajectory segments were associated with a high
level of NO2. In fact, the analytical queries illustrated by examples 3.5 and 3.6 are
practically specified to apply to both spaces.

Some of the aggregations performed, especially in the case of Example 3.6, can
be considered as OLAP roll-up queries. Moreover, these query capabilities can be
further extended by additional OLAP queries to re-fragment, slice or restructure
trajectory data.

Overall, the series of graph queries and analytics illustrate the expressive power
of the graph-based representation. One of the peculiarities of the approach is that
it supports multiple dimensions and granularities, and advanced manipulation ca-
pabilities across the graph structural and embedded properties (i.e., node to edge
relationships). The computational evaluation shows that the proposed model can
express different data manipulation categories generally of interest to mobility appli-
cations, and this using the Cypher query language that embeds an expressive query
language. Moreover, the whole approach shows the potential of the homogeneous rep-
resentation of indoor and outdoor spaces since the user can homogeneously applies
data manipulation on both spaces.

3.5.3.3 Performance Evaluation

The experimental evaluation has been performed on a Neo4j 4.2.3 Enterprise docker
container running on Windows 10. The container resources are 50 CPUs, 86GB of
memory and 200GB disk image size. The whole server resources are a processor Intel
Xeon Platinum 8180 with 2.50GHz and 56 cores, 128GB of memory and 1TB Avago
MR9460-16i SCSI disk.

In order to evaluate the execution time of the different graph query and analytics
examples, three different databases have been prepared. The first one contains 10
semantic trajectories (141,898 nodes and 1,336,423 relationships), the second one with
50 semantic trajectories (380,898 nodes and 3,525,846 relationships) and the third
one with 86 semantic trajectories (783,166 nodes and 7,433,059 relationships). The
database designed with 50 semantic trajectories includes the 10 trajectories of the first
database. Similarly, the database of 86 semantic trajectories includes the trajectories
of the second database. The six query and analytics examples are executed five times
on each database. We noticeable remark the effect of the Neo4j cache regarding
differences between the execution time of the first and the following iterations since
Neo4j applies various caching mechanisms. In fact, when a given query is executed
for the first time it caches nodes and relationships used for subsequent executions.
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Figure 3.14: Execution time for each example iterated five times on
three different databases sizes.

Overall, execution times vary from a few milliseconds to a few tenth of milliseconds
for all the examples except example 3.3 that reaches a few thousands of milliseconds
(Figure 3.14). The experiments show that computational times increase linearly with
the size of the database. We report the mean of four execution time after the first one.
For instance, example 3.1 execution with 10 trajectories takes 4ms, with 50 trajecto-
ries takes 5.75ms while it takes 10ms for 86 trajectories. Example 3.2 execution with
10 trajectories takes 32ms, with 50 trajectories takes 77.5ms, while it takes 132ms for
86 trajectories. Example 3.3 execution with 10 trajectories takes 2082.75ms, with 50
trajectories takes 2730.25ms while it takes 3151.75ms for 86 trajectories. Example 3.4
execution with 10 trajectories takes 4.25ms, with 50 trajectories takes 7.25ms, while
it takes 9.25ms for 86 trajectories. Example 3.5 execution with 10 trajectories takes
11.75ms, with 50 trajectories takes 21.75ms, while it takes 42.25ms for 86 trajectories.
Example 3.6 execution with 10 trajectories takes 9.25ms, with 50 trajectories takes
15.5ms, while it takes 35ms for 86 trajectories.

As a summary, execution times remain acceptable despite the fact that spatial,
contextual and temporal constraints are applied. Execution times of example 3.1, ex-
ample 3.4, example 3.5 and example 3.6 are the faster ones. These very fast execution
times are due to the fact that these examples manipulate a very limited number of se-
mantic trajectory segments and under limited constraints. The example 3.2 is slightly
slower but still fast. This is because this query does not limit semantic trajectory
segments by a temporal constraint, hence more nodes to select and more distances
to calculate. However, the example 3.3 is the slower one. This is due to the fact
that it involves a transitive closure between semantic trajectory segments over some
time interval nodes linked by NEXT relationships. We limited the hierarchical-based
query by a temporal interval and space layer in order to limit the number of transitive
closure calculations; if not, the execution time will significantly increase.

The experiments show that most of our queries performed in linear execution
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times, this being relatively comparable to current indoor or outdoor related works
([51, 115]) although these approaches are based on different modelling principles,
making the comparison not completely relevant.

3.5.4 Multiple Views Extraction Implementation and Experimenta-
tion

The multiple views approach has been experimented with real environmental crowd-
sensing data described in Section 3.5.1.

Pre-processing steps are discussed in Section 3.5.2 and illustrated in Figure 3.10.

3.5.4.1 Neo4j Multiple Views Extension and Experimentation

Neo4j is an open-source Java-based graph database that allows extending its function-
ality with user-defined procedures. These procedures can be easily added as plugin
packed in a .jar file so that they can be invoked directly from the Cypher query lan-
guage. The two aforementioned algorithms, Algorithm 1 and Algorithm 2 have been
implemented as user-defined procedures to extend Neo4j as illustrated in Figure 3.10.

We show experiments on the following three examples of operations:

(a) f2 : semTraj100 × Road × Town × category : tourism → hybTraj100

(b) f3 : semTraj100 × Place × County × NO2 : High → hybTraj100

(c) f4 : semTraj100 × Activity → contTraj100

The operation (a) extract hybrid trajectories with ‘Road’ granularity when there is a
tourism place and a ‘Town’ granularity otherwise. The operation (b) extracts hybrid
trajectories with ‘Place’ granularity when there is a High level of NO2 exposition, a
‘County’ granularity otherwise. The operation (c) extracts from the semantic trajec-
tories the contextual-based trajectories on ‘Activity’ dimension.

In order to show the difference between raw trajectories and the different semantic
representations of the trajectories, we discuss in the following the output views of a
portion of one trajectory in each representation and after each operation in the Neo4j
graph. The experiments are applied on a participant trajectory of 40 minutes going
from work office to home. The outputs can be explored interactively at the Neo4j
interface level.

Firstly, let us show the raw trajectory portion on the map in Figure 3.15a. The
semantic trajectory graph of this portion is illustrated in Figure 3.15b. We limited
its semantic dimensions to the spatial dimensions hierarchies. Figure 3.15b shows
the semantic trajectory obtained from the raw trajectory illustrated in Figure 3.15a.
Orange nodes in this figure represent time intervals, and they are linked to differ-
ent spatial dimension hierarchy (grey, brown nodes). Interactive exploration of this
semantic trajectory allows the user to inspect the sequences places or specific time
interval.
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(a) Raw trajectory.

(b) Semantic trajectory graph in Neo4j.

Figure 3.15: Two illustrations of a raw trajectory and its semantic
trajectory representation in Neo4j (semantic dimensions limited to the

spatial dimension hierarchy).
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Let us apply operation (a) (query in Listing 3.7) to the same part of the trajectory
to get the hybrid semantic trajectory illustrated in Figure 3.16.

Listing 3.7: Query using operation (a) example

CALL multiViews . hybridTrajectoryGraph (100 ,
{ category :'tourism '}, 'Road ', 'County ')

MATCH (poi:POI { participantID : '100 '})
MATCH (poi) -[: HAS_NO2_SEMANTIC ]->(no2: No2Semantic )
MATCH (poi) -[: HAS_PM10_SEMANTIC ]->( pm10: Pm10Semantic )
MATCH (poi) -[: HAS_PM1_0_SEMANTIC ]->(pm1: Pm1_0Semantic )
MATCH (poi) -[: HAS_PM2_5_SEMANTIC ]->(pm2: Pm2_5Semantic )
MATCH (poi) -[: HAS_BC_SEMANTIC ]->(bc: BCSemantic )
MATCH

(poi) -[: HAS_TEMPERATURE_SEMANTIC ]->( temp: TemperatureSemantic )
MATCH (poi) -[: HAS_HUMIDITY_SEMANTIC ]->(hum: HumiditySemantic )
MATCH (poi) -[: HAS_ACTIVITY_SEMANTIC ]->(act: ActivitySemantic )
MATCH (poi) -[: HAS_BEHAVIOUR_SEMANTIC ]->(eve: BehaviourSemantic )
WHERE poi.start >= '2019 -11 -30 15:36:00+01:00 '
AND poi.end < '2019 -11 -30 16:16:00+01:00 '
RETURN *

The first clause of Listing 3.7 calls the procedure that extracts the hybrid se-
mantic trajectory for the participant with id ‘100’. The user interests are a ‘Road’
granularity for places with a ‘tourism’ category and a ‘Town’ granularity for others.
The query then matches the extracted hybrid trajectory segments associated with
multiple contextual semantics and returns a portion between a time interval. It re-
turns the hybrid trajectory of the indicated time interval finally (illustrated in Figure
3.16).

One can notice the semantic movement, represented by orange nodes, from ‘Town’
granularity to a finer place at the ‘Road’ granularity (Villa Champ Lagard) since the
participant was in a place categorised by tourism in that road. Other nodes colours
represent the different contextual semantics associated with the trajectory.
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Figure 3.16: Hybrid semantic trajectory path graph (operation (a)).
Orange nodes represent places where time intervals are embedded.

Coloured nodes represent other contextual dimensions.

When applying the operation (b) (query in Listing 3.8) on the same portion, one
get the hybrid semantic trajectory graph illustrated in Figure 3.17.

Listing 3.8: Query using operation (b) example

CALL multiViews . hybridTrajectoryGraph (100 ,
'No2Semantic ',{ level:'High '}, 'Place ', 'County ')

MATCH (poi:POI { participantID : '100 '})
MATCH (poi) -[: HAS_NO2_SEMANTIC ]->(no2: No2Semantic )
WHERE poi.start >= '2019 -11 -30 15:36:00+01:00 '
AND poi.end < '2019 -11 -30 16:16:00+01:00 '
RETURN *

The first clause of Listing 3.8 extracts the hybrid semantic trajectory for the
participant with id ‘100’. The user interests are a ‘Place’ granularity for places as-
sociated with a ‘No2Semantic’ with ‘High’ value and ‘County’ granularity for other
‘No2Semantic’ values. The query then matches the extracted POIs with their asso-
ciated NO2 semantics and finally returns the extracted hybrid trajectory during a
given time interval (illustrated in Figure 3.17).
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Figure 3.17: Hybrid semantic trajectory path graph (operation (b)).
Orange nodes represent places where time intervals are embedded.
Blue nodes represent other contextual dimensions. We limit the con-

textual dimension to NO2 semantic for clarification.

We hide all the dimensions except the NO2 dimension for a better illustration.
This highlights how spatial and temporal aggregations impact the trajectory to get
a reduced view. This view shows the clear states of the trajectory regarding the
user interests, high level of NO2 at ‘Road’ granularity (Avenue de Paris) and ‘Town’
granularity for other NO2 levels (Yvelines and Versailles).

Let us apply the operation (c) (query in Listing 3.9) on the same part of the
trajectory to obtain the contextual-based trajectory on ‘Activity’ context of interest.
The first clause extracts the contextual based semantic trajectory for the participant
with id ‘100’ and with ‘ActivitySemantic’ context of interest. Then, it matches the
extracted cois and finally returns the contextual-based trajectory during an indicated
time interval (illustrated in Figure 3.18). Figure 3.18 shows a piece of this part so
that we can clearly inspect the cois trajectory from ‘Bus’ to ‘Rue’ to ‘Domicile’.
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Listing 3.9: Query using operation (c) example

CALL multiViews . contextualBasedTrajectoryGraph (100 ,
'ActivitySemantic ')

MATCH (coi:COI { participantID : '100 '}) -[: HAS_PLACE ]->(p:Place)
WHERE coi.start >= '2019 -11 -30 15:36:00+01:00 '
AND coi.end < '2019 -11 -30 16:16:00+01:00 '
RETURN coi , p

Figure 3.18: Contextual-based semantic trajectory path graph (op-
eration (c)). Orange nodes represent the context of interests (coi)
where time intervals are embedded and brown nodes represent the
spatial dimension (the spatial hierarchies are hidden for a better illus-

tration).

3.5.4.2 Performance Evaluation

The experimental evaluation has been performed on Neo4j 4.2.3 (Enterprise) running
on Windows 10. The hardware configuration is as follows: 6 cores Intel(R) Core(TM)
i7-8750H CPU @ 2.20 GHz, the machine has 32 GB in terms of RAM and a fast
storage of 239 GB.

In order to evaluate the execution times of the different operations examples,
three different databases have been prepared. The first one contains 10 semantic
trajectories, the second one 40 semantic trajectories and the third one 86 semantic
trajectories Average execution times are presented in Figure 3.19.
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Figure 3.19: Execution times of the operation examples

Execution times vary depending on the trajectories length and user interests. One
can notice execution times relatively costly and that increase with the number of tra-
jectories; this is due to the fact that these operations extract the entire trajectories
and re-manage the representation for each trajectory according to the desired new
representation that depends on the user interests. The results of these operations are
stored in the graph database in order to apply further queries and analytics. Opera-
tion (c) takes additional computational time since there are no temporal and spatial
aggregations to highly reduce the amount of nodes and relationships. (c) operation
combines each time interval node with the contextual dimension that represents the
context of interest operation.

3.6 Discussion
The semantic trajectory model shows how it can successfully integrate multiple crowd-
sourced data semantics in a polluted urban environment, including matching the tra-
jectories to place-based spatial annotations and environmental data. The model is
flexible enough to embed trajectory data semantics at different granularities. The
hierarchical approach denoted by the indoor and outdoor spatial model proves how
it enriches the analysis at the query manipulation level. One peculiarity of the model
is that it is possible to commute between different semantic dimensions. The ex-
periments on the semantic trajectory manipulations show how the model provides
high-level semantic manipulation capabilities at a very accepted run-time. However,
the model is experimented with using only one data set. It needs to be experimented
with other domain contexts.

The multiple views framework experiments show how this approach supports
the generation of different views of the crowd-sourced trajectories in a well-defined
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graph structure with associated contextual data. Overall, these trajectory views
can be derived according to different spatial, temporal and semantic criteria that
provide flexible data manipulation capabilities at different levels of granularity and
user interests. However, the intrinsic nature of such a model may involve some loss
of information that may occur on some of the represented dimensions. The relevance
of the whole data manipulation capabilities and performance figures still have to be
experimented in a context of mobility patterns that arise in both outdoor and indoor
spaces. There is still a need to experiment with additional query mechanisms and
data structures to improve computational times.

As for now, outdoor trajectories only were derived from real data, although indoor
trajectories were simulated.

3.7 Conclusion
The research presented in this chapter introduces a semantic trajectory framework ap-
plied to indoor and outdoor spaces. Our modelling approach deal with crowd-sourcing
environments where multiple dimensional annotations are considered, including a
place-based spatial annotation. Indoor and outdoor spaces are homogeneously and
formally modelled by a multi-layered graph where trajectories occur and are repre-
sented. A semantic trajectory is defined as a sequence of annotated time intervals
associated with spatial semantics embedded in the indoor and outdoor hierarchical
spatial representations. Our approach is not based on stop and move abstractions
but on multi-dimensional and hierarchical abstractions.

This work also provides mechanisms to extract multiple views according to a wide
range of user interests, including granularity, spatial category, and contexts. The
presented algorithms support from a continuous trajectory representation derivation
of even a hybrid spatial and contextual view of trajectories from micro to macro levels
and vice-versa.

The framework has been implemented on top of the graph database system Neo4j.
A series of graph queries and analytics have been experimentally evaluated. The
results show high data manipulation capabilities regarding querying and analytical
operations, and where a user can easily commute her/his query expressions between
the hierarchical indoor and outdoor layers, the contextual and temporal semantic
dimensions. Designing the processing operations using our model shows a wide range
of expressiveness using the Cypher query language of Neo4j, where such data ma-
nipulations can operate on indoor, outdoor or both spaces. Most of the processing
potential of the proposed model can be applied for most common operations involved
in the manipulation of trajectory data.

The multiple views approach has been formally defined and implemented on top
of the Neo4j graph database. Cypher query language has been extended with differ-
ent user-defined operations to support the view mechanisms. The experimentation
illustrates the whole framework’s potential, performance figures and its potential for
trajectory data exploration, manipulation, and analysis.

While data heterogeneity is currently inherent to crowd-sourcing data and our
flexible modelling approach. Indeed positioning techniques which are likely to be used
in outdoor and indoor environments are very likely to rely on different principles (e.g.,
GPS and RFID, respectively), this generates different data precision and quality in the
represented trajectories. However, such differences might be considered as implicit to
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the different levels of abstraction and precision generally considered in both outdoor
and indoor environments. Overall data quality and uncertainty issues have not been
considered so far by our modelling approach. This might be part of our further work
and, for example, by integrating uncertainty criteria at the data representation and
query levels.

The overall outcome work of this chapter is instrumental in supporting mobility
data with related crowd-sensed data offline analysis and exploring humans patterns
in indoor and outdoor spaces.
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Chapter 4
Composite Event Extraction From
Stream of Semantic Trajectories

Real-time mobile crowd-sourcing data available from urban environments
offers many opportunities for analysing human trajectories. This increases the need
for computing systems and data architectures to process semantic trajectories data
in a timely way when searching for complex mobility patterns of interest. Despite
the ability to represent spatio-temporal events, there is still a lack of well-defined
and flexible semantic trajectories manipulation languages to support abstraction and
composition mechanisms for the analysis of urban mobilities.

This chapter develops a modelling framework for complex events applied
to our human indoor and outdoor semantic trajectories. The framework is based
on an Event Pattern Language that defines complex events from predefined primi-
tive events. Complex events are modelled and defined using spatial, semantic and
temporal criteria by a predefined set of composition operators.

The whole approach is experimented by a prototype that integrates
semantic trajectory streams in an urban environment and ingests them into an
event-based system that implements a list of complex indoor and outdoor mobility
events.
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4.1 Introduction
Real-time crowd-sensed data available in urban environments offers many opportu-
nities for analysing mobility. Systems processing such data stream can be applied to
monitor mobility behaviours. They became valuable solutions for providing insights
on the fly when searching for mobility patterns and events of interest. In partic-
ular, detecting complex mobility patterns among crowd-sourced location data and
associated contextual information in a given urban environment should be of inter-
est to many urban planners and decision-makers. However, such patterns should be
first modelled using a formal language that provides abstractions and constructs for
identifying primitive and complex events of interest based on spatial, temporal and
contextual criteria. This also requires identifying appropriate data structures to anno-
tate and manipulate multi-dimensional trajectories at different levels of abstraction.
Moreover, this modelling approach should support the representation of trajectories
that emerge in both indoor and outdoor spaces in our case.

A typical human trajectory includes time annotated location data. These trajec-
tories can also be annotated by cross-related contextual information such as ambient
and environmental data (e.g., pollution, weather), transportation mode (e.g., bus,
pedestrian) and human activities (e.g., sport, office work) [15]. Integrating these
annotations can enrich the representation at the modelling level and reveal more
mobility patterns at the processing level.

The research presented in this chapter relies on the aforementioned indoor and
outdoor semantic trajectory model (cf. Section 3.3) in order to recognise complex
events on the fly. The advantage of using our trajectory representation as a data
source for the streaming system is that it is flexible enough to derive semantic
trajectories according to contextual, spatial and temporal criteria. Moreover, our
trajectory model supports a finer representation of continuous movement semantics
in indoor and outdoor environments. What enriches the complex event recognition
findings is that our semantic trajectory model encompasses multiple hierarchical
granularities of the urban space while maintaining multiple dimensions of contextual
associated data. Significant patterns would remain hidden without exploiting such
enrichment during the complex event recognition process.

Mobility data requires flexible manipulation at the language and processing levels
but with two objectives. First, extracting individual events such as “find people who
commute from home to work and are exposed to high levels of pollution”. Next, when
manipulating complex events that denote humans evolving in the urban domain, and
to identify composite and collective/aggregated patterns as shown in the following
example: “Find people who commute from home to work and meet new people along
their route” and where multiple trajectories are involved in the query.

The objective of this chapter is of two principal goals:

Goal 1: The first goal of this chapter aims to develop a modelling framework that
represents events using a formal language. This research goal embeds the following
research challenge:
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Research Challenge 4

How to model complex events using a flexible and expressive language to be
detected in a real-time big data processing system among streams of semantic
trajectories data?

The events defined are of two categories: basic events and complex events,
formally defined by a Complex Event Processing (CEP) system. A complex event is
defined in the literature as a collection of derived events that satisfy some patterns
[7]. The CEP system’s objectives are to model and manipulate pre-processed and
multi-dimensional semantic trajectories stream made of homogeneous trajectory
segments and recognise situations of interest as soon as they occur. The peculiarity
of the CEP approach is that composite events of interest are formally defined and
derived from basic events and denote some specific situations of interest. Complex
events are developed from basic events using a predefined expressive formal language.

Our modelling approach is based on the Event Pattern Language (EPL) intro-
duced in previous work, and that proposes a set of composition operators (e.g., se-
quence, relaxed sequence, conjunction, disjunction), which has been already extended
and applied to geographical applications [63] [21]. It also supports our semantic trajec-
tory representation where events are identified using spatial, semantic and temporal
criteria. The objective of the composition language is to aggregate them using event-
based operators. This first part of the chapter aims not only to identify basic events
defined as primitive predicates but also to aggregate them using a composite-based
manipulation language.

Goal 2: The second goal of this chapter aims to define the methods to implement
and experiment the conceptually developed formal model with real data. This is also
aimed at validating the model. The following are the two tasks that constitute the
experimental goal:

• Realise a streaming event-based system implementation that integrates real-
time semantic trajectories and embeds formal specifications of urban complex
events. These events are categorised as individual and aggregated events that
denote a wide range of urban activities.

• Evaluate the system using a demonstrative case study that embeds different
composition operators.

4.2 Stream of Semantic Trajectory

4.2.1 Semantic Trajectory Data Structure

In order to represent human trajectories, let us consider a place-based model where a
place denotes a location of interest in either an indoor or outdoor space (cf. section
3.2).

Places are located in layers organised hierarchically. Let S =
k⋃

i=1
Li denote the

entire space encapsulating indoor and outdoor spaces as a hierarchy of layers Li. In
fact S is made of a hierarchy of layers, and then places being defined at the most
appropriate layer level.

Places are characterised by thematic properties and their ’location’ in the spatial
hierarchy. This spatial hierarchy denotes the different levels of abstraction considered
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for the outdoor and indoor spaces (e.g., state, county, town, road, building; and
building, floor, room, for outdoor and indoor spaces, respectively). This spatial rep-
resentation further supports a homogeneous representation of semantic trajectories
in indoor and outdoor spaces, and whose objective is to define the complete spatial
environment where human mobility takes place. On top of this model, users can
define places of interest (POIs) that might take place (Figure 4.1) at any granularity
in the model.

As mentioned in chapter 3, we define a semantic trajectory (cf. Definition
14), and organised by semantic trajectory segments (cf. Definition 13), as a rep-
resentation of an individual’s continuous movement while incorporating contextual
information semantics that arise in the urban environment. It embeds some homo-
geneous spatial and contextual semantics associated with a mobility during a time
interval. The spatial annotation is coupled with the spatial model and associated
with multiple contextual semantics that integrate trajectory cross-related phenomena.

Semantic trajectory segmentThe semantics associated to the 
semantic trajectory segment

Spatial hierarchy
Value changed from the 
previous segment

layer1

place1 place2

layer2

place3

Corresponding spatial hierarchy

id1 [t52, t53] home1 Medium NO2 ...

time

Data stream of segments

current time

Data flow

id1 [t75, t76] place1 High NO2 ...

id1 [t79, t80] place2 High NO2 ...

id1 [t84, t85] office1 Low NO2 ...

Figure 4.1: Example of semantic trajectory segments data flow with
the corresponding spatial hierarchy.

In order to illustrate our approach, let us consider the running example as follows:

Example 11 A person having an identification id1 travels from home to office over
a trajectory associated with contextual data (e.g., pollutants: NO2, PM10, PM2.5,
PM1, BC) and located using a GPS device. Without loss of generality, let us limit
the contextual dimension to NO2 semantic to simplify the representation. The se-
mantic trajectory is modelled as: semTrajid1 = {..., ([t52, t53], [space : home1, NO2 :
Medium]), ..., ([t75, t76], [space : place1, NO2 : High]), ..., ([t79, t80], [space : place2,
NO2 : High]), ..., ([t84, t85], [space : office1, NO2 : Low]), ...}.

Overall, a semantic trajectory is defined as a sequence of annotated time intervals
associated with spatial semantics embedded in the indoor and outdoor hierarchical
spatial representations (Figure 4.1). A semantic trajectory represents an individual’s
continuous movement while integrating multiple contextual data derived from the
environment in order to enrich the representation at the modelling level and reveal
more mobility patterns at the processing level.



Chapter 4. Composite Event Extraction From Stream of Semantic Trajectories 74

4.2.2 Trajectory Segments Stream

Our model is applied on top of a stream processing approach that supports real-time
data integration of mobility behaviours. The aim is to apply the principles behind the
trajectory-based representation to data streams that are likely to provide valuable and
immediate insights and identification of some situations of interest. At the primitive
level, semantic trajectories are derived from streaming data. Figure 4.1 shows an
example of a semantic trajectory stream where each semantic trajectory segment is
derived as a tuple of attributes denoted by (ai)id = ([tsi, tei], Semi)id for mobile
user id. Figure 4.1 shows different trajectory segments data flows and where there
is also a lack of data between two consecutive trajectory data segments (illustrated
by the dots). We can notice the corresponding hierarchy of the spatial annotation
referring to our place-based model. A semantic trajectory stream can be defined as
a time-ordered sequence of events denoted by s = ⟨a1, a2, ..., an⟩.

4.3 Event Modelling
An event is defined as a real-world situation emerging from human mobility and that
can be characterised according to spatial, temporal and contextual information (e.g.,
pollution exposure, activity). In other words, an event is an occurrence happening
at a particular location, within a specific time instant or period which holds multiple
properties. We consider two kinds of events: so-called basic and composite events.
Basic events are derived according to some well-defined predicates that aim to extract
some primitive semantic information at the spatial (e.g., a specific location at either
fine or coarse granularity) and contextual level (e.g., a specific value at a certain con-
textual dimension) and where temporal semantics can be associated (e.g., temporal
condition, duration or overlaps between different predicates). Composite events are
derived according to some predicate-based composition of basic events.

4.3.1 Basic Event

Definition 18 (Basic event). A basic event e is a real-word event/action extracted
from the human mobility and can be classified according to spatial, temporal and
contextual (e.g., pollution exposure, activity) characteristics. A basic event can be
considered as an occurrence happening at a particular place, within a specific time
instant or period which holds multiple semantic properties (Semk). Basic events e(s)
denote primitive situations derived from semantic trajectory segments by predicates
p(e) according to spatial, temporal and contextual criteria.

Let us introduce some basic events considered in our approach in Table 4.1. Table
4.1 presents basic events predicates that refer to some semantic trajectory segments
of interest organised according to some spatial, temporal and contextual semantics.
A basic event should identify some specific mobility properties identified at a given
level of granularity in the hierarchy of layers, and according to some places of inter-
est. When considering a given phenomenon, a basic event can denote some specific
attributes of interest associated to trajectory segments (e.g., pollution level, temper-
ature, activity) and valid for a given interval of time. As the predicate is applied to
the incoming streaming of trajectory data the time is the one of the current stream.
The following Example 12 illustrates some basic events predicates.
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Criteria Basic event (e) predicates p Description

Spatial
position(id, place) Given a trajectory id and a given place, the

predicate returns true if this trajectory is lo-
cated at this place.

position(id, layer) Given a trajectory id and a given layer, the
predicate returns true if this trajectory is lo-
cated at this layer.

position(id, placeP roperty) Given a trajectory id and a given
placeP roperty, the predicate returns true if
this trajectory is located at a place having
these placeP roperty (i.e., spatial properties
e.g., within a range, type restaurant, type
office, etc.).

Contextual context(id, context, value) Given a trajectory id and a given context
context and a value value for this context,
the predicate returns true if this trajectory
is having the specific value for the specific
context.

Temporal time(p(e), condition) Given a temporal condition condition (e.g.,
before time, after time, duration, between
start and end time (time interval)) and given
a spatial or contextual predicate p(e), this
predicate returns true while the temporal
condition condition of p(e) is satisfied. Such
condition is defined according to Allen’s in-
terval algebra [3].

duration(p, window, period) Given a temporal window, a time period and
any predicate p, this predicate returns true
if the overall duration of p(e) occurrences for
the recent time window is equal to period.

timeOverlap(p(e1), p(e2), period) Given a temporal period and two given
spatial or contextual predicates (p(e1) and
p(e2)) this predicate returns true if the over-
lapped time between p(e1) and p(e2) is equal
or greater than period.

Table 4.1: Basic events predicates and descriptions.

Example 12 Let us consider the scenario of Example 11. From the streamed trajec-
tory of id1, basic events can be extracted from the segment at spatial and contextual-
based levels. From segment a1 = ([t75, t76], [space : place1, NO2 : High]), we can
extract the following basic events predicates:

• at spatial level: p(e1) = position(id1, place1)

• at contextual level: p(e2) = context(id1, NO2, High)

where e1 and e2 are basic events and p(e1) and p(e2) are their predicates, respectively,
as illustrated in Table 4.1. This shows the flexibility of the approach where basic
events can be defined either explicitly or using specific event predicates. Moreover,
basic events can be manipulated at the temporal level and compared using temporal
operations such as:

• p(e3) = time(p(e1), during[t75, t76])
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• p(e4) = time(p(e2), precedes t77) for t77 > t76.

where e3 and e4 are temporal basic events and p(e3) and p(e4) are their predicates,
respectively.

From segments a1 and a2 = ([t79, t80], [space : place2, NO2 : High]), we can
extract the following temporal event predicate p(e5) = duration(p(e2), 1 hour, 15
minutes) where 1 hour is the window and 15 minutes is the period.

Composite (or complex) events are a set of patterns of interest that define relations
among input derived events that usually impose temporal constraints on its sub-
events. Composite events embed basic events to more complex situations that present
an interest from an application point of view and should help to identify complex
event patterns. Composite events are appropriate mechanisms to search for regular
or irregular series of events identified using appropriate composition operators. When
considering trajectory segments, composite events should help to extract complex
patterns that emerge from streaming data. In short, a composite event is aggregation
of basic events associated by composition mechanisms.

4.3.2 Composite Event

Definition 19 (Composite event). A composite event is defined as CE =
k⋃

i=1
Ei

where Ei are basic or composite events. Ei are temporally constrained by C(Ei, Ei+1)
∀Ei for i ∈ [1, k − 1] where C is a temporal constraint function defined by the event
language (cf. Section 4.4).

A composite event is defined by a composition of basic events using some prede-
fined operators according to the timing and logical relationships between the basic
events. A composite event represent a continuous query over the streaming trajecto-
ries segments that meet mobility behaviours of interests. Let us remark that there is
no assumption on the user id for the Ei. Composite events may combine basic events
issued from one or more mobile users. Composite events are exemplified in Examples
13 and 14.

Composite eventsBasic eventsStreamed events

Semantic trajectory 
segments

ei = ([tsi, tei], Semi)

Spatial, 
temporal and 

contextual 
satisfied 

predicates

Extraction of a 
complex level of 

semantics

Knowledge scale

Figure 4.2: Composite events are defined from basic events and
themselves from semantic trajectories.

Overall, this approach introduces the formal constructs that scale from the
streaming events of semantic trajectory segments to the extraction of complex levels
of semantics defined by the composite events passing through some primitive infor-
mation denoted by the basic events as shown in Figure 4.2.

Composite events are defined from basic events and themselves from semantic
trajectories. They must be defined in a formal language.
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4.4 Event Pattern Language for Composite Event
Recognition

A knowledge representation of composite event patterns requires a formal language to
understand and describe their semantics. Composite events can be constructed using
sequences, repetitions, conjunctions, disjunctions and negations of other events. As
our objective is not to develop a new event-based language, and without loss of gen-
erality, we based our modelling approach on the Event Pattern Language (EPL) [38]
[63] that provides logical constructs for complex events representation. It supports
composite events consisting of an occurrence of a set of basic events that satisfies a
pattern modelled as a sequence, repetition, conjunction, disjunction, negation and
more derived constructs like relaxed sequence and iteration. The EPL expressive
power has been already applied for modelling complex spatio-temporal phenomena
[21]. The EPL is a high-level language, comprehensible and intuitive to manipulate
and express complex events. Developing basic events for the EPL language is flexible
and not limited to a specific domain. The simplicity and expressiveness of EPL give it
its strength, with the ability to apply events composition from basic events extracted
from predicates with a language that applies a wide range of operators.

Let us consider the basic operations of the Event Pattern Language:

• P is a basic or a composite event predicate (cf. Tables 4.2 and 4.3).

• ¬P is the absence of P .

• ∗ : P is a sequence of zero or more consecutive occurrences of P .

• (P1, P2, ..., Pn) is a sequence of events consisting of an occurrence of P1, immedi-
ately followed by an occurrence of P2, ..., immediately followed by an occurrence
of Pn.

• (P1&P2&...&Pn) is a conjunction of events occurring simultaneously (at a same
instant or period).

• {P1, P2, ..., Pn} is a disjunction of events. It happens when at least one event
among P1, P2, ..., Pn occurs.

• [P1, P2, ..., Pn] is a relaxed sequence consisting of an occurrence of P1, followed
later by an occurrence of P2, ..., followed by an occurrence of Pn. It is logically
equivalent to (P1, ∗ : any, P2, ..., ∗ : any, Pn), where ∗ : any means a sequence
of zero or more other events.

In the following, we discuss two types of composite events, called the individual
events and the aggregated events.

4.4.1 Individual Events

The individual events are the events where only one moving entity is involved.

Definition 20 (Individual Events). An individual event is a composite event defined

by IE =
k⋃

i=1
Ei where Ei are basic or composite events such as ∀idl, idj ∈ Ei, idl = idj

for l, j ∈ [1, k]. idm is a mobile user identification for m ∈ [1, k].
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We define and categorise a list of individual events examples in Table 4.2. These
events are represented according to the presented EPL language. For example, IE2
defines an individual event for a trajectory having two contexts that occur at the
same time for a minimum duration. The EPL representation of a IE2 event searches
for a time interval overlap of two basic events detected for the same trajectory using
the conjunction operation. Example 13 presents a relaxed sequence of an individual
event example.

Example 13 Let us consider the example IE3 of Table 4.2. The pattern that defines
this example can be represented by contextBetweenP lacesSequence(id1, home1,
office2, NO2, High) and its EPL formalisation is modelled by the follow-
ing relaxed sequence [position(id1, home1), duration( (context(id1, NO2, High)&
¬position(id1, home1)), 1hour, 15minutes), position(id1, office1)] and supposing
that the duration of [t75, t76] is greater than 15 minutes.

4.4.2 Aggregated Events

Urban domain involves a huge number of human trajectories where composite events
can emerge from relations and patterns of interest between different trajectories.
Aggregated events are events where multiple moving entities are involved.

Definition 21 (Aggregated Events). An aggregated event is a composite event

defined by AE =
k⋃

i=1
Ei where Ei are basic or composite events such as ∃idl ̸=

idj |idl ∈ El and idj ∈ Ej for l, j ∈ [1, k].

We define and categorise a list of aggregated events examples in Table 4.3. The
events are represented according to the presented EPL language.

For example, AE3 defines an aggregated event for trajectories presented at dif-
ferent places but having the same context (e.g., same sports activity). The EPL
representation of a AE3 event example searches for a conjuntion of position basic
events of different places and same context basic events for each trajectory. Example
14 presents a relaxed sequence of an aggregated event example.

Example 14 Let us consider another person having identification id2 and having
the following semantic trajectory: semTrajid2 = {..., ([t67, t68], [space : place1,
NO2 : High]), ...}. In this example, we consider the aggregated event ex-
ample AE2 of Table 4.3. The pattern that defines this example can be rep-
resented by meetBetweenP lacesSequence(id1, id2, home1, office2) and its EPL
formalisation can be modelled by [position(id1, home1), meet({id1, id2}, place1),
position(id1, office1)].
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Table 4.2: Examples of individual trajectory events.
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Table 4.3: Examples of aggregated events.
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4.5 System Architecture
The event language presented at the conceptual level must be implemented in a CEP
system. To enable a scalable CEP system, we need to build a clustered architecture
consisting of multiple processing units that can work in parallel. Each of these pro-
cessing units has CPUs and threads that can run independently on different parts of
a given task before merging the partial outputs of each unit to get a single result.
Apache Flink is one of the modern streaming Big Data platforms that provide the re-
quirements to scale-out such a system. Our streaming system has been implemented
using Apache Kafka and Apache Flink clusters as shown in Figure 4.3.

Zookeeper

KafkaSemantic 
trajectory Job 

Manager

Task 
Manager 

1

Task 
Manager 

N
…

Flink Cluster

CEP Engine

patternN

pattern2

pattern1

…
Events 
query 
store

Docker container

Streaming Architecture and Implementation

Prometheus Grafana Metrics + Alerts

Figure 4.3: Streaming implementation architecture.

Apache Kafka is a publish-subscribe based fault-tolerant messaging system. It is
used for building real-time data distributed pipelines channels (called topics).

Apache Flink is a distributed processing engine designed to run stateful streaming
applications at any scale. The Flink Cluster is composed of at least one Master (Job
Manager) that coordinates the distributed execution and a number of Worker nodes
(Task Managers) responsible for the physical execution of tasks. Each Worker (JVM
process) has a number of task slots (at least one) that are the Threads within the re-
spective JVM process where each Flink operator or instance of an operator is assigned.

Flink provides a library for Complex Event Recognition (CER) and processing
called FlinkCEP. FlinkCEP is an automata-based CER engine built on top of Flink
and it offers a wide range of features providing substantial flexibility for defining
patterns [40] since it employs non-deterministic automata equipped with predicates
on their transitions, which matches relatively well the principles of our event modelling
approach. FlinkCEP integrates CER operators into the Flink program and translates
them into physical tasks like any other Flink operator. We have used FlinkCEP to
develop the CEP engine that implements the individual and the aggregated events.
The semantic trajectories are then streamed into a topic using Kafka and consumed
at the Flink cluster level.
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The language of FlinkCEP supports multiple contiguity conditions that are rela-
tively related to the sequences defined by the EPL language. The (i) “stric” contiguity
where matching events strictly appear one after the other without any non-matching
events in-between is related to the sequence of events in EPL. The (ii) “relaxed” conti-
guity that ignores non-matching events appearing in-between the matching ones and
the (iii) “non-deterministic relaxe” contiguity that allows non-deterministic actions
between matching events are related to the relaxed sequence of EPL.

One other advantage of FlinkCEP is that patterns are compositional; for
example, basic or composite events patterns can be defined once then used to
define other events patterns (individual and aggregated events patterns). FlinkCEP
accommodates a wide range of operators and selection policies.

In the stream processing fashion, a particular operator called window is usually
utilised to confine the search space [26]. The event detection can quickly become
unmanageable, especially when relaxed pattern selection are used. Windows are
applied per pattern and their function is to restrict up to a certain point in the past
the streamed events (ai) to be considered. For a time-based window, the windowing
function is used to restrict the time difference between the last and first events in
a match. For a count-based window, the windowing function is used to restrict
the number of events considered between the last and first events in a match. In
FlinkCEP, windows are logical views, which means that streamed events are not
buffered in batches, but they are directly forwarded to the operators of a pattern.
All the streamed semantic trajectories segments of different mobile users are grouped
in one logical window to detect an aggregated event (Figure 4.4b).semTraj1 source

semTraj2 source

semTraj3 source
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Figure 4.4: A visual illustration of the sliding windows manipulation
on Individual (a) and Aggregated (b) events pattern stream. (a) shows
how the window operation for detecting individual events are applied
by grouping each moving entity’s segments in one sliding window. (b)
shows how the window operations for detecting the aggregated events
can be applied using one sliding window grouping segments from mul-

tiple moving entities.

Figure 4.4 shows the difference between an individual and an aggregated event on
the sliding window manipulation level. In the case of an individual event (Figure 4.4a),
each sliding window is applied on semantic trajectory segments of a unique stream of
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semantic trajectory. Conversely, in the case of the aggregated event (Figure 4.4b), the
sliding window is applied on semantic trajectory segments of multiple trajectories.

In order to monitor the overall system, we used Prometheus [85] and Grafana [43].
Prometheus records and saves metrics as time-series data, which means that metrics
data is saved alongside the timestamp at which it was captured. Grafana provides
charts, graphs and alerts about the system while running.

4.6 Complex Event Processing over Semantic Trajecto-
ries Experimentation

In this section, we present a list of composite events query examples. We discuss how
they can be interpreted as automata. The performance of a set of individual and
aggregated events is then studied.

4.6.1 Query Examples

The events query store illustrated in the Figure 4.3 contains the implementation of
the individual and aggregated events examples presented in Tables 4.2 and 4.3. In
this section, we present how some query examples similar to example 13 and 14 can
be executed on our real data.

4.6.1.1 Query 1: Individual Event Example

The pattern of an individual event can be detected among a sliding window applied
on the stream of each unique trajectory data as shown in Figure 4.4a.

An example of an individual event is to find the trajectories going from “home"
to “office" and get exposed to a high level of pollution for 15 minutes.

The EPL formulation of Query 1 (cf. Example 13) is denoted by:

contextBetweenP lacesSequence(id1, home1, office1,
NO2, High) : −

[position(id1, home1),
duration((context(id1, NO2, High)

&¬position(id1, home1)), 1hour, 15minutes),
position(id1, office1)]

0start position(id1, home1)
1

duration((context(id1, NO2, 
High) & ¬position(id1, 

home1)), 1 hour, 15 
minutes)

3
position(id1, office1)

any any

2

any

Figure 4.5: Example 3 automaton.

The EPL of Query 1 is compiled to the non-deterministic automaton of Figure
4.5. This explains the transition between the states of the relaxed sequence. The
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CER system, at first, detects the position of id1 at a home place. Once the first state
is detected, the system tries to detect the second base event denoted by state (2), by
calculating the overall duration of the high level of NO2 exposure during a 1-hour win-
dow, while taking into consideration that the position of id1 is not at home1 by apply-
ing a conjunction operation for context(id1, NO2, High) and ¬position(id1, home1)
predicates. Once the duration is equal to or above 15 minutes, the system does the
transition for the final state 3 to detect, which is a localisation at an office place.
When the final state is detected, the overall contextBetweenP lacesSequence event
pattern is detected.

Figure 4.6 illustrates the results of Query 1 individual event pattern on a singular
trajectory sample. The green dot represents the localisation at a home place, the red
dots represent the places where the trajectory were exposed to a high level of NO2
while going from home to office, and the yellow dot represents the localisation at an
office place.
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Figure 4.6: Query result for an individual trajectory event repre-
senting a trajectory going from home to office and get exposed to a

high level of NO2 for 15 minutes (Query 1 ).
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4.6.1.2 Query 2: Aggregated Event Example

The pattern of an aggregated event can be detected among a sliding window applied
on a stream of multiple trajectories data as shown in Figure 4.4b.

An example of an aggregated event is to find the trajectories going from “home" to
“office" and meet another trajectory/person at a place1 for a minimum time interval
where place1 is a place different than home place and not having an office type.

Let us consider Query 2 example (cf. Example 14) and denoted by:

meetBetweenP lacesSequence(id1, id2, home2, office2) : −
[position(id1, home2), meet({id1, id2}, place2),

position(id1, office2)]

where id1 and id2 are any mobile users such as id1 ̸= id2.
Our model considers a composite event approach, and since events patterns in

FlinkCEP are also compositional, this supports implementation at multiple steps for
complex events if needed. The meetBetweenPlacesSequence event example, considers
a meet event, hence, a meet event implementation is required. Therefore, a meet
event considers a stop event, then, a stop event implementation is required.

Let us explain the used compositional event list for meetBetweenPlacesSequence
event as follows.

The EPL formulation of a stop event is denoted by:

stop(id1, place1, 30minutes) : −
duration(position(id1, place1), 30minutes, 30minutes)

The automaton of a stop event is illustrated in Figure 4.7. This denotes the
detection of the stay of id1 at place1 for at least 30 minutes. To define this event, the
duration basic event identifies the stay of id1 at place1 during a 30 minutes period
for the recent 30 minutes window.

0start
position(id1, home2)

1
meet({id1, id2}, place1)

3
position(id1, office2)

any any

2

any

10start

any

duration(position(id1, place1), 
30 minutes, 30 minutes)

stop(id1, place1, 30 minutes)

meet({id1, id2}, place1)
10start

any

timeOverlap(stop(id1, place1, 30 minutes),
stop(id2, place1, 30 minutes), 

15 minutes)

Figure 4.7: stop event automaton.
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The second used compositional event is the meet event, its EPL formulation is
denoted by:

meet(id1, id2, place1) : −
timeOverlap(stop(id1, place1, 30minutes),
stop(id2, place1, 30minutes), 15minutes)

The automaton of the meet event is illustrated in Figure 4.8. This denotes the
detection of a joint stop event for id1 and id2 at place1 overlapped in time for a
minimum of 15 minutes.

0start
position(id1, home2)

1
meet({id1, id2}, place1)

3
position(id1, office2)

any any

2

any

10start

any

duration(position(id1, place1), 
30 minutes, 30 minutes)

stop(id1, place1, 30 minutes)

meet({id1, id2}, place1)
10start

any

timeOverlap(stop(id1, place1, 30 minutes),
stop(id2, place1, 30 minutes), 

15 minutes)

Figure 4.8: meet event automaton.

Finally, the meetBetweenPlacesSequence event automaton is illustrated in Figure
4.9. Figure 4.9 illustrates the transition between the states of a relaxed sequence.
The CER system, at first, detects the position of id1 at a home place. The second
state to detect is the meet state explained above. Once the meet state is detected,
the CER system detects final state 3 represented by the position of id2 at an office
place.

0start
position(id1, home2)

1
meet({id1, id2}, place1)

3
position(id1, office2)

any any

2

any

10start

any

duration(position(id1, place1), 
30 minutes, 30 minutes)

stop(id1, place1, 30 minutes)

meet({id1, id2}, place1)
10start

any

timeOverlap(stop(id1, place1, 30 minutes),
stop(id2, place1, 30 minutes), 

15 minutes)

Figure 4.9: Example of meetBetweenPlacesSequence event automa-
ton.

Figure 4.10 illustrates the results of Query 2 denoted by meetBetweenPlacesSe-
quence example of aggregated event pattern on two trajectories (cf. Example 14).

It is important to remark that the formulation of an event must be appropriately
defined, especially for the numerical values, otherwise, the event will not be correctly
detected.
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Figure 4.10: Query result for an aggregated event representing tra-
jectory commuting from home to office and meet another trajectory

at a place for a minimum duration (Query 2 ).
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4.6.1.3 Query 3: Aggregated Event Example on a Spatial Hierarchy

One can constrain some events by a spatial hierarchy. Let us consider the following
query example to find the trajectories having sports activity at same times, but in
different regions.

Let us consider Query 3 example (sameContextWithDifferentPlaces Table 4.3
AE3) considering a conjunction of basic events occurring simultaneously and given
a coarse spatial granularity constraint. The EPL formulation of Query 3 is denoted
by:

sameContextWithDifferentP laces(id1, id2, Activity, Sport) : −
[position(id1, town1)&position(id2, town2)]

where id1 and id2 are any mobile users such as id1 ̸= id2.

Figure 4.11 shows the results of Query 3 on the map. Montigny-le-Bretonneux
is represented by town1 and Buc is represented by town2. We can also see a portion
of each trajectory during the sports activity in the two different towns.

Overall, the series of individual and aggregated events tested in our CEP system
demonstrate the expressive ability to represent and process composite events on top
of Apache Flink with FlinkCEP. One peculiarity of the approach is that it provides
contextual information support enabling extensive manipulation capabilities across
multi-dimensional data associated with the mobility data. Another feature is the
support of the spatial hierarchy for indoor and outdoor spaces, allowing the user to
apply complex event queries homogeneously for both spaces.

Furthermore, the whole approach shows the potential of the EPL language to
express a wide range of composite event operators to express a diverse collection of
complex event queries.
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Figure 4.11: Query result for sameContextWithDifferentPlaces ag-
gregated event that detects trajectories having sports activities in
two different regions at the Town hierarchical level at the same time.
The results show two trajectories doing sports activities, the first at
“Montigny-le-Bretonneux” town and the second at “Buc” town (Query

3 ).
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4.6.2 Performance

Our system considers a scalable approach that enables parallel processing. This
approach has been experimented with real-time environmental crowd-sensing data
and composite events collected in the region of Paris. Data have been described in
section 3.5. We present multiple experiments that handle scalability by increasing the
amount of working nodes and adding resources to the system. The objective of the
parallel CEP system is to increase throughput and achieve low latency. Throughput is
defined as the number of event tuples processed per time unit, while latency is defined
as the processing time delay between reading from the input stream and writing to
the output stream. The experiments are organised to exhibit throughput and latency
performance metrics.

The experiments were conducted in Java using the open-source FlinkCEP pro-
vided by Flink 1.13.2 in a docker container running on a Windows 10 machine. The
hardware configuration is as follows: The docker container resources are 50 CPUs and
86GB of memory. The whole server resources are a processor Intel Xeon Platinum
8180 @ 2.50GHz with 56 cores and 128GB of memory.

The input of our system consists of streams of semantic trajectories segments
(seg) as defined in Definition 13. The overall semantic trajectories data contains
approximately 660,000 records and is 412 MB in the form of CSV files. The semantic
trajectory segments were streamed in an Apache Kafka topic of 6 partitions sorted
by the date field. The topic was consumed by the Apache Flink cluster.

We ran the experiments on our CER system to detect each of the following indi-
vidual complex event queries examples IE1, IE2, IE3, IE4 (the individual complex
events examples are defined in Table 4.2) and aggregated complex event queries
AE1, AE2, AE3, AE4 (the aggregated complex events examples are defined in Table
4.3).

Configurations #JobManager #TaskManager #TaskSlots #Threads
Configuration 1 1 1 1 1
Configuration 2 1 1 2 2
Configuration 3 1 2 2 4
Configuration 4 1 4 2 8
Configuration 5 1 4 4 16

Table 4.4: Apache flink different configuration settings.

We have repeated the experiments on five clusters with different configurations of
Apache Flink that scale from 1, 2, 4, 8 to 16 threads (Table 4.4) where each TaskSlot
is running on one logical processor. Each configuration has been experimented with
multiple streaming rates of semantic trajectories segments (seg) of 500, 1000, 1500
and 2000 segments per second.

4.6.2.1 Throughput Evaluation

Figure 4.12 reports the system’s throughput for each complex event example obtained
from increasing the value of the streaming load for each configuration. We observe
that we can achieve a better throughput rate while increasing the number of running
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threads. However, this is not the case for AE1 throughput that drops with the
configuration 5 (16 threads) since this example consumes many memory resources
and requires many shared resources to manage the conjunctions between different
stop events.

Figure 4.12: Individual and Aggregated complex events examples
throughput with different configurations and streaming rates.
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4.6.2.2 Latency Evaluation

We summarise the complex event examples queries latency in Figure 4.13. We could
observe a significant change in the latencies that decrease by increasing the number
of working threads.

Figure 4.13: Individual and Aggregated complex events examples
latency with different configurations and streaming rates.
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Overall, the performance study shows that our system is capable of detecting
individual and aggregated complex events with high throughput and low latency
despite the fact that different types of sequences are applied (immediate, relaxed,
conjunction and disjunction) while expressing spatial, contextual and temporal basic
events predicates.

4.7 Conclusion
This chapter introduces a formal model and language for urban mobility complex
event recognition that relies on the Event Pattern Language. We introduced a mod-
elling framework whose peculiarity is to combine a hierarchical representation of se-
mantic trajectories with a manipulation event-based language that provides a series of
logical constructs to represent primitive and aggregated events. Semantic trajectory
segments are identified and extracted from large data streams and manipulated by a
series of predicates that support a wide range of events of interest. One peculiarity
of this approach is that it considers indoor and outdoor semantic trajectories defined
in a formal structure at a hierarchical level. The semantic trajectories are multi-
dimensional and integrate multiple contextual information that arises with urban
mobility. Such information enriches the querying process to reveal further interesting
events.

The framework is evaluated by a developed prototype using the FlinkCEP engine
support on top of Apache Flink. A series of real use cases of individual and aggregated
events of interest have been evaluated using real crowd-sensed data collected in an
urban environment.

The experimental evaluation demonstrates the capacity to express a wide range
of complex events using the EPL model language. A predefined collection of basic
events supports a nice composition of complex events. Deriving basic events among
streams of semantic trajectories shows its efficiency and facilitates the process of
modelling and implementing the query, as well as providing a simple approach to
describe contextual and spatial semantics with hierarchical granularity. Finally, the
experiments on our system show its scalable capacity to deliver high performance.

Because of the inherent nature of this approach, it is difficult to compare its
performance to other existing approaches. However, such a system must be experi-
mented with different data sets. Finally, there is also an interest in implementing the
approach using other complex event processing systems for performance comparison.
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Chapter 5
Conclusion

At the outset of this dissertation, we introduced the research context, the
research statement, and the research objectives of the thesis. The main purpose of
this thesis is to provide a modelling framework for analysing indoor and outdoor
mobility patterns, offline and in real-time, to understand urban mobility. This
chapter summarises the contributions of this thesis and sums up the limitations of
our research. Next, we suggest extensions for this research. Finally, future research
opportunities are presented through the contributions of this thesis.
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5.1 Contributions

Research statement: By modelling human mobility with related crowd-
sensed contextual information in indoor and outdoor spaces, we are able to pro-
vide the appropriate constructs to analyse mobility patterns and behaviours,
offline or in real-time, in order to understand urban mobility data for a specific
phenomenon and facilitate the analysis of semantic mobility for a large scale
of applications.

The overarching goal of this thesis is to model, manage and process indoor and
outdoor urban mobility in order to provide a better understanding of individual
patterns and behaviour offline or in real-time. This overarching goal comprises two
goals, as presented in chapter 1. In the first part of this thesis, we developed a spatial
and trajectory representation in a graph structure and a processing evaluation to
achieve the first goal. In order to achieve the second goal, we employed a formal
language for complex event modelling and a streaming event-driven system in the
second part of this thesis.

To this end, the research work developed in this thesis has led to a series of contri-
butions that provide answers to our research challenges outlined in the introduction
chapter:

Research Challenge 1

How to model indoor and outdoor spaces to support a homogeneous and con-
tinuous representation of human mobility?

In chapter 3, we first presented an indoor and outdoor spatial model to represent
the spatial entities hierarchically and secure a link between both spaces. Indoor and
outdoor spaces are homogeneously and formally modelled in order to represent the
human movements emerging in these spaces. We define a multi-layered graph repre-
sentation that supports structural properties while maintaining geometric properties.
Our spatial representation can be materialised as place-based modelling where each
place represents a space, either in indoor or outdoor, in order to define the com-
plete spatial environment where human mobility takes place. Moreover, the spatial
model allows the manipulation of human trajectories at different levels of abstrac-
tions; this further additional trajectory querying and analytical capabilities from a
user’s perspective, where queries may roll up and drill down over the presented spatial
structure.

Research Challenge 2

How to design a flexible and dynamic multi-dimensional semantic trajectory
based on real-time crowd-sourcing data and generic enough to cope with a
large range of applications capabilities?

Chapter 3 presented a semantic trajectory model to represent urban mobility. In
order to achieve the continuity of indoor and outdoor mobility, the semantic trajectory
representation is spatially annotated by places embedded in our indoor and outdoor
spatial model and at different granularities. Moreover, our model is formally defined
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by a multi-layered graph as a sequence of annotated time intervals associated with
multiple contextual dimensions. Considering a not-limited set of contextual domains
in the annotation mechanism provides a good level of flexibility to semantically enrich
the trajectory in order to cope with a wide range of application domains. The semantic
trajectory model has been implemented in a data pipeline that integrates, enriches,
and annotates the collected crowd-sourced data and then stores them in a graph
database. The evaluation on queries and analytical level shows the expressive power
of our representation where multiple dimensions and granularity are supported in
advanced manipulation capabilities, where such data manipulations can operate on
indoor, outdoor, or both spaces.

Research Challenge 3

How to extract from generic semantic trajectories multiple views at different
levels of abstraction according to user-defined criteria?

Third, we have developed a multi-view extension for the semantic trajectory model
in order to extract user-defined representations, namely, hybrid and contextual-based.
These trajectory views can be derived based on various spatial, temporal and semantic
criteria that allow for flexible data manipulation capabilities at different levels of
granularity and user interests. This approach facilitates the derivation of different
points of view and interpretations of trajectories from micro to macro levels. The
multi-view extension is implemented into a graph database. The results illustrate
how this approach supports the extraction from a generic representation, different
views of the crowd-sourced trajectories that depend on user-defined semantic and
spatial criteria in a well-defined graph structure.

Research Challenge 4

How to model complex events using a flexible and expressive language to be
detected in a real-time big data processing system among streams of semantic
trajectories data?

In chapter 4, we presented a formal event modelling and language approach for
individual and aggregated complex event recognition. The approach relies on the
Event Pattern Language (EPL) with a manipulation language that provides a series
of logical constructs to represent basic and complex events among crowd-sourced loca-
tion data and associated contextual information. The modelling framework combines
our hierarchical representation of semantic trajectories where multiple contextual in-
formation associated with mobility are considered. The EPL provides an expressive
definition of derived events that satisfy some complex patterns of interest. The over-
all framework implementation, based on FlinkCEP, is presented and evaluated. The
evaluation using real use cases of individual and aggregated events shows the frame-
work’s potential to represent and detect a wide range of complex patterns upon indoor
and outdoor mobility. Moreover, we studied the system’s performance in terms of
throughput and latency in function of the scalability of the distributed system. The
results of this approach show how the Event Pattern language can support com-
plex events representation with a good level of expressiveness using a wide range of
operations.

Overall, the outcome of the thesis contributes to the scientific and technological
flow of indoor and outdoor mobility data engineering and science, where necessary
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requirements to analyse and understand indoor and outdoor mobility have been pro-
vided. Furthermore, the constructs developed in this thesis support the analysis of
mobility data with related crowd-sensed information either in batch or streaming
mode in order to explore mobility patterns and behaviours in indoor and outdoor
environments.

5.2 Limitations
In chapter 3 and chapter 4 we have presented the limitations related to our work. We
can synthesise this to the following six main limitations of the research that we have
carried out:

• One of the limitations of the thesis is that it only applies the whole approach to a
single context and dataset. Indeed, the work presented in chapter 3 and chapter
4 showed a high potential; however, the model needs to be more experimented
on different datasets and contextual domains like CoViD-19 contact tracking
domain that require analysing indoor and outdoor mobility.

• The second limitation, and also regarding the dataset, is that our indoor and
outdoor mobility data contains real outdoor data and synthetic indoor mobility
data. The whole approach needs to be experimented on not only real outdoor
data but also to consider real data for both indoor and outdoor mobility.

• The multiple views approach presented in chapter 3 provides flexible data ma-
nipulation capabilities at different levels of granularity and user interests; how-
ever, there is still a need to experiment with additional query mechanisms and
identify the range of possible data structures to improve computational times.

• We restricted our streaming approach presented in chapter 4 to the detection
system only by simulating the semantic trajectories stream. This showed the
potential of this approach; however, the streaming approach needs to be stud-
ied, including the pre-processing and semantic trajectory segmentation tasks in
stream mode.

• The event modelling approach is implemented using Apache Flink and Flink-
CEP. Our approach could be implemented using other streaming systems for
benchmark comparison like RTEC [7].

• We limited the performance study of the event-based system presented in chap-
ter 4 to the throughput and latency. This needs to be extended in order to
evaluate the accuracy of the detected events.

5.3 Possible Research Extensions
In chapter 3 and chapter 4, we developed frameworks for analysing indoor and
outdoor mobility data in offline and real-time, respectively. Our frameworks
considered data heterogeneity that is intrinsic to crowdsourcing data where outdoor
and indoor positioning techniques are very likely to rely on distinct principles (e.g.,
GPS and RFID, respectively). This results in different accuracy and data quality in
the represented trajectories. However, these differences may be considered implicit
in the various levels of abstraction and accuracy generally considered in indoor and
outdoor environments. Our modelling technique has not taken into account data
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quality and uncertainty issues so far. This might be part of further work, for ex-
ample, by integrating uncertainty criteria at the data representation and query levels.

It would be useful to replicate the experiments performed in this thesis in other
data contexts. For instance, it is important to evaluate the performance of the graph
queries and analytics of chapter 3 and the Complex Events Processing of chapter
4 on different datasets and domain contexts. At the moment, our approaches have
only been evaluated with Polluscope data (described in chapter 3).

Data quality and uncertainty issues have not been considered in the work
presented in chapters 3 and 4. It will be advantageous to integrate the work on
micro-environments detection [1, 31] with our work in order to enhance the data
quality on precise micro-environments data.

A possible extension of the work is to study the difference between different pro-
cessing systems. For instance, for chapter 3, it would be useful to evaluate our
semantic trajectory approach using not only Neo4j [64] graph database but also using
other relational ones like MobilityDB [123]. And for chapter 4, it would be worth ex-
perimenting the Complex Event Recognition (CER) model not only using FlinkCEP
[5] but also using other CER tools like Wayeb [2] or RTEC [7]. Different exper-
imentations can be applied to compare with other systems’ behaviour in terms of
performance and expressiveness.

5.4 Future Work
The studies performed in the context of this thesis pave the way for several future
work possibilities. We outline avenues of future research below:

Trajectories graph streaming: As future work, we propose developing a
framework that generates semantic trajectories graph on the fly according to our
semantic trajectory model, followed by a real-time processing engine to query
trajectory patterns that emerge in a graph. Graph structures have proved their
efficiency for querying complex data and achieving complex relationships between
entities. On the other hand, in the recent past, Complex Event Processing (CEP)
systems are capable of performing data querying on large-scale data in real-time.
However, the former lack in querying structured graph data. We propose a future
work towards investigating whether CEP systems can be extended to perform on dy-
namically graph connected data to apply parallel graph processing on trajectory data.

Trajectories natural query language: Trajectories modelling has been
studied widely over the last decade; however, queries in natural languages are
still not completely supported in trajectories databases. Developing a natural
language for users who are not experts with structured query languages would
be very important to ease the querying mechanisms for mobility arising either
indoors or outdoor. Such language typically relies on a generic and well-defined con-
ceptual model must be extensively developed in order to cover a wide range of queries.

Similarity measures: As a complement to the current research that focused
mostly on the modelling aspects, it would be very useful to conduct data mining
research to investigate similar behaviour across the mobility. Our semantic trajectory
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model enriches the representation of the classical trajectories with contextual and
spatial annotations with different levels of granularity. This allows the semantic
comparison between trajectories to find frequent activities and detect atypical
movements in order to understand human behaviour. In this context, a major
challenge is the comparison of semantic trajectories graphs, looking to extract and
learn similar human mobility behaviours. This requires the identification of similarity
measures between semantic trajectories sequences where it should take advantage of
the multiple contextual annotations and at different granularities.

Trajectories graph analysis: More research is needed to better understand
the mobility behaviour by analysing the semantic trajectories graph using the
graph-theoretical techniques (e.g., betweenness centrality) in order to monitor
individual and collective behaviours and control some contextual strategies. For in-
stance, weighting the semantic trajectories graph can provide additional information
for studying an urban system, monitoring its evolution, and finding some correlations.
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Titre : Un modèle hiérarchique pour les trajectoires sémantiques et l’extraction d’événements dans les espaces intérieurs et extérieurs

Mot clés : Gestion des données de mobilité, Trajectoires sémantiques, événements complexes, modélisation d’espace

Résumé : L’intérêt pour l’exploitation des informations prove-
nant de collecte participative a récemment émergé car elle peut
apporter de nombreux avantages précieux pour de nombreux
domaines d’application. C’est notamment le cas des données
de crowd-sourcing mobiles en temps réel, souvent disponibles
dans des environnements “indoor” et “outdoor”. Ces données
offrent de nombreuses possibilités d’analyse de la mobilité hu-
maine, notamment lorsqu’elles sont associées à des informations
contextuelles multidimensionnelles. La prise en compte de la di-
versité des espaces multi-environnements et des lieux de mobi-
lité soulève plusieurs défis de recherche en modélisation, ges-
tion et traitement des données. Associée à de multiples infor-
mations contextuelles, l’analyse de la mobilité “indoor” et “out-
door” souligne la nécessité d’abstractions de données appro-
priées et flexibles au niveau de la modélisation pour représen-
ter les données spatiales, temporelles et sémantiques qui appa-
raissent dans un environnement de ville intelligente. Si les ap-
proches récentes ont souvent abordé cette question en utilisant
le modèle commun des “stops and moves”, celui-ci ne couvre
pas complètement les informations contextuelles multidimension-
nelles qui apparaissent en temps réel sur les humains naviguant
dans les espaces “indoor” et “outdoor”. Cela renforce également
le besoin de systèmes permettant de traiter les données spatio-
temporelles en temps réel lors de la recherche d’événements de
mobilité complexe. Malgré leur capacité à représenter des évé-
nements spatio-temporels, ces systèmes nécessitent des lan-
gages de manipulation des données bien définis et flexibles pour

prendre en charge les mécanismes d’abstraction et de compo-
sition permettant d’analyser les mobilités urbaines. Cette thèse
a pour objectif de fournir les constructions nécessaires à l’ana-
lyse des informations de collecte participative mobile dans les es-
paces “indoor” et “outdoor” tout en considérant un ensemble non
limité d’informations contextuelles qui peuvent être associées afin
de mieux comprendre les données de mobilité urbaine en batch
et en temps réel. Nous présentons un modèle de données spa-
tiales “indoor” et “outdoor” représenté sous la forme d’un graphe
multicouche et annoté avec des données de trajectoire provenant
de collecte participative. La nouveauté de cette approche réside
dans le fait qu’elle fournit un modèle spatial “indoor” et “outdoor”
hiérarchique, homogène et flexible, qui peut être associé à la vo-
lée à des données de trajectoire provenant d’un milieu urbain.
Notre approche de modélisation définit des trajectoires séman-
tiques génériques et flexibles prenant en compte de multiples
sémantiques de données collaboratives à différentes granulari-
tés et où la segmentation des trajectoires repose sur des valeurs
sémantiques évolutives. Cette thèse développe un cadre de mo-
délisation des événements complexes appliqué aux trajectoires
sémantiques humaines “indoor” et “outdoor” basé sur un langage
formel qui établit les opérations requises pour la composition des
événements. Nous avons implémenté des pipelines de données
pour examiner l’efficacité de notre approche. L’ensemble de l’ap-
proche est expérimenté et appliqué à des données participatives
issues d’une étude de cas réelle afin de montrer sa pertinence,
sa scalabilité et ses performances.

Title: A hierarchical model for semantic trajectories and event extraction in indoor and outdoor spaces

Keywords: Mobility data management, semantic trajectories, complex event recognition, indoor and outdoor modelling

Abstract: The interest in exploiting crowd-sourced information
has recently emerged as it can bring many valuable benefits for
many application domains. This is particularly the case for real-
time mobile crowd-sourcing data often available in indoor and
outdoor environments. Such data offers many opportunities for
analysing human mobility, especially when associated with multi-
dimensional contextual information. Considering the diversity of
multi-environment spaces and where mobility occurs, raises sev-
eral data modelling, management and processing research chal-
lenges. When associated with multiple contextual information, in-
door and outdoor mobility analysis stresses the need for appropri-
ate and flexible data abstractions at the modelling level to repre-
sent the spatial, temporal and semantic data that arise in a smart
city environment. While recent approaches often considered this
issue using the common stops and moves model, this does not
completely cover the multi-dimensional contextual information
that arises in real-time on humans navigating through indoor and
outdoor spaces. It also increases the need for computing sys-
tems and data architectures to process spatio-temporal data in
a timely manner when searching for complex mobility events of
interest. Despite the ability to represent spatio-temporal events,
such systems require well-defined and flexible data manipulation
languages to support abstraction and composition mechanisms

for analysing urban mobilities.
This thesis aims to provide the necessary constructs for

analysing mobile crowd-sensed information that arises in indoor
and outdoor spaces. In order to better understand urban mobility
data in batch and real-time, we consider a broad range of con-
textual information that can be associated with mobility data. We
introduce an indoor and outdoor spatial data model represented
as a multi-layered graph and constructed with crowd-sourced tra-
jectory data. The novelty of the approach lies in the fact that it
provides a homogeneous and flexible hierarchical indoor and out-
door spatial model that can be associated with crowd-sensed tra-
jectory data on the fly. Our modelling approach defines generic
and flexible semantic trajectories considering multiple collabora-
tive data semantics at different granularities and where trajectory
segmentation relies on evolving semantic values. This thesis de-
velops a modelling framework for complex events applied to our
indoor and outdoor semantic trajectory model based on a formal
language that establishes the required operations for the com-
position of the events. We have implemented data pipelines to
examine our approach’s efficiency. The whole approach is exper-
imented and applied to participatory data from a real case study
to show its suitability, scalability and performance.
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