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Abstract

Unmanned Aerial Vehicles (UAVs), also known as drones, become important for
several application domains such as the military, agriculture, cultural heritage
documentation, surveillance, deliver of goods/products/services. A drone trajectory can
be enriched with external and heterogeneous data, beyond latitude, longitude, and
timestamp, to create its semantic trajectory, providing meaningful and contextual
information to its movement data, enabling decision makers to acquire meaningful and
enriched contextual information about the current situation in the field of its operation,
supporting (eventually) simulations and predictions of high-level critical events. In this
paper, we present an ontology-based tool-supported framework for the reconstruction,
modeling, and the enrichmentof drones’ semantic trajectories. This framework extends
MovingPandas, a widely used and open-source trajectory analytics and visualization
tool. The goal of the presented research is to provide a) an updated methodology for the
reconstruction of drones’ trajectory from geo-tagged photos taken by drones during
their flight, in cases where flight plan and/or real-time movement data have been lost
or corrupted, b) the enrichment of the reconstructed trajectories with external data, c)
the semantic annotation of the enriched trajectories based on a related ontology, and d)
the use of SPARQL queries to analyze and retrieve knowledge related to the flight of
a drone and the field of operations (context). The evaluation of the presented
framework, namely ReconTraj4Drones, has been conducted against several criteria,

usingreal and open datasets.

Keywords: UAV, Semantic Trajectory, Ontology, Geo-tagging, MovingPandas
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Evyoapiotieg
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1 Introduction

Technological advances in the field of aerospace have led to the excessive use of UAVs
(drones) in awide range of domains. UA Vs are able to operate manually, autonomously
[1], or semi-autonomously [2], alone or in a swarm, providing a high degree of
flexibility in the assigned mission. The market for UAVs has been steadily growing,
having great potential in the future [3]. UAVs are used in a variety of domains from
leisure time as hobby to delivery of goods and precision agriculture, and from secure
and surveillance to military operations. The effective modeling and analysis of UAVS’
trajectories enable decision makers to acquire meaningful and enriched
information/knowledge about the current situation in the field of operations, eventually
supportingtool-based automated or semi-automated simulations for making predictions

of high-level critical events.

The utilization of drones in the cultural heritage and archaeology domain has increased
and plays an increasingly important role [4][5], since drones allow for an easy, quick,
and low-cost solution for documentation by collecting aerial images and videos at
different levels of altitude and angles. This is highly important, especially concerning
the mapping, documentation, and detection of subsurface archeological sites
[6]1[7]1[8][9]. The effectiveness of UAV operations requires an efficient representation
of their movement data, along with additional information about the context of the
mission [10]. A semantic trajectory of a swarm of drones requires the recording of raw
movementdata, such as the latitude, longitude, and timestamp collected fromeach unit,
along with external heterogenous data, such as mission details, points/regions of
interest (POIs/ROIs), and weather data. However, unpredicted events (e.g., unit
malfunction, weather conditions, security violations) and known operational
restrictions of drones can cause incorrect, invalid, or even missing movement data.
Thus, there is a real need for the reconstruction of trajectories using other data recorded
during a mission. In the present work, the utilization of geo-tagged photos taken by
drones’ carrying documentation equipment during their flights (or obtained from other
sources) is proposed, since these provide exploitable metadata for the process of

trajectory reconstruction.
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Mission: Mission Petrified Forest o

Flight: Flight 001

Drone: Phantom (UAV)

’/,..
-~ -~
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Figure 1. Drone’s flight area of interest in the presented scenario, taking photos
(blue pins) during a cultural heritage documentation mission (green and red pins
represent the start and the end of the flight).

For instance, in a potential scenario, a group of archeologists and geologists are
interested in taking aerial photos of a petrified forest to document and obtain an initial
mapping about the morphology of a geopark. Because the forest extends over a large
and steep area, they decide to use a properly equipped drone to take photos of the
landscape. The research team plan and upload the mission path in the drone’s pilot
software. Following the predefined path, the drone approaches the area of interest,
taking photos during the planned mission (Figure 1). After landing, the research team
analyzes the mission’s photos and pilot data to acquire the trajectory followed by the
drone, to validate the initial (planned) path. These data, along with data regarding
weather conditions (ground temperature, humidity, etc.) from nearby weather stations,
are necessary for the research team to obtain a general view of the area of interest. The
team realizes that the pilot data for a specific part of the flight are missing due to a unit

malfunction. Thus, it is not possible to reconstruct the whole trajectory of the drone to
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cross-validate flight details, nor to create its semantic trajectory to acquire a more

comprehensive view about the area of interest and its context.

The evolution of systems for the real-time processing of UAV data for wireless net-
working and other related technologies, such as GPS and high-resolution cameras,
allows forthe constantand remote sharingof the movementof swarms of UAVs. These
raw spatiotemporal data are the basis for the construction of UAVSs’ trajectories.
However, analyses of these trajectories often produce poor and restricted results. To
achieve a more efficient analysis of trajectories, contextual information e.g., on the
environment, weather, and mission details, are required [10]. Most times, such data are
heterogeneous, gathered from disparate sources, making their semantic enrichment and
integration a difficult task. Ontologies have been adopted in various domains, offering
a powerful tool for the semantic representation and integration of data, reducing the
structural and semantic heterogeneity among the various data sources, specifying

semantics in a clear, explicit, and formal way [11].

The aim of this thesis is to present the efforts (a) to implement an ontology-based, tool-
supported framework for the reconstruction of drones’ trajectories using geo-tagged
photos;(b)to enrich the reconstructed trajectories with external data; (c) to semantically
annotate the enriched trajectories using an ontological approach, and (d) to utilize
semantic queries in SPARQL to support simple analytics tasks. The goal is to
implement the above modules as extensions on the well-known and widely used
MovingPandas platform,deliveringanovel framework, namely, the ReconTraj4 Drones
framework. The implemented solution has been evaluated using real datasets
(photosets) collected during cultural heritage documentation missions, as well as open

datasets.

ReconTraj4Drones is currently the only free and open-source trajectory management
tool that supports (a) trajectory reconstruction using geo-tagged photos and (b) the
annotation and analytics of the reconstructed and semantically enriched trajectories. By
reviewing related works, it is concluded that these emphasize the trajectory

reconstruction process based on (i) photos found in sources such as Flickr, (i1) videos,
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and (ii1) users’ posts on social media. These approaches do not provide a freely
available and open-source tool for testing and evaluation. In this thesis, the
ReconTraj4Drones framework is compared with two related tools, and its performance

is evaluated against several criteria using four different datasets.

The structure of the thesis is as follows. Section 2 describes the basic concepts of UAVs
and Swarms, Semantic Trajectories, as well as Big Data Analytics and Visualization.
Section 3 discusses the survey methodology and the decisions made for the final
selection of related papers. Section 4 presents the reviewed state -of-the-art related work
regarding semantic trajectories reconstruction, annotation, analytics, visualization and
related tools for the field of UAVs and Swarms and not only. Section 5 presents the
challenges and the open issues related to semantic trajectories’ reconstruction,
modeling, analytics and visualization. Section 6 presents the implemented framework
that extends the functionality of MovingPandas. Section 7 presents the datasets used
for the evaluation of the proposed solution, the produced results as well as the

limitations and future work. Finally, Section 8 concludes the thesis.
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2 Background Knowledge — Preliminaries
2.1 UAVs and Swarms

Unmanned Aerial Vehicles (UAVs), known as drones, are aerial vehicles without
human crew or passengers. UAVs come in various sizes, number of rotors and
configurations according to their operation domain. During the flight they can be
controlled manually, by a pilot executing remote control operations from an operations
center, autonomously using onboard processors and sensors [12], or using a hybrid
control combining both the above methods, succeeding a semi-autonomous flight [2].
Drones can be classified into groups according to their size, range of flight and
equipment [13]. Moreover, they can be grouped into four major categories: fixed-wing,
fixed-wing hybrid, single rotor and multi rotors [14]. Each of these types has its own
characteristics and restrictions. The main features concern flight endurance, speed,
hover capability, VTOL (Vertical hover, Take Off, and Land), cost and weight. On the
other hand, the most important limitations concern energy consumption, as usually
UAVs are battery powered to perform flight and mission operations like data
processing, communication, and hovering. These characteristics and limitations
determine the appropriateness of a specific type of one UAV for a specific application
area. For example, multi rotor UAVs have low cost, easy production and are used for
basic operations like photography and surveillance. This type of UAV is not suitable

for environmental mapping applications like cartography [15].

A swarm of UAVs is a group of aerial vehicles that cooperate to achieve a specific
common goal. Swarms of UAVs can be classified into two categories according to the
degree of flexibility that each UAV has [13]. Particularly, there are single-layered
swarms, in which every UAV is the leader of itself, and multi-layered swarms. The
latter category has a hierarchical form, in which each layer has a number of UA Vs that
are leaders for UAVs at a lower level, and at the same time they have leader UAVs at
a higher level of the hierarchy (Figure 2). The communication is feasible between
UAVs at the same hierarchy level or with their UAV leaders at a higher layer. Each

drone of the swarm can have particular real-time data collection and data processing
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tasks. The control and the formation of the whole swarm is executed by a single user,

through the leader drone which belongs to the higher level in the hierarchy.

& T,
Level A /

m Desision Maker / Commander

Level B Eeader

7o 7

Level C '
e
Figure 2. Hierarchy of swarm of UAVs

Although a common application of swarms of UAVs is the military operations, their
advanced capabilities, and the low cost of production, led their use in a wide range of
applications and domains [3]. The most prominent application domains extend from
security and surveillance [16] to disaster management [13], from environment mapping
[13]to Search and Rescue operations (SAR) [17] providingreal-time images and videos
of a targeted locations, and from delivery of goods [17] [16] to precision agriculture
[3]. The application of a UAV or a swarm of UAVs in the above domains can have
effective, timely, and precise results, minimizing the human effort and risk and reducing
the total cost of operations [13]. For example, a swarm of drones can quickly reach a

highly dangerous location in fire (e.g., building, forest, ship) providing images and

video from the area, that are necessary for efficient disaster management.

2.2  Semantic Trajectories
A trajectory is a set of tracked segments related to a moving object that are in the
domain of interest of a given application [10]. Trajectories in a raw data form, called

raw trajectories, are referred to as sequences of spatiotemporal data of a moving object
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position. The analysis of such data produces low quality results, in contrast to enriched
trajectory data that explained later on. The study of trajectories is fundamental for the
analysis of movingobjects behavior, coveringa wide range of domains. Movingobjects
data contain a plethora of useful information in the path followed by a moving object,
navigating between two or more starting/ending points. The behavior of a trajectory is
a set of distinguished characteristics that describe the trajectory, identifying special
features of an individual or a group of moving objects. This set of distinguished
characteristics that describe a trajectory or a group of trajectories is called pattem
[10][18]. Analytic tasks can be applied either in raw trajectories or in semantically
annotated (enriched) trajectories. Even if, in the domain of trajectories’ analysis, data
mining tasks have a paramount importance, the extraction of trajectory patterns is
mostly based on algorithms designed for raw movement data. That condition leads to
poor extracted results, as these algorithms are not capable of recognizing patterns for
specific domains. Lastbutnotleast, the exclusive usage of raw geographic data derived
from tracking devices, like GPS, suffer from the absence of contextual information

about the movement [19][20].

To derive more meaningful and enriched data from the trajectories’ analysis, it is
necessary to expand the information about these moving data by the development of
semantic trajectories. Semantic trajectories are referred to as enriched trajectories with
semantic annotations at different levels of details, having one or more complementary
segmentations [21]. The enrichment of raw trajectories with context-based information,
i.e., semantic information relevant both to the application domain and to the moving
object, as well as the contextual association of trajectories with related high-level
(critical) events, are a challenging area of interest. To meet specific challenges in this
research area, the usage of knowledge representation technologies, such as Ontologies
and Linked Data (LD), are proposed. These technologies aim to define a semantically
connection between the trajectory patterns and behaviors with a broader context of the
movement. According to the application domain, a semantic trajectory can be
segmented into trajectory parts, called episodes [10]. An episode could be “stop” or

“move”, a point or a region of interest, means of transportation, etc. Knowledge
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discovery from semantic trajectories aims to the extraction of common behaviors
(patterns) among individuals or groups of trajectories, based on characteristics like
stops, regions of interests, or specific patterns that can be used to create classes
facilitating classification or identification of future trajectories [10]. Semantic
trajectories’ analytics have been recently proposed as the basis for recommender

systems in different domains e.g., in cultural spaces [22].

A semantic trajectory of swarm of drones [23] is a synthesis of semantic trajectories
[10] of multiple units moving(flying) in a specified formation, sharingcommon origin-
destination points, having a common mission, enriched with semantic annotations at
different levels of detail, having one or more complementary segmentations, where
each segmentation consists of a list of annotated episodes and it could be defined as

following:

DroneSwarmSemTraj = (droneSwarmSemTrajID, swarmID, originPoint,

destinationPoint, swarmMissionlD, DTrajectories, segmentations)

Where,

DTrajectories = {DTraj;, DTraj,, ... , DTraj,}

Segmentations = {segment;, segment,, ..., segment,}

DTraj = (trajID, dronelD, missionID, trace = {(X1, y1, t1), .. , (Xn, Yn, tn)})

segment= (segmentlD, {episodey, ..., episode,)

episode = (t;, t, annotationType, episodeAnnotation)

Xj, i is the coordinates of the position i

tiis the timestamp if the position 1

A drone’s trajectory (DTraj) is a sequence of points (traces) that specify the position of

the moving entity in space and time. A segment is a part of the trajectory that contains
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a list of episodes. Each episode has a starting and ending timestamp, a segmentation
criterion (annotation type), and an episode annotation. For example, an annotation type
can be the “weather conditions”, and an episode annotation can be “a storm”, “heavy

29 ¢

rain”, “extremely high waves”, etc.

2.3  BigData Analytics and Visualization

In the information era, enormous amounts of data are creating every second. The wide
propagation of the Internet and social media in combination with the explosive
evolution of Internet of Things with advanced sensors in various devises contribute to
this phenomenon. These massive volumes of unstructured and semi-structured
heterogenous and multi-modal data are known as Big Data. The term Big Data is
referred to datasets that grow so large making their management extremely difficult
when traditional tools and techniques are used [24]. The main characteristics of Big
Data include the volume, the velocity, and the variety, that are referred to the size, the
rate of change and the different formats and data types of the data respectively [25],
while additional characteristics such as veracity are also under research, concerning the
quality of the data (good, bad, undefined, incomplete, ambiguous, etc.) [26]. The export
of valuable insights and information from such a varied and rapidly changing data is
crucial for decision makers in various fields from economy to military operations. Some
of the significant challenges related to Big Data include the capture, storage, search,
sharing, analytics and visualization. To address these challenges advanced analytic
techniques are applied on enormous datasets [27]. The process of analysis and
extraction of useful and previously unknown patterns, relationships and information by

applying appropriate algorithms is called Big Data Analytics [25].

A significant portion of Big Data is Geospatial Big Data [28]. The size of these type of
data is growing rapidly year after year thanks to the advancements of sensors and
communication technologies [29]. Thus, the main challenge is not the acquisition of
such raw data, but the development appropriate methods and models to turn raw spatial
data into useful and reliable knowledge [30]. To meet this challenge the usage of
(spatial) visual analytics is imperative. The term Visual Analytics is referred to the

combination of automated analysis techniques with interactive visualizations, so as to
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effectively understand, reason and make decisions on a voluminous and complex
dataset, combining visualization, data mining and management, data fusion, statistics
and cognition science [30]. On a more abstract level, visual analytics provide methods
and techniques to exploit the strengths and the intuition of humans in combination with
the speed and the high precision of machines. On the other hand, visualization becomes
the medium part of the above semi-automated process, in which both sides use their
distinctive capabilities for most effective results. In the field of geospatial data, the
analysis of spatio-temporal data comprises a challenging problem. These types of data
are often incomplete, noisy and heterogenous making their analysis process extremely
complicated. Thus, the extraction of relationships, patterns and trends in these data
require the development of appropriate functions capable of executing management,

representation and analysis operations [31][32].

The extraction of useful and meaningful information from large, heterogenous
historical and streaming data sources is vital in domains such as aviation and maritime.
The exploitation of these information improves the accuracy, the safety, and the
effectiveness in crucial operations that include a big number of moving objects in an
extended geographic area. Challenges in these domains primarily concern effective
detection and prediction of moving objects’ trajectories and events in a wide area of
interest[33]. The more accurate the predictions of trajectoriesare, the more they reduce
the level of uncertainty, enabling the stakeholders and decision makers to have clearer
awareness of the situation reducing the risk of undesirable situations [34]. Combining
algorithmic analysis with human analysis’ insights, visual analytics provide an iterative

process towards this direction.
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3 Research Methodology

The research methodology followed in this paper focuses mostly on the collection on
information sources related to semantic trajectories analytics and visualization in the
domain of UAVs/drones. Research articles from the academia, related literature, and
web resources published in a period of 5 years (2017-2022) to limit the survey in the

mostrecentone. The whole research procedure was conducted in a period of 1 5 months.

The research of articles was conducted on academic web portals like Google,

ReasearchGate, IEEEXplore, ACM digital library, and Springer Link.

The search terms used in various combinations were:

. Semantic trajectories

. Trajectory enrichment

. Trajectory annotation

. Trajectory analysis

. UAVs trajectories

. Trajectory analytics and visualization tools
. UAVs semantic trajectories analysis

. UAVs swarms

. Geo-tagged media

Although a significantamount of novel works about semantic trajectories and trajectory
analytics in a wide range of domain, has been published, we have included articles that
cover not only UAVs’ trajectories but also articles oriented to human movement
trajectories from the domain of tourism, in order to cover novel ideas about semantic

modeling, analysis and visualization in the field of semantic trajectories. Finally, even
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if a significant amount of innovative works about trajectory analytics and visualization
tools has been published, we included free, open-source, and the promising and widely

approved tools.
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4 State-of-the-art

4.1 Semantic Trajectories

4.1.1 Segmentation and annotation of semantic trajectories

Data cleaning is the first fundamental task in the process of movement data analysis, in
which systematic and random errors that are caused by GPS’s limitations are removed
[35]. It is a crucial procedure that cannot be overlooked. Cleaned from noise and
ambiguities the movement data are being segmented into trajectory parts. This
segmentation task is based on some criteria in order to distinguish the homogeneous or
similar parts of a trajectory and can be done using supervised and unsupervised
Machine Learning (ML) techniques. The first approach is user-based, as labels criteria
and thresholds are predefined from them. Unlike the supervised approach, the
unsupervised approach imposes the criteria based on the data properties. Amilcar [36]
proposed a semi-supervised approach for the semantic segmentation of trajectories
using the proposed Minimum Description Length (MDL) principle to measure the
homogeneity inside segments. This approach constitutes a combination of both
supervised and unsupervised techniques where a user labels manually a small set of
trajectories according to some criteria, and from that the method fulfills the
segmentation of the remainingparts based on these criteria. The proposed method keeps
the balance between supervised and unsupervised methods, as using a small set of
labeled segments, can automate the task for the whole set of trajectories in a specific
domain. The experimental results conducted in real world datasets prove that the

proposed approach outperforms the state-of-the-art approaches.

In the work of Nogueira et al. [37], the focusis on modeling mobile object trajectories
using an ontology. An episode is defined as the smallest semantic unit in Semantic
Trajectory Episodes (STEP). To represent generic spatiotemporal episodes with
different levels of granularity, they expand the already published STEP ontology [38].
It is referred that the existence of a transparent model, the support of reasoning by
inference, and the integration of different data and metadata from various data sources
to enrich movement data, are some of the advantages of using Semantic Web

technologies. To validate their work, they implemented a framework called
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FrameSTEP. That framework acts as an intermediate between the expanded STEP
ontology and the annotation algorithms, to map the ontology entities into object-
oriented classes, enablingthe creation of episode instances thatcan be then transformed
and serialized into RDF triples [39]. The proposed framework exploits both the
ontology and the annotation algorithm to create semantic trajectories from raw GPS
data. To enrich the trajectories, the annotation algorithms can either use exclusively the
computed attributes from FrameSTEP or combined with external data sources. The
framework also uses the Linked Open Data cloud and OpenStreetMap tags, to retrieve
various data about the context and the environment, in which the analyzed trajectories

take place.

Another work for trajectories’ segmentation, following a different approach, is
presented by Ogawa et al. [40]. Motivated by the analysis of the pedestrians’ behavior
based on their trajectories, captured by video cameras, they propose a trajectory
semantic segmentation method based on learned behavior models from video
sequences. First, the proposed method, learns some behavior models from video
sequences and then using this knowledge along with a Markov model, they segment a
trajectory into semantic segments. A Mixture model of Dynamic pedestrian Agents
(MDA) proposed by Zhou et al. [41] is used for the first step of the process, in which
pedestrian trajectories are represented as a mixture model of dynamics and belief. As
outcome of the above first phase is a model that cluster the trajectories according to the
estimated agents. In the second phase of the proposed method, a Hidden Markov Filter
(HMM) [42][43] is used to segment the trajectories based on the learned agent model.
To measure the segmentation accuracy, they compare the proposed method with the
Ramer-Douglas-Peucker (RDP) algorithm [44][45]. The experimental results show that
even if the proposed method works better than the RDP algorithm, the occurred errors

caused by the HMM are relative larger than the latter.

Chen etal. [46] motivated by the lack of a complete and concrete data organization for
storing and managing raw trajectories along with contextual semantic data as a whole
structure, focuses on organizing raw spatial trajectories and fusing them with semantic

data. Thus, they proposeda structured and self-described way for semantic organization
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and fusion of trajectory data. To meet this challenge, a model is implemented, in which
each user has multiple trajectories and each trajectory is segmented into multiple
episodes. These episodes are annotated with structures sentiments, events or topic

words derived from users’ posted text, such as twitter texts, using Natural Language

Processing (NLP).

4.1.2 Semantic trajectories modeling

In crucial domains, such as the aviation, the effective and timely detection and
forecastingof movingobjects’ trajectories, as well as the prediction of importantevents
analyzing these trajectories are vital. Motivated by the challenges about effective
detection and forecasting of events related to trajectories of moving entities,
Santipatakis et al. [47] proposed the datActron ontology. The purpose of the proposed
ontology is to represent semantic trajectories at varying levels of spatio-temporal
analysis and to demonstrate the procedure of data transformation via enhanced queries
in SPARQL to support analytics tasks, ensuring the appropriateness of the available
data to the goals of the analysis. Mobility analysis tasks are based in a wealth of
disparate and heterogeneous sources of information that need to be integrated. The
proposed ontology as a generic conceptual framework, tackles this challenging
problem. A scenario from the domain of the Air Traffic Management (ATM) is used,
concerning the flow management (FM), in order to show how the proposed ontology
supports transformations between different data representations, supporting effective
analysis tasks. The experimental results demonstrates that the proposed ontology
supports the representation of trajectories at multiple, interlinked levels of analysis,

overcoming the limitations of SPARQL as far as data transformation requirements.

Furthermore, motivated by the need to exploit, manage, and integrate the ever-
increasing volume of heterogeneous real-time spatio-temporal data and archival data,
so as to significantly increase the safety and the effectiveness of crucial operations for
a big number of moving entities in large geographic areas, Santipantakis et al. [48§]
proposed the SPARTAN framework. The proposed framework providescapabilities for
semantic integration of big mobility data with other data sources, providing a unified

representation of these data, and enabling analytic tasks of trajectories at various levels
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of analysis. The domain of interest in this work are maritime and aviation. One of the
main challenges of this work is to provide enriched semantic trajectories of entities in
the form of RDF streams in real-time with low latency, so as to be consumed by online
analysis components. To meet these challenges, the proposed framework provides
online compression, data transformation and link discovery functionality. It ingests
streaming of real-time spatio-temporal data, executes data cleaning and summarization
and transforms data to RDF in compliance with the datAcron ontology [47] for
trajectories. Finally, they integrate surveillance data with other archival and streaming
data. As a result, the proposed framework produces a stream of linked data, in the form
of RDF, that contain enriched trajectories of moving objects. The experimental
evaluation using large, real-life datasets demonstrates the efficiency and the scalability

of the proposed framework.

Trajectory representation methods in most cases focus mainly on spatiotemporal
information, ignoring semantic knowledge that could be extracted from them, causing
limited mining tasks. To tackle this problem, Gao et al. [49] introduce a semantic
trajectory representation method, which takes into account trajectory structures,
temporal information as well as domain knowledge, making possible the efficient
retrieval of semantic information. Firstly, the massive amount of raw GPS’s points is
reduced to multi-resolution Region of Interests (ROIs) from a lower level of details to
a higher level, employing a proposed synchronization-based clustering model. Thus,
each trajectory can be represented as sequences of ROIs in a tree-shaped hierarchical
network. After that, inspired by Natural Language Processing (NLP) techniques for
word embedding, they propose a hierarchical embedding model. This model, is used to
transform each sequence of ROI to continuous vectors taking into account network
structure, domain knowledge and temporal information, applying geometric properties
and semantic information. This approach, enables users to retrieve similar trajectories,
computing the Euclidean distance between two vectors. The experimental results show
that the proposed approach outperforms the traditional methods, performing

complicated mining tasks and returning meaningful results.
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To meet the challenge of the integration of all heterogeneous information in a single
trajectory representation, so as to succeed efficient query and pattern extraction from
that semantic data, Santos Mello et al. [50] to introduce the concept of multiple aspect
trajectory, and proposes a novel approach to model this kind of trajectories, called
MASTER. An aspectis referred as a relevant for trajectory analysis real-world fact that
is characterized by an aspect type. Moreover, an aspect may hold any type of data and
it can be related to a moving object, to the entire trajectory or part of it. The aim of
MASTER is not only to represent trajectories for any type of application, but also to
formulate an expressive data model as well as to provide an effective solution for
storing and querying multiple aspecttrajectories. It comprises an expressive conceptual
datamodelto representdifferenttype of movingobjects and a variety of spatiotemporal
and semantic aspects relevant to a wide range of applications. To meet the standards of
the Semantic Web [51] the conceptual model is converted to Resource Description
Framework (RDF) format and is stored in a NoSQL databases. The qualitative and
quantitative evaluation of the MASTER in the tourist domain, demonstrates that the

proposed approach is feasible and outperforms the state-of-the-art competitors.

Structural and semantic heterogeneities in movement data sources, due to the eruption
of dynamic, disparate and geographically distributed mobility data, are the most
challenging problems to deal with as far as modeling and querying trajectory data.
Manaa et al. [11], propose an ontology-based framework for semantics-oriented
modeling and querying of trajectory data. Taking advantage of the supremacy of
Conceptual Ontologies in many aspects of knowledge representation like consensuality,
interoperability, referencing and reasoning, they define a pivot model to reduce
heterogeneities amongmobility data sources. The proposed modelis composed by three
sub-ontologies (modules) which are the geometric trajectory module for the geometric
description of the trajectory, the geographic module for geographical information about
the space in which the moving objects moves, and the application domain module, that
includes information related to the domain of interest. These three modules together
compose a Generic Semantic Trajectory Ontology, defining a high-level formalism for

the trajectory representation that can be used in a wide variety of domains. As stated in

27
< w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.
LInpopopikncy tov Avopéo. Xoviapion

MSc by research
Intelligent Computer Systems



MANEIIETHMIO
v AITAIOY Semantic modeling and reconstruction of drones’ trajectories

the study, the proposed approach was validated through a case study in which human
movement data are used, showing the complexity reduction of the queries that

facilitates the trajectory data analysis process.

4.1.3 Semantic trajectory analytics

The continuous increasingly volumes of moving data have led the interest in pattem
mining from semantic trajectories. The record of users’ movement data recorded by
positioning devices like smartphones’ GPS, led Zhang et al. [52] to propose a
framework for semantic trajectory patterns mining from those data. Motivated by the
lack of semantic information of trajectories in the existing knowledge extraction
methods, they proposed the Prefix Span framework, that takes semantic information of
trajectories into consideration. The proposed framework consists of three main parts.
Firstly, using a spatiotemporal threshold along with a clustering based pre-processing
model, process the raw trajectories to extract stopover points from raw data. After the
pre-processing procedure, the extracted stopovers are annotated using a proposed
probabilistic generative model to decide the purpose of visit in each POI. Finally, they
apply the proposed PrefixSpan algorithm to mine semantic trajectory patterns. They
compare the proposed framework with K-Means [53] and DBSCAN algorithms [54]
using real users’ movement data. The experimental results indicate that the proposed

framework outperforms the other approaches producing meaningful patterns.

In contrast with several approaches of mining sequential patterns in an entire spatial
region, Choi [55] proposes the idea of pattern mining from trajectories in a regional
level, where a region is defined as an area with a set of Points of Interest (POIs). The
main challenges in this work, is the computational complexity of the enumeration of
maximal frequent subsequences, as well as the definition of the spatial locations where
the pattern takes place. To meet these challenges, they formulate the problem as a
clustering problem based on the pattern and the density of each of them. After
computing the frequency of a pattern in space, they define the region of the pattem,
composing a cluster of instances of the pattern according to its density, using the
proposed RegMiner mining algorithm. Moreover, to avoid excessive occurrences of a

pattern, they propose a new type of pattern in sequence called, compact sequential
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pattern. The experimental results not only demonstrate that the proposed algorithm
produce more effective, efficient and quality results than the conventional global
mining algorithms, but also reveal patterns that are hard to be discovered with the latter

approaches.

In some domains and applications, the future location prediction of a moving object is
vital. Karatzoglou et al. [56] proposes a dynamic and novel approach in the field of
future location prediction in semantic trajectories. Motivated by the hypothesis thata
dynamic purpose-dependent location clustering could improve the overall performance
of the future location prediction, proposes a hybrid framework that combines data-
driven and knowledge-driven model that are fused with a Purpose-of-Visit-Driven
Semantic Similarity (PoVDSS) metric. Thus, unlike the conventional approaches in
location prediction that use static semantics both in locations and the relations between
these locations and the users, the proposed approach takes the current situation and the
personal perception of users into account as far as the modelling locations procedure.
To succeed that, they merge semantics with machine learning, combining semantic
enrichment and predictor process. The proposed framework composed by two
branches, the first of them it is used to semantic annotation of trajectory with semi-
supervised manner and the produced results are used to create an Ontology -based
Knowledge Base. The Purpose-of-Visit-Driven Semantic Similarity Analysis
(PoVDSSA) takes place to dynamic clustering of the locations. The second branch
trains a prediction model based on the raw trajectory data, and that model are being
optimized by the PoVDSSA. Finally, the POVDSSA model provides an estimation
about the future location of the user. Experiments show that the accuracy of the

prediction is approximately 80%.

Location Based Services (LBS) rely more and more in predictive models, that try to
estimate the nextlocation that a moving object will visit. The importance behind the
accurate location prediction models, is that help the service providers to properly
manage their resources and infrastructures with efficient way. Artificial Neural
Networks and mostly recurrent architectures such as the LSTMs (Long Short-Term

Memory) neural networks [57] succeed sufficient performance in this domain.
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Karatzoglou etal. [58] propose an extension of the existing LSTM network approach,
by applyinga Sequence to Sequence (Seq2Seq) learning, to improve the predictions’
accuracy in human semantic trajectories scenario. The Seq2Seq models are trained to
map input sequences to output ones, while its architecture consists of two modules for
preprocessing and training-prediction respectively. Semantic trajectories are generated
from raw and semantic data and comprise the input of the training module along with
the corresponding to be learned targets. To make the predictive model more efficient,
it is used the Beam-Search method during the prediction phase. To evaluate their
approach, they used two real-world datasets and compared it with state-of-the-art
approaches. The experimental results show that the proposed approach is able to

compete other techniques.

Similarity measures of trajectories constitutes another common analytic task, as they
are the basis of several data processing and analysis techniques. Even if the
conventional trajectory similarity measures deal with semantic enrichment of
trajectories, they take into consideration only stops, ignoring the moves. Lehmann et
al. [59] claimed the importance of considering both stops and moves in similarity
analysis, proposing a novel similarity measure for semantic trajectories taking into
account both stops and moves, called SMSM (Stops and Moves Similarity Measure).
The proposed approach is flexible enough to partially consider the sequence of stops,
allowing different semantics for moves and using weights to define the importance of
stops, moves and their attributes. The semantic similarity measure considering both
stops and moves along with spatiotemporal and semantic information, allows the use
of different distance functions for each dimension, making the measure adaptable for a
wide variety of applications. The experiments conducted for the evaluation of the
SMSM show that the proposed measure, taking into account both stop and moves, has
a higher degree of accuracy compared with the traditional measures developed either

for raw or semantic trajectories.

The low cost of camera along with the high level of reliability compared with GPS in
dense downtown areas led Yan etal. [60] to propose a vision-based method to globally

localize a UAV flying in an urban area. They use the Google Street View as prior
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information, to create an image database for querying. The main challenge in this work
is to address the so-called air-ground matching problem, causing from the large
difference in viewpoint between the air-level images of the monocular camera of UAV
and the groud-level images of the Google Street View. To tackle this problem, they
propose a place recognition algorithm that generates visual views, along with a coarse-
to-fine scheme with histogram-voting. To estimate the position of UAV in the real-
world coordinate system, they propose a novel mechanism that estimates the absolute
scale and fixes the scale drift of the visual odometry. Finally, the UAV trajectory is
returned after the optimization of the pose graph of UAV. The experimental results

shown that the proposed method is able to localize an UAV in a pre-visit area.

4.1.4 Semantic trajectories from geo-tagged data

Photos uploaded by users in websites and social media are valuable data sources for
mining behavioral, hence movement, data . In the work of Jarv [61], these data sources
are used to construct trajectories of users’ movement in the context of tourism. The
trajectories of movingusers are being constructed using the location and timestamp of
individual photos taken by them during their trip. To ensure “clean” mobility traces,
that are caused by human or software errors in photos’ metadata, they propose a
heuristic noise filtering for the removal of those photos. To find erroneous photos, they
calculate the speed between two consecutive points using OpenStreetMap! and the
OpenSourceRoutingMachnine? (OSRM). In case the speed exceeds a given threshold
the “noisy” photo is found heuristically and removed. For exporting common pattems
of activities, they focus on adding place semantics by integrating Points of Interest
(POIs) from a database. Initially, the individual photos are clustered by proximity to
each other, segmenting the trace into episodes of “stops”and “moves”. These episodes
are annotated according to the existence of one or more POIs in a given radius. To
address problems with multiple POIs, they utilize the popularity score of those places,

if available, so as popular POIs extend in a wider area. The conducted experiments

! https:/www.openstreetmap.org/#map=7/38.359/23.810
% http://project-osrm.org/
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show that even if taking into account the popularities of POIs in annotation process the

accuracy improved from 60 to 68% but it is still low.

In the work of Cai et al. [62], the focus is on extracting Semantic Trajectory Patterns
from geo-tagged data. A trajectory pattern, as introduced in [63], is a moving sequence
of places associated with transit time annotations. For example, in the tourism domain,
a moving sequence of places is from a museum to a restaurant after spending 5 hours
at the museum and from the restaurant to the hotel after spending 1,5 hours at the
restaurant. They propose a semantic trajectory pattern mining framework from geo-
tagged data taken from social media, representing peoples’ movements and trails, to
create raw geographic trajectories. These raw trajectories are enriched with contextual
semantic annotations, using a region of interest (Rol) as stop to illustrate a place of
interest. A Rol can be inferred by the high density of trajectories in a specific place.
Moreover, they further enrichthese places with multiple semantic annotations. So, each
semantic trajectory is a sequence of Rols with a set of multiple additional semantics.
Atthe core of the proposed framework is a semantic trajectory patternminingalgorithm
which is an extension of the TAS algorithm [64], for dealing with semantic trajectories.
The algorithm, returns basic and multidimensional semantic trajectory patterns.
Experimental results, using geo-tagged photos from Flickr website and GPS datasets,
demonstrate that not only the proposed framework is able to mining patterns of
semantic trajectories with various additional semantics, butitcan be used with different

types of trajectory datasets.

Cai et al. [65] uses the algorithm of mining semantic trajectory patterns presented in
[62] to build an itinerary recommender system. In this work, they take advantage of the
enormous amount of online photo data posted by users in social media, to build a travel
recommender system. The main challenge in this work is to create an itinerary
recommender system taking into account user predefined preferences and constraints.
To meet this challenge, they propose a framework that consider spatio-temporal,
sequential and non-spatial semantics. At first, they mining semantic trajectory pattems
from users’ geo-tagged photos posted in social media, using the proposed algorithm

[62]. These extracted semantic trajectory patterns from previous users are used for
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itinerary recommendations. Inputs to the proposed framework are the preferences of
the users includingplace types and durations. After checkingthe correctness of the user
query, search related itineraries from the exported semantically trajectory patterns. The
less related itineraries are filtered and removed, and the rest of the results sorted based
on the user satisfaction. A satisfactionis defined as the number of place types of the
recommended itinerary meets the needs of the users. Experimental results have shown
that the proposed framework produce semantic-level itineraries providing the users
with useful environmental semantics information comparedto traditional recommender

systems.

A further work of Cai et al. [66] make use of geo-tagged photos from social media to
discover mobility behaviors. The main challenge in this work is to combine geographic
and non-spatial semantic features in the mining process in contrast to traditional
methods that use only geographic features from raw trajectories. To meet this
challenge, they propose a common trajectory pattern mining method based on a
clustering algorithm along with a novel similarity measure method for
multidimensional semantic trajectories. The proposed algorithm for the semantic
trajectory clustering (SemTra-OPTICS) is an extension of OPTICS algorithm [67]
equipped with a similarity measure method for semantic trajectories. The novelty in
similarity function lies in the classification of semantic dimension in compulsory and
optional, giving the flexibility to choose them according to application scenarios.
Semantic trajectories, built after multiple types of annotation of raw data, are used to
generate clusters of trajectories using the ExtraDBSCAN -clustering method [67] along
with the SemTra-OPTICS algorithm. Experimental results demonstrate that the
proposed method reveals more detailed semantically enhanced patterns compared to

traditional approaches.

4.2 Trajectory Analytics and Visualization tools

The study of trajectories extends in a wide range of applications, from the analysis of
animal movements to the area of robotics, causing the implementation of several
trajectory analytic software to facilitate the efficient and effective modeling and

analytics process. The whole processing of trajectories includes many tasks, from
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trajectory buildingbased on raw data, to pattern recognition and production of statistics.
Moreover, despite the plethora of analytic tools, the majority of them model the
trajectories in a fixed and limited dimension, and use different data structures, causing
incompatibility between them. In the following paragraphs we present three selected
free and open-source tools/libraries/frameworks available online for engineering

analytics and visualization approaches of trajectories.

Reyesetal. [68] propose asoftware library called Yupi. The main goals of the proposed
library are a) to be abstract enough, so as to be used across several domains, and b) to
be simple enough for researches with limited programming or computer vision
knowledge. Yupi’s modules contain special tools that allow trajectories creation from
video sources, artificial trajectory creation, visualization and trajectories’ statistical
analysis. To provide compatibility between the existing tools, the proposed software
enables a two-way data convention among Yupi and third-party software through the
Yupiwrap package. They validated their software by reproducing the results in selected
research papers with a few lines of code, demonstrating the effectiveness of the

proposed software.

Motivated by the lack of temporal dimension support in conventional GIS
environments, and by the absence of a Python library for efficient movement data
analysis, Grasier proposes a general-purpose Python library for the analysis and
visualization of trajectory data called MovingPandas [69]. The proposed library
composes a combination of Pandas [70], a data analysis library in Python focused on
timeseries, and GeoPandas [71], a spatial extension of Pandas, that extends its
DataFrames creating GeoDataFrames. Beingbased on GeoPandas, the proposed library
allows several operations on trajectories, such as clipping and intersection computation
with polygons. In MovingPandas the trajectory is the core object, and modelled as time-
ordered series of geometries, stored as GeoDataFrame and integrated with coordinate
reference system information. Depending on the domain, and the purpose of the
analysis, a trajectory object in MovingPandas can represent its data either as point-
based, or as line-based, while the analysis process and the visualization are executed in

two-dimensional space. The proposed library can be used as a stand-alone Python
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script, as well as within the desktop GIS application QGIS as a plugin called Trajetools.
The demonstration of MovingPandas in stand-alone Python scripts as well as in QGIS

application, using Geolife datasets illustrates the usefulness of the proposed library.

The emergence of massive mobility data sets obtained by GPS devices incorporated in
smartphones, and geo-tagged posts in social media, have fostered a huge interest in
human mobility analysis. However, there is a lack of a software to support vital aspect
such as data preprocessing issues, discovery of statistic laws, generation of synthetic
trajectories, handling crucial privacy problem. Motivated by the above challenges,
Pappalardo et al. [72] propose a Python library called scikit-mobility, to provide a
unified environment for the generation, analysis, visualization and privacy risk
assessment of human mobility data. Even if the proposed library is oriented to human
mobility analysis, its features can be applied to other types of mobility data. Scikit-
mobility extends Pandas library [70] of Python for data analysis. There are two main
data structures the TrajDataFrame and FlowDataFrame for the representation of
trajectories and flows respectively. A flow is referred as the objects’ aggregated
movements between a set of locations. Both structures inherit the functionality from
the DataFrame structure of Pandas, allowing compatibility with other Python libraries
and machine learning tools. The proposed library is characterized for efficiency and

ease of use.

4.3 Semantic trajectories for swarms of UAVs

The extensive use of UAVs has also influenced the military operations. Applications of
swarms of UAVs in the modern battlefields have been successfully implemented into
air combat and surveillance operations. Consequently, the effective encounter of
swarms of UAV has become an important challenge for a successful outcome of a
modern war [73]. The key point to meet this challenge is to predict the trajectories of
swarms of UAVs. Traditional methods are based in dynamic models and use theoretical
research and numeric analysis for the trajectories’ prediction. However, the calculation
procedure of the analytical solution makes this approach notreliable and hard to be
applied in actual conditions. On the other hand, even if Machine Learning methods

based on Deep Neural Network can provide accurate solutions, the assumption that the
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initial velocity of moving objects is zero level, makes this approach unfeasible. Wang
et al. [74] motivated by this challenge proposed a novel framework to predict the
trajectory of swarms of UAV that is based on Neural Relational Inference (NRI) model
[75] and a novel Mapping Table. The NRI model consists of four parts and learns to
infer interaction graph while learning the dynamics from observational data. The goal
of the NRI is to predict the future state of N nodes based on the model that has been
learned. They use the Mapping table to generate related datasets both for the training
and prediction phase. The experimental results show the effective prediction of swarms’

trajectories.

UAVsattract much attention in a wide field of applications from military to agricultural
operations and have been a steadily growing market [76] that causes the need for
developingmethods for trajectory prediction. Trajectory predictionin the UAV domain
is defined as the forecasting of the path an air vehicle will follow fora comingtime
point. The accuracy of the predicted trajectories is of paramount importance, and it is
based on factors like the initial state, the weather conditions,and the UAV performance.
The limitations of current prediction models led Huang et al. [77] to develop a generic
and more accurate trajectory prediction model, creating appropriate methodologies to
handle and mitigate errors that cause limited accuracy to the current prediction models.
To meet this challenge, they firstly establish a high-level functional architecture for the
proposed model. To mitigate the produces errors, they quantify the model of each error
component and tackle each of these components incorporating new error modelling
techniques. To verify that the proposed approach is applicable in all UAV applications,
they evaluate the developed prediction model in the most stringent applications, such
as logistics, humanitarian delivery and urban passenger transportation. The
experimental results demonstrate that the proposed model outperforms the state-of-the-

art approaches succeeding higher levels of accuracy.

Autonomous low altitude navigation of UAVs in an unknown and unstructured urban
environment is a challenging task. To succeed a safe flight, the existing approaches,
either use active sensing, carrying large and heavy equipment, or fly in a low speed to

avoid collisions using passive sensors. Both approaches are shared a main drawback,

36
< w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.
LInpopopikncy tov Avopéo. Xoviapion

MSc by researc| h
Intelligent Computer Systems



SN\ TANEITISTHMIO , ) _ S _
Y AITAIOY Semantic modeling and reconstruction of drones’ trajectories

as they cannot exploit the full range of the UAVs’ dynamics. Ryll et al. [78] motivated
by this challenge, propose an approach to semantic trajectory planning for long distance
UAYV navigation in urban environments. Low range perception of the environment and
high computational demand for real-time trajectory planning on computationally
limited hardware are the main challenges for high-speed navigation in a large and
unknown urban environment. To tackle these challenges, they use an RGB on-board
camera to derive semantic information, in order to increase the effective range of the
environment perception along with a sparse graph representation of the environment
using deep neural networks, focusing on mapping the road network of the area.
Experiments in simulated and real-world examples demonstrate that the proposed

approach outperforms traditional approaches based on shortest-path planning.
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5 Open Issues and Challenges

The survey on state-of-the-art shows that there isn’t a single software to support
scientists with all the aspects that concern the trajectory analysis and visualization
process. The great variety of domains in trajectories’ analysis cause different needs and
perspectives for the analysis process. Moreover, the huge variety in used data sets
makes much more difficult the implementation of a unified trajectories’ analysis and
visualization tool. However, a great deal of tools has emerged already, some of them
more generic and some other more specific to particular domains. The scikit-mobility
framework proposedin [72]tries to fill this gap in human movementanalysis particular
and to other types of movement in general. However, its weakness is the scalability in
massive movement data in the order of terabytes as well as the absence of appropriate
algorithms for predicting the next location visited by a moving entity. To this direction,
the capability of the proposed framework to work with massive movement data and to
predict the next location of the moving entities are two open challenges that need to be

tackled.

Another important open issue to consider is related to ontologies. Semantic trajectories
can be created from various different in structure and heterogenous data sources.
Ontologies are used to solve this structural heterogeneity amongsources, specifying the
semantics of concepts in a clear way [13]. Therefore, ontologies are vital for the
enrichment of raw trajectories, playing an important role in the semantic trajectory
analysis and integration of movement data. However, none of the trajectory analytics
and visualization tools presented in this survey [68][69][72] are using ontologies for
the semantic enrichment of movement data. Instead, the trajectory analysis in these
toolsis performedin raw trajectories, producingsimplified analytics results. Moreover,
to the best of our knowledge there is no any open-source tool to integrate semantic
information in the form of ontologies to support trajectories’ analytics in the field of
swarms of UAVs. In this direction, the challenge is to create an ontology-based

framework for the semantic modeling of trajectories of swarms of UAVs.

Finally, an important issue to consider is the use of geo-tagged media files to create

and/or validate trajectories. As presented in the state of the art, geo-tagged data from
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users’ photos and videos taken fromsocial media and smartphones can be used to create
trajectories of moving objects. The data source for the creation of UA Vs trajectories is
mainly GPS signals. However, unpredicted events (e.g., unit malfunction, weather
conditions, security violations) and known operational restrictions of drones can cause
incorrect, invalid, or even missing movement data. Therefore, the reconstruction of
UAV swarms’ trajectories from GPS data is rather difficult. On the other hand, geo-
tagged photos taken by UAVs during the mission can provide the necessary meta-data
for the trajectory reconstruction. However, to the best of our knowledge none of the
existing open-source trajectory analytics and visualization tools use geo-tagged image
files to reconstruct trajectories of moving objects. In this direction, the challenge is to
incorporate the above functionality in trajectory analytics and visualization tools such

as the MovingPandas tool [69].
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6 Proposed Approach (Requirements and Design)

6.1  Frameworkand system architecture

In the previous sections, the importance of UAV trajectory reconstruction using geo -
tagged photos taken during missions (flights) was discussed. To the best of our
knowledge, a free and open-source framework that implements the reconstruction, se-
mantic modeling, and enrichment of UAV trajectories does not exist. To fill this gap,
we have extended the functionality of MovingPandas, a free, open-source, and widely
used trajectory analytics and visualization tool, developing a new framework called
ReconTraj4Drones. The proposed framework extends MovingPandas with additional
modules regarding trajectory reconstruction using geo-tagged photos, trajectory
enrichment with weather and POI data, trajectory segmentation based on specific
criteria (altitude variations, time intervals, distance), trajectory interactive visualization
using OpenStreetMap, trajectory semantic annotation using our Onto4drone ontology?,

and finally, trajectory semantic analytics using SPARQL queries.

The workflow of the proposed processes (Figure 3), from geo-tagged images to
semantic trajectories, does not follow a predefined sequence of modules’ execution.
Starting from the reconstruction of the raw trajectory from geo-tagged images and their
enrichment with external data, the enriched trajectory can be segmented based on
specific criteria, visualized, or semantically annotated using the Onto4drone ontology.
The latter can also be executed after the Interactive Visualization and Segmentation
modules. Moreover, after the Enrichment process, the stops of the UAV can be detected
in the trajectory using the corresponding functionality of MovingPandas. Finally, after
the Semantic Annotation module, the drone’s semantic trajectory is created (in RDF),
and the Semantic Analytics can be executed using SPARQL queries. Figure 3 depicts

the overall workflow.

® https ://github.com/KotisK/onto4drone
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Figure 3 Workflow of the trajectory reconstruction, semantic annotation, and
analytics.

The extracted metadata from geo-tagged photos are used as input in the trajectory
construction module of MovingPandas to create the raw trajectory. The provided
functionality of the original framework, such as visualization, stop detection, trajectory
smoothing, trajectory splitting, and trajectory generalization, can be applied in the
reconstructed trajectory. Then, the reconstructed raw trajectory can be enriched with
external data (weather data, POIs) using the Trajectory Enrichment module. The
Trajectory Segmentation module segments the enriched trajectory based on a flight’s
altitude variations, time intervals, or the distance between two consecutive recording
points (geo-tagged images). The Trajectory Stop Detection module extends the
corresponding functionality of MovingPandas, not only to detect stops in a trajectory,
butalso to detect the number of recording points (geo-tagged photos) included in each
stop. The Interactive Trajectory Visualization module is used to interactively visualize
notonly the drone’s trajectory in a simple line, but also to depictadditional information
that the trajectory contains. Such information includes starting and ending points,
segments, stops, weather, and POI data. The Semantic Annotation module is used for
the annotation of the enriched trajectories using the Onto4drone ontology to ensure a
high-level abstraction of the represented data, creating the drone’s semantic trajectory,
which can eventually be exported in RDF. The Semantic Trajectory Analytics module
is used for the analytics of the reconstructed semantic trajectories using SPARQL

queries. Figure 3 depicts the high-level architectural design of the modules of
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ReconTraj4Drones, integrated in MovingPandas. Geo-tagged photos, external data
(weather data, POIls), and the Onto4drone ontology constitute the input data of the
framework. On the other hand, CSV files, both for raw and enriched movement data,
RDF triples of the reconstructed semantic trajectory, along with interactive
visualization, trajectory segmentation, trajectory stops, and trajectory analytics results,
constitute the output data of the extended framework. Figures 4 depicts the high-level
architectural design of ReconTraj4Drones framework, while Figure 5 demonstrates the

detailed data flow and the links between the framework’s modules.
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Figure 4 High-level architectural design of ReconTraj4Drones framework.
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6.2  Trajectory Reconstruction

To create the trajectory of a moving object, it is necessary to have access to the
movement data of that object. Typically, the movement data is related to GPS points
that are recorded during the movement of the object. In the presented solution, raw
trajectories are reconstructed using geo-tagged photos taken by drones during their
mission (flight), as they provide us with suitable data/metadata for the reconstruction
process. The trajectory reconstruction process consists of two parts. In the first part, the
related metadata is extracted from geo-tagged photos, and in the second part, the photos

are resized to make them easier to manage in later stages of analysis and visualization.

The ReconTraj4Drones frameworkuses a setof geo-tagged photos as input. Each photo
is characterized as a (recording) point of the trajectory, providing information about the

latitude, longitude, and timestamp of that point (position). Subsequently, putting these
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photos in chronological order, the drone’s trajectory can be reconstructed. The number
and the time interval between these photos define the accuracy of the reconstructed
trajectory. Typically, a geo-tagged photo not only provides spatiotemporal data
(latitude, longitude, timestamp), but may also provide further valuable information
about the altitude of the drone, the maker and the model of the carried camera, its focal
length, etc. To acquire the drone’s movement data, the spatiotemporal data that are
necessary for the reconstruction of raw trajectories are extracted. Moreover, data about
the altitude at each point (photo), the file itself, such as its title, storage path, size, and
format, and finally, the data about the drone’s camera, such as the maker and the model
are also extracted. The latter gave us more information about the flight and are used in
the next stages of trajectory analytics and visualization. Because MovingPandas
handles trajectories as DataFrames, these are stored as a DataFrame as well. Figure 6

depicts the form of a DataFrame.
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Figure 6 The form of a DataFrame after the trajectory reconstruction process.

Part of the reconstruction phase concerns the compression of the input data (photos).
Typically, drones are equipped with high-resolution cameras that take high-quality
photos duringtheir flights. As aresult, the size of the photos is quite large, makingthem
difficult to use in the trajectory visualization phase. Moreover, the use of such large
photos makes the visualization unreadable for the end users. To solve this problem, the
input photos are resized to dimensions equal to 250 px x 250 px. Algorithm 1 outlines

the logic of the trajectory reconstruction module.
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Having extracted the necessary movement data from the photos, it is possible to create
the raw trajectory using the functionality provided by MovingPandas. Then, it is
possible to use the additional functionalities of MovingPandas, such as visualization,
stop detection, trajectory smoother, etc. Last, but not least, it is possible to export the
extracted metadata in the form of a CSV file (Appendix C). Thus, taking advantage of
the corresponding functionality of MovingPandas, in the future, the same trajectory can

be created using the CSV file without repeating the whole reconstruction process.

Algorithm 1. Trajectory Reconstruction (Appendix Al)
Input: a set (folder) of geo-tagged images and a selection of data exported to csv
Output: a (raw) trajectory and a csv file

1: traj_data=[]

2: images=get_images(folder_name)

3: for eachimage € images do

4:  point=extractthemetadata of theimage

5:  transform the coordinatesin decimal degree format
6

7

8

append the pointinto traj_data;

: end for

: resize_images(images)
9: if extract_to_csv==Truethen
10:  create_csv(traj_data)
11: end if
12: df=createa DataFrame(traj_data) using Pandas
13: geo_df= create a GeoDataFrame(df) using geoPandas
14: trajectory = create a Trajectory(geo_df, 1) using MovingPandas
15: return trajectory

6.3  Trajectory Enrichment

A raw trajectory cannot provide detailed information about the field of operation the
drone has flown. In contrast, an enriched trajectory can provide further (contextual)
information about the mission and the visited ROI/POIs. A trajectory can be enriched
with external (to flight) data, beyond the latitude, longitude, and timestamp. This data
depends on the mission and on the domain. In the ReconTraj4Drones framework, a
module for the enrichment of the reconstructed trajectory is developed, acquiring data
about the weather conditions and POIs of a particular flight. Thus, for each point
(latitude, longitude, timestamp) of the reconstructed trajectory, the aim is to retrieve the

weather conditions (temperature, humidity, pressure, etc.) present at the specified time
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(timestamp). Moreover, the geographic region (boundaries) in which the drone has
flown is computed. Towards this aim, data about the particular area that include POls,
roads, buildings, etc. are retrieved. Finally, the data extracted from the geo-tagged
images beyond the latitude, longitude, and timestamp are used to further enrich the

reconstructed trajectories. Such data include altitude and camera details.

In the trajectory enrichment module (Appendix A2), the main goal is to interrelate each
point of the reconstructed trajectory with the weather conditions present at that point.
Weather conditions concern data such as the dew point, temperature, pressure, wind
direction, and wind speed. In the presented approach, since the reconstruction of a
drone’s trajectory does not take place in real time (i.e., during a flight), the approach
utilizes historical weather data. The acquisition of this data is carried out using suitable
Web services, namely, the Open-Weather 4 and the Meteostat > services. The developed
framework fetches the historical weather data by implementing the corresponding
application programming interfaces (APIs). OpenWeather provides historical weather
data for a given latitude, longitude, and timestamp. For each point of the reconstructed
drone’s trajectory (the latitude, longitude, and timestamp), the historical weather data
are fetched. The data are returned in the JSON format in the following form:

'lat': 39.2256,
'lon": 25.8815,
'timezone': 'Europe/Athens',
'timezone_offset': 7200,
'data": [
{
'dt': 1643632920,
'sunrise': 1643606671,
'sunset': 1643643307,
'temp': 12.16,

* https://openweathermap.org/api
> https://meteostat.net/en/
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'feels_like" 10.68,
'‘pressure'’: 1012,
'humidity': 48,
'dew_point': 1.49,
'clouds': 50,
'wind_speed': 2.69,
'wind_deg': 218,
'weather'": [
{
'id": 802,
'main';: 'Clouds',
'description': scattered clouds',
'icon': '03d'
b
]
}
]
}
The Meteostat Web service provides historical weather data for a given point as well.
However, unlike OpenWeather, it takes the altitude as input (in addition to latitude,
longitude, timestamp) and returns the historical weather data in a pandas DataFrame
form. Consequently, the framework can acquire historic weather data for a trajectory
regarding either the ground or the drone’s flight altitude. In the latter case, if there are
no historic weather data available for the given altitude, the historical weather data of
the ground are returned. Figure 6 depicts the returned data from the Meteostat Web
service for a given latitude, longitude, timestamp, and altitude.
2021-11-87 17:47:05

temp dwpt rhum prcp snow  wdir wspd wpgt pres tsun coco
time

2021-11-87 17:00:00 14.2 13.1 93.¢ 8.8 NaN 352.6 9.8 NaN 1819.86 NaN 2.8
<class 'pandas.core.frame.DataFrame’:

Figure 7 Returned data from Meteostat for a given latitude, longitude,
timestamp, and altitude
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To further enrich the trajectories with information related to a ROI/POI, the Open-
StreetMap ¢ was used. More specifically, ReconTraj4Drones acquires information
about the name, address, type, place id, and the bounding box (Appendix A3). Thus,
for each point of the reconstructed trajectory, the spatial data (latitude, longitude) are
provided as input, and the abovementioned information is retrieved as output. The
choice of OpenStreetMap is based on the fact that it is a free open-source Web service
that meets the requirements of the ReconTraj4Drones framework. Moreover, the
returned data are provided in JSON format, facilitating easy management and reuse.

The following is an example of the returned data for a given point.

{
"place 1d": 188523385,

"licence": "Data © OpenStreetMap contributors, ODbL 1.0. https://
osm.org/copyright",

"osm_type": "way",

"osm_id": 366465550,

"lat": "39.22527421360034",

"lon": "25.88153577687583",

"display name": "EIT19, Municipality of Western Lesvos, Lesbos Regional Unit,
Northern Aegean, Aegean, 81103, Greece",

"address":
{
"road": "EIT19",
"municipality": "Municipality of Western Lesvos",
"county": "Lesbos Regional Unit",
"state district": "Northern Aegean",
"state": "Aegean",
"postcode": "81103",
"country": "Greece",

"country code": "gr"

I8

® https://www.openstreetmap.org/
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"boundingbox": ["39.218668", "39.2343256", "25.8715699", "25.9620231"]

h
6.4  Trajectory Segmentation

Trajectory segmentation is the process of dividing the trajectory into a number of parts
(segments), such that each part satisfies a given criterion (discussed below). The Re-
conTraj4Drones framework provides three different ways to segment a trajectory into
parts (Appendix A4). As the reconstructed trajectory consists of a set of recording
points, where each of these is a geo-tagged photo, the trajectory is split/segmented
based on the time interval between two consecutive geo-tagged photos. The time
interval is defined by the user, and the module splits the reconstructed trajectory into
parts whenever the time interval between two consecutive photos (recording points)

exceeds a given threshold.

Similarly, the module also considers, as an additional splitting criterion, the distance
between two consecutive geo-tagged photos. The haversinedistancebetweenevery two
consecutive points is calculated. Whenever this distance is greater than a given
threshold, the trajectory is segmented. As in the first case, the threshold is defined by

the users according to the domain and their specific needs.

In addition to the time interval and haversine distance segmentation criteria, a third case
is the segmentation of the reconstructed trajectory based on the criterion of altitude
variations of a drone during its flight. The drone’s flight altitude is recorded in geo-
tagged photos, and this information is extracted during the trajectory reconstruction
phase. Thus, the altitude variations are computed between every two consecutive
photos. Whenever these variations exceed the threshold (provided by users), the

trajectory is segmented.

In all three above cases (segmentation criteria), the produced trajectory parts are re-
turned as a set of (i, j), where i is the i-th (recording) point defining the beginning of
that segment, and j is the j-th (recording) point defining the end of that segment. In
cases in which the segmentation criterion is not satisfied for any point on the trajectory,

the framework returns the entire trajectory as one segment, and the points (i, j)
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correspond to the start and end points of the trajectory. Finally, if the trajectory
segmentation process is executed before the interactive visualization process, then the

visualization of these segments is available.

6.5 Trajectory Stop Detection

Stop detection constitutes one of the basic functionalities in a trajectory analysis pipe-
line. Taking advantage of the corresponding functionality provided by MovingPandas,
ReconTraj4Drones can efficiently detectstops in a given enriched trajectory (Appendix
AS). A stopisdetected if a drone stays within a specific area for a specific time duration.
Both parameters (area and time) are set by users (duration in seconds and max diameter
in meters). Based on this functionality, ReconTraj4Drones computes the number of
recording points included in each stop. Finally, the framework returns details about
each detected stop, such as its ID and coordinates, the start and end time, the duration
in seconds, and the number of recording points within it. The generated data can be

visualized if the stop detector module is executed before the visualization process.

6.6  Trajectory Visualization

Visualization is of high importance in the management of trajectories. Even though
MovingPandas provides a functionality for trajectory visualization, ReconTraj4 Drones
implements an additional, self-contained module for this purpose (Appendix A6). The
aim is to visualize the reconstructed trajectory with all the additional information that
is used for its enrichment and its segmentation. As already stated, the additional
information concerns data beyond latitude, longitude, and timestamp that uniquely
define each point of the trajectory. Such data concern the drone’s mission and flight
details, the type of drone, the flight altitude, the camera model and maker, and finally,
the geo-tagged image itself that is related to a particular point. Moreover, if the
enrichment of a trajectory has been carried out using weather and/or POI data, then
these data can also be visualized. Subsequently, the aim is to visualize not only the raw
trajectory, butalso all the external integrated information thatis obtained for each point

of this trajectory.
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To implement the abovementioned requirement, ReconTraj4Drones uses the Folium’
library, an open-source and free library that utilizes the OpenStreetMap to visualize
trajectories. This library also enables the creation of interactive visualization maps.
Interactive in this context means that not only each point of the trajectory is displayed
with a special symbol (pin), but also that these symbols are clickable, hiding all the
information available for that point. In addition, the starting and ending point of the
trajectory are assigned with special symbols of different colors, i.e., green for the

starting point and red for the ending point.

Having said that, because the reconstruction of the trajectory is based on the number of
geo-tagged photos and the time interval between them, it is observed that, in cases of
short time intervals between geo-tagged photos, the number of points is very large.
Consequently, visually capturing all these points makes the trajectory unreadable
(Figure 8a). To solve this problem, a percentage of the total amount of points is

visualized only. This percentage is defined by the user (Figure 8b).

(a) (b)

Figure 8 Trajectory interactive visualization. (a) Visualization of the total
number of points that make up the trajectory; (b) visualization of a percentage
of points set by the user.

Last, but not least, in ReconTraj4Drones, it is possible to visualize the different
trajectory segments, as well as the detected stops, if the trajectory segmentation and/or
trajectory stop detector modules have already been executed. In the first case, each

trajectory segment is visualized with a unique color to distinguish between them. In

" https://python-visualization.github.io/folium/
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addition, the starting and the ending point of each segment are indicated with green and
red color pins, respectively. On the other hand, if the segmentation process has not been
executed, then the entire trajectory is defined as one segment and is visualized with the
same color. Regarding stops’ visualization, each trajectory stop is visualized as a red
circle. Each circle is a clickable item displaying all the information about that stop. The
user determines whether segments and/or stops will be displayed, even if both modules

have already been executed.

6.7 Trajectory Semantic Annotation

After the execution of the reconstruction and the enrichment modules, the resulting
trajectory integrates external heterogenous information beyond latitude, longitude, and
timestamp. Thus, the need arises for a high-level abstract formalism that will
semantically annotate the seamlessly integrated data and expose it as linked data (for
third-party services’ consumption). Having said that, the use of the developed ontology
is proposed for the actual semantic data integration, i.e., for seamlessly mapping the

heterogeneous internal and external data to shared, explicit, and formal semantics.

Towards this aim, ReconTraj4Drones integrates a drone-related ontology, namely,
Onto4drone, which was recently developed in our laboratory in the context of related
research. Figure 9 depicts a high-level design of the core semantics of the developed
ontology. Currently, the ontology version is 1.0.2, and it is available online in OWL?8
(Appendix B). The Onto4drone ontology is based directly on datAcron [79] ontology
and indirectly on DUL [80], SKOS [81], SOSA/SSN [82], SF [83], GML [84], and
GeoSparql [85] ontologies. The ontological approach ensures the utilization of a high-
level abstract formalism for the representation of semantic trajectories, as various
disparate and heterogenous data are seamlessly integrated to semantically enrich the
reconstructed trajectory. A detailed description of the ontology is out of the scope of
this paper.

® https:/github.com/KotisK/onto4drone
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To incorporate ontologies and work with RDF models [86] in MovingPandas, the
Owlready?2 library [87] is used to allow for transparent access to OWL ontologies
(Appendix A7). Owlready? is a software package for ontology-oriented programming
in Python. It allows for the use of ontologies as Python objects, modifying and saving
them, performing reasoning via the HermiT reasoner [88], and executing queries in the
SPARQL language [89]. In the semantic annotation phase, the aim is to use the
ontology for the semantic annotation of the heterogenous data that the trajectory
integrates, allowing (eventually) for the analysis of the reconstructed semantic
trajectories viareasoningand queries in SPARQL. Finally, Owlready?2 isused to export
semantically annotated data in RDF for further semantic analysis in third-party
semantic applications that are able to consume semantically annotated spatiotemporal

movement data.

dront:Swarm [ g ] ___________ dront: - dront:
B anes dront.UT\VDrone hasFlight sfiFlight includesFlight

isA i

3 B v dront: dront: dront: i
ror;t.ls artOf_______ (dront:Drone Lee--- carries  ------- +| DroneCarrying [+——jsA—| Recording i
W Equipment Equipment Equipment |
e I

isA
dront:Missi
[drant:MovingObject] v[datAcron:Trajectory] )
! et - JatACION: isA .
! ot oy ] aEV;;?:n L dront:
drents RecordingEvent

! datAcron: .-
hasTrajectory datAcron: . occurs
hasPart dront:
datAcr_on: & datAcron:Segment |[4—isA Recording
_comprises Segment
P R 4 A [
[datAcron :TrajectoryPart }1 isA { datAcron:RawPosition ]
5 - - dront:Constant
datAcron: dmnt.R_e{_:ordmg <—isA Recording
hasWeather———-—-----—---b[datAcmn:WeatherCnndition] izl Position
Condition
e e e = R S - y
irdront: <http://i-lab.aegean.gr/kotis/ontologies/onto4drone# > | ! Notations prefix: i
j datAcron: <http://www.datacron-project.eu/datAcron# > L[ prefix:Class -ubClass+ - object » |
isf: <http://www.opengis.net/ont/sf#> ! i Property :
! I ]

Figure 9 Basic concepts and relations of the Onto4drone ontology.

The first step is to load the Onto4drone ontology into the ReconTraj4Drones. The
framework is expected to import all the referenced ontologies. The current version of
Owlready2 can load ontologies in RDF/XML, OWL/XML, and N-triples
syntax/encoding. After importing Onto4drone and the associated ontologies (e.g.,

datAcron), the individual entities (instances of ontological classes) are created from the
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data that represent the trajectory. As already stated, such data are either obtained from
the external Web services, such as the weather conditions and POls; or they are
extracted from the geo-tagged photos, such as the camera model and maker; or they are
inserted by the user, such as the drone type, mission, and/or flight details; or they are
even created during the segmentation process (different segments). For each entity, the
corresponding individual is created by specifying its label, its resource identifier (IRI),
and a set of data/object properties, according to the data collected and the available
ontology. The user can then proceed to the semantic analysis of the semantically
enriched trajectory. Finally, the data of the semantically annotated trajectory can be
exported either in RDF/XML or in N-triples encoding.

6.8 Semantic Trajectory Analytics

The Semantic Trajectory analytics module provides an analysis of the trajectories
resulting from the Semantic Annotation module. To support this functionality in Recon-
Traj4Drones, the Owlready?2 library is used. ReconTraj4Drones integrates the native
SPARQL engine instead of the RDFlib °. The first is used since it is 60 times faster than
the latter. Moreover, itautomatically creates prefixes from the last part of the ontology’s
IRI. For example, the ontology (http://myontology.org/onto.owl) will be automatically
associated with the “onto:” prefix. The following prefixes are automatically pre-

defined, so there is no need for them to be defined by the user :

. rdf: http://www.w3.0rg/1999/02/22-rdf-syntax-ns#

. rdfs: http://www.w3.0rg/2000/01/rdf-schema#

. owl: http://www.w3.0rg/2002/07/owl#

. xsd: http://www.w3.0rg/2001/XMLSchema#

. obo: http://purl.obolibrary.org/obo/

? https://rdflib.readthedocs.io/en/stable/
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The execution of SPARQL queries is feasible only after the execution of the semantic
annotation process. Indicative examples of SPARQL queries concern the number of re-
cordingpoints and the number of POIs in a single trajectory. The corresponding queries

are the following:

Query 1:
list(default world.spargl("""
SELECT (COUNT(?recording_points) AS ?rp) WHERE {
?tr Onto4drone v1.0.1:encloses ?rs .

?rs TopDatAcronOnto SSN_FM:comprises ?recording_points .
§""")I0][0].

Query 2:
list(default world.sparql("""
SELECT ?point_of interest WHERE {
?tr Onto4drone v1.0.1:encloses ?rs .
?1s TopDatAcronOnto SSN_FM:comprises ?rp .
?1p Onto4drone v1.0.1:hasOccurredEvent 7pse .

?pse Onto4drone v1.0.1:records ?point of interest.

$ ")

The spargl() method is used to execute a SPARQL query and obtain the returned
results. Because this method returns a generator, the /is#() function is used to present
the results. Finally, even if the implemented framework contains a couple of predefined

SPARQL queries, users can execute their own in the Jupyter notebook interface.
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7 Results
7.1 Datasets

The goal is to test and evaluate the ReconTraj4Drones framework for its efficiency
(time and space complexity) and scalability, using real-world datasets. Towards this
direction, real datasets, both inhouse and open ones, were used. The inhouse datasets
were acquired during documentation missions/flights, using two types of drones: (a)
Phantom 4 Pro and (b) Inspire. The flights took place in different places (presented in
detail below) and on different dates, producing differently sized datasets of geo-tagged
images. The open dataset is from Konya University and was acquired using a Phantom
4 Pro drone. ReconTraj4Drones was tested and evaluated using datasets in various
sizes. Thus, small datasets (less than 50 photos), medium-range datasets (up to 250
photos), and large datasets (more than 250 photos) were used. Finally, as
ReconTraj4Drones reconstructs drones’ trajectories using geo-tagged photos, other

data regarding the flights, such as flight plans and log files, were omitted.

7.1.1 Petrified Forest

The petrified forest of Lesvos is located on the western part of Lesbos Island and was
formed from the fossilized remains of trees and plants. It constitutes an area of high
geo-logical importance, and thus, its mapping at frequent time intervals is of high
importance for conservation and protection purposes. Thus, a documentation mission
was organized usingthe Phantom 4 Pro drone. The flighttook place on 31 January 2022
in the petrified forest area of Lesvos Geopark, and the drone flew at an altitude of 25m
above the sea level. The produced dataset consists of 208 files (geo-tagged photos) of
4.8 GB.

7.1.2 VrisaVillage

Vrisa is a village in the southern partof Lesbos Island, a traditional settlement protected
by the Greek government. On 12 June 2017, the village was hit by an earthquake of 6.3
mw, significantly affecting the settlements of the village. Many buildings collapsed,
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and others were heavily damaged. Three years later, a mission was organized to record
the condition of the village. The mission took place on 17 May 2020, using a Phantom
4 Pro drone. The produced dataset consists of 431 files (geo-tagged photos)of2.91 GB.

7.1.3 University Hill

Two flights over the buildings of the University of the Aegean in Mytilene, Lesvos
were performed. Both flights took place on 8 December 2021, using an Inspire 2 and a
Phantom 4 Pro drone. In the first flight, the Inspire 2 drone covered the perimeter of the
geography building. The maximum altitude approached by the drone was 50 m. The
dataset produced from the first flight consists of 26 files (geo-tagged images) of 230
MB. In the second flight, the Phantom 4 Pro approached a maximum altitude of 60 m.
The dataset produced by the second flight consists of 15 files of 104 MB.

7.1.4 Opendataset

Part of the dataset (Group 6) of Konya University, Turkey, was also used for evaluation
purposes. This dataset was created by the University of Konya in Turkey usinga DJI
Phantom 4 Pro drone. The flight took place on 29 June 2018, capturing the campus of
the university. The produced dataset consists of 440 files (geo-tagged images), has a
total size of 3.59 GB, and constitutes the largest dataset used in our experiments. The

size and the area of interest of this dataset are the main reasons for its selection.

7.2  Implementation

7.2.1 Trajectory Reconstruction

The trajectory reconstruction process was executed first. The extracted metadata from
the geo-tagged images were transformedinto a trajectory. All the trajectory-related data
were stored in DataFrames. Figure 10 depicts a part of the extracted data from the
University Hill dataset using the Phantom 4 Pro drone and the drone’s corresponding

reconstructed trajectory.
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t geometry alt trajectory_id
2024-12-08 POINT (2656950
0 13:11:58 39 ogags) 2907 L
2021-12-08 POINT (26 56950
1 13:12:00 39.08405) 2907 1
2024-12-08 POINT (2656837
z 131213 39 08501) 2897 L
; 2021-12-08 POINT (2656936 g oo 1 e L
131222 30.08512) 95 Atyaiov
2024-12-08 POINT (2656915 '
4 13:12°31 39.08507) 007 1

Figure 10. A trajectory reconstructed from extracted data/metadata.

7.2.2 Trajectory Enrichment

The reconstructed trajectory was enriched using the third-party open Web services for
weatherand POl data. To retrieve this data, the corresponding Web services were called
using their APIs. The returned data were stored as DataFrames as well. Each row of the
DataFrame represents a point of the trajectory and contains the corresponding extemnal
data. Figures 11 and 12 illustrate a portion of the weather and POI data, respectively,
for the reconstructed enriched trajectory of the University Hill mission acquired by the

Phantom 4 Pro drone.

Camera Medel: DITFCA310
Filename: DIT_0001 TRG
t 2021-12-88 13:11:58

Weather Data
alt 99.07 .
geometry POINT (26.56940625 39.83404838838380) Do Fint: 2
de;r.r_puint o.6 Temeprature: 14.0°C - [4.0°C
max_temperature 14.¢@ Pressure: 1010.0 hPa
min_tempef‘ature 14.@ g Wind Direction: 23007 - 230 0°
pressure 1910.@ Wind Speed: 14 Ems - 148 s
wind_direction_max 238.0 [0
wind_direction_min 238.0
wind_speed_max 14.8 t
wind_speed min 14.8

«m“"’

(Tt oL ue
Arjatm

Figure 11. Weather data obtained using open Web services.
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Camera Model: DITFC8310

Filename: DJT_(001 PG

Point of Interest Data
t 2021-12-08 13:11:58 The sl leen
alt 9g.07 OSM type: way
geometry POINT (26.56949625 39.8B84048B38888889)
place id 162166552
osm_type way ]
display_name University of Aegean, Mavemiotnuiou, Aodog Zev... Northern Aegean, Acgean, 81100,
boundingbox [30.882758, 30.8865758, 26.5674222, 26.570065]  fwewd  Creeee
address {'amenity': ‘'University of Aegean’, ‘road’: 'M...

Z]

o

MavEmoriy
Atyatou

Figure 12. Point of interest data obtained using open Web services.

7.2.3 Trajectory Segmentation

The enriched trajectory was segmented into smaller parts (segments) based on specific
criteria and thresholds defined by the user. Segmentation criteria constituted (a) the
altitude variations of the drone and (b) the time interval and distance between two
consecutive points (geo-tagged photos). Figure 13 illustrates the results of the
segmentation using the segmentation criterion of altitude with a threshold equal to 5 m.
The segmentation process was implemented in the reconstructed trajectory of the

Konya University dataset using the Phantom 4 drone.

semantic_traj.trajectory segmentation({threshold=5, attr="altitude™)

3 segments were created based on altitude with a threshold of 5 meters
The created segments are the following:

{point-8 - point-25&)

{point-251 - point-353)

{point-354 - point-438)

Figure 13. Trajectory segments based on distance.

7.2.4 Trajectory Stop Detection

The functionality of MovingPandas was used to detect stops in the evaluated
trajectories. The corresponding module calculated and returned the number of
recordingpoints included in each stop. The user determined the duration of the stop and
the maximum diameter, and the framework returned the data related to the detected

stops. This data was visualized in the interactive visualization module. Figure 14
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depicts the detected stops when the value for duration was 15, and the maximum

diameter value was 20.

Stop 10 1_2021.12.08 13.11 48

2 stops were found using as paremeters seconds = 15 and max diameter = 28
The stops found are the following:

Stop id: 1 2821-12-88 13:11:58

Trajectory id:
coordinates: (

Start time: 28 @8 13:11:58, End time: 2821-13-88 13:13:13, Duration: 15.000000020800882 sec §
Number of Recordi Points

Stop 1d: 1 2821-12-88 13:13:62

Trajectory id: 1

tes: (26.5691362777777746, 39.8B4551B3888839)
me: 20821-12-88 13:13:82, End time: 2021-13-88 13:13:30, Duration: 37.2 sec

Figure 14. Detected stops of evaluated trajectories.

7.25 Trajectory Visualization

The interactive visualization module was used for the depiction of the reconstructed
trajectory as a line with informative points. The percentage of the points to be displayed
was defined by the user. The segmentation and stop detector modules were executed
first, and then the produced segments and stops were visualized. For each trajectory
part, the starting and ending point of the segment were displayed with a green and a red
pin, respectively, along with a percentage of the recorded points. On the other hand,
each trajectory stop was displayed as a circle, with a diameter determined by the users.
This area was made clickable for displaying all the information related to a stop. The
users were in control of the interactive visualization module, since they determined not
only the type of map displayed (Stamen Toner, CartoDB positron, Cartodbdark matter,
etc.), butalso the percentage of points displayed, the display (or not) of the segments,
and the display (or not) of the stops. Figure 15 depicts the reconstructed trajectory of

the Konya University dataset along with the abovementioned segments.
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| semantic traj.show(percent=8, show_segments=True)

Figure 15. Visualization of a segmented trajectory.

The user was also able to click to each pointand/orstop area and see all the information

related to the particular point/area. Figure 16 illustrates the evaluated scenario.

Stop D¢ 1_2018-06-29 11.46:31
Trajectory ID: |

Coordinates: (310284, 32 505162)
Srart time: 2018-06-29 114631
End time: 2018.06-29 11:48:37
Duration: 6.0 sec
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Figure 16. Interactive visualization of a trajectory. (a) Visualization of
information contained in each point of the trajectory; (b) visualization of the
data contained in a stop area of the trajectory.

7.2.6 Semantic Annotation and RDFization

Semantic annotation ensures a high-level formalism for the seamless integration of
reconstructed trajectories and external heterogeneous data. This was achieved with an
ontological approach using the Onto4Drone ontology. The semantically annotated data
were exported to RDF (RDFization task). Figure 17 depicts a partof the Petrified Forest
dataset exported in RDF, encoded in RDF/XML serialization.

<?xml version="1.@"2>
<rdf:RDF xmlns:rdf="http://www.w3.org/1999/02/22-rdf-syntax-ns#"
xmlns:xsd="http://www.w3.org/2001/XMLSchema#"
xmlns:rdfs="http://www.w3.org/2000/01/rdf-schema#"
xmlns:dath="http://www.datacron-project.eu/datAcron#>
<datA:Geometry rdf:about="#point_6@l">
<rdf:type rdf:resource="http://www.w3.org/2002/07 /owl#NamedIndividual”/>
<dathA:hasTemporalFeature rdf:resource="#instant_8el1"/>
<rdfs:label rdf:datatype="http://wmw.w3.org/2001/XMLSchema#string”>point 801</rdfs:label>
<dathA:hasAltitude rdf:datatype="http://wmw.w3.org/2001/XMLSchema#string”>99.07</datA:hasAltitude>
<dathA:haslattitude rdf:datatype="http://www.w3.org/2801/XMLSchema#string”»26.56949661111111</datA:hasLattitude>
<dathA:haslongitude rdf:datatype="http://www.w3.org/2001/XMLSchema#string”>39.088495016666667</datA:haslongitude>
</dathA:Geometry>
<datA:WeatherCondition rdf:about="#weather_condition_861">
<rdf:type rdf:resource="http://www.w3.org/2002/07/owl#NamedIndividual”/>
<rdfs:label rdf:datatype="http://wmw.w3.org/2001/XMLSchema#string” >»weather condition 8@1</rdfs:label>
<dath:reportedMaxTemperature rdf:datatype="http://www.w3.org/2001/XMLSchema#string”>14.8</datA: reportedMaxTemperature>
<dath:reportedMinTemperature rdf:datatype="http://www.w3.org/2001/XMLSchema#string”>14.8</datA: reportedMinTemperature>
<dath:reportedDewPoint rdf:datatype="http://www.w3.org/2001/XMLSchema#string”>9.0</datA: reportedDewPoint>
<datA:reportedPressure rdf:datatype="http://www.w3.org/2001/XMLSchema#string”>1018.0</datA: reportedPressure>
<datf:windDirectionMax rdf:datatype="http://www.w3.org/2001/XMLSchema#string”>230.08</datA:windDirectionMax>
<dathA:windDirectionMin rdf:datatype="http://www.w3.0org/2001/XMLSchema#string”>230.08</datA:windDirectionMins
<datA:windSpeedMax rdf:datatype="http://www.w3.org/2001/XMLSchema#string”>14.8</datA:windSpeedMax>
<dath:windSpeedMin rdf:datatype="http://www.w3.org/2001/XMLSchema#string”>14.8</datA:windSpeedMins>
</datA:WeatherCondition>

Figure 17. A point in the evaluated trajectory, along with weather data, in RDF.

7.2.7 Trajectory Analytics

Semantic analytics was the final process of the evaluated approach. Duringthis process,
enriched and meaningful information was retrieved from the semantically integrated
(RDF) data using SPARQL queries. Figure 18 depicts part of the result of a predefined
query regarding the number of recording POIs of the trajectory, written in the Jupyter

notebook interface.

]
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list({default_world.spargl("""
SELECT (COUNT(?recording_points) AS ?rp) WHERE {
tr dront:encloses ?rs .
?rs TopDatAcronOnto_SSN_FM:comprises ?recording_points .

)
[[15]]

Figure 18. An example SPARQL query defined by user in Jupyter notebook
environment.

The source code and the testing environment of the ReconTraj4Drones system is pro-
vided at GitHub !°

7.3 Evaluation

To the best of our knowledge, ReconTraj4Drones is currently the only free and open-
source trajectory managementtool thatimplements trajectory reconstruction using geo-
tagged photos, semantic annotation, and analytics in reconstructed and enriched
semantic trajectories. In Table 1, an evaluation of related works based on specific
criteria is presented. More specifically, the evaluationconcerns the capability of related
works with respectto trajectory reconstruction using other data sources beyond GPS
data, the support of tasks such as segmentation and stop detection, the enrichment of
trajectories with ex-ternal data, their interactive visualization, and finally, the semantic
annotation and analytics of the reconstructed semantic trajectories. The columns

correspond to the functionalities/tasks, and the rows correspond to the related studies.

Table 1. Comparison of available tools for trajectory reconstruction.

Reconstruction .
G Social St S tati Semantic p ieracti
Tools co- . OCI% OR egmenta 0Enrichment Annotation/ 'n er‘?c 1‘{e
Tagged Video Media Detection n . Visualization
Analytics
Images Posts
Yupi - N - - - - - -
scikit-mobility - - v v \ - - N,
ReconTrajdDrones - - ¥ v N v v

By reviewing the related works concerning the reconstruction of trajectories, it can be

concluded that they emphasize the trajectory reconstruction process based on (i) geo -

' https:/github.conv AndreasSoularidis/ReconTraj4Drones
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tagged photos in sources such as Flickr, (ii) videos, and (iii) users’ posts on social
media. However, these approaches do not provide a freely available tool for testing and
evaluation. Our aim was to compare the ReconTraj4Drones framework with other
implemented frameworks related to trajectory reconstruction using geo-tagged images
and to measure its efficiency in terms of time, space complexity, and scalability;

however, this was not possible due to the aforementioned reason.

The performanceof ReconTraj4Drones has been evaluated usingthe datasets described

in Section 3.1. The experiments were conducted using a laptop computer with an Intel
Core(TM) 17-2670QM 2.2 GHz CPU with 8 GB RAM and a 50 Mbps internet

connection. The framework’s evaluation (Table 2) was based on the following criteria:

a. Memory used for the reconstruction of raw trajectory (MB).

b. Memory used for the enrichment process (MB).

c. Execution time for the reconstruction of raw trajectory (seconds).
d. Execution time for the enrichment process (seconds).

€. CPU usage for the reconstruction of raw trajectory (percentage).
f. CPU usage for the enrichment of raw trajectory (percentage).

g RDFization capacity (number of RDF triples).
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Table 2. Experimental results of ReconTraj4Drones evaluation.

Dataset Traiecto
Size Jectary b c d e f 8
Dataset Length )
(Image (MB) (MB) (s) (s) (%) (%) (Triples)
. (m)
Files)
Petrified 206 1297 4 417 360 117 103 14.6 24 10,462
Forest
Vrisa 431 5366.7 402 388 67 235 8.6 14 21262
Village
University
Hill 15 193.3 368 363 4 85 75 3.8 1294
(Phantom 4 : : : :
Pro)
University
Hill (fnspire 26 193 373 364 75 14.6 5.2 8.8 1822
2)
University
439 2804.2 380 367 119 240 13.4 29 22,646
of Konya

Despite the successful reconstruction, enrichment, and semantic annotation of drones’
trajectories using ReconTraj4Drones, some limitations and restrictions were identified.
A restriction concerns the integration ofhistoric weather data. Particularly, the accuracy
of the weather data is at the level of hours (not in minutes). As a result, all the points
recorded during the same hour correspond to the same weather data. Regarding the
Meteostat Web service, the returned weather data based on altitude were null in most
of the cases. Thus, the weather data of the ground were mostly used. Finally, regarding
the semantic annotation process, although the Owlready?2 library provides an easy and
efficient way to load and manipulate ontologies, annotating and semantically analyzing
the reconstructed semantic trajectories, the library’s maintenance has been discontinued

since 2019.

Concerning the ReconTraj4Drones framework, although the initial requirements were
implemented and successfully evaluated, the following limitations are identified and
leftfor future work. First, the framework is able to manage only one trajectory ata time,
makingit incomplete in terms of the reconstruction oftrajectories in a swarm of drones.
Second, the implemented framework does notcoveradvancedtrajectory analytics, such

as trajectory clustering and prediction of the drone’s movement.
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8 Conclusion

The market for UAV applications has been steadily growing, pointing to UAVs’ great
potential in a variety of domains, such as the military, precision agriculture,
documentation, surveillance, and the delivery of goods/products/services. The
management and analysis of drones’ movement data are becoming more and more
popular, especially in the era of emerging technologies (IoT, robotics, Al, and big data
analytics). Moreover, to derive meaningful information from these data, their semantic
annotation and enrichment with external heterogenous data is required. Factors such as
unexpected UAV mal-function, extreme weather conditions, or hostile actions (e.g.,
hacking) can cause incorrect, invalid, or even lost movement/trajectory data, making
the trajectory reconstruction from other data (e.g., images, video) a demanding task. To
respond to this problem, a novel framework was implemented that reconstructs
semantic trajectories of drones from geo-tagged photos collected during their flights.
Moreover, the proposed framework integrates tasks that support the enrichment,
segmentation, visualization, semantic annotation, and analysis of the reconstructed
(semantic) trajectories. Such functionality has been implemented as an extension to the
well-known and widely used MovingPandas plat-form, as a free and open-source
analytic and visualization system of drone’s semantic trajectories called
ReconTraj4Drones. The evaluation of the implemented system with real datasets
demonstrates that the reconstruction and modeling of drones’ semantic trajectories

using geo-tagged images can be efficiently supported by the proposed framework.

66
< '§ Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.
LInpopopikncy tov Avopéo. Xoviapion

MSc by research
Intelligent Computer Systems



[MANETIIETHMIO

Y AITAIOY Semantic modeling and reconstruction of drones’ trajectories

9 References

1.

10.

Wikipedia contributors. 2022. Unmanned aerial vehicle - Wikipedia. Wikimedia
Foundation.

Perez-Grau, F. J., R. Ragel, F. Caballero, A. Viguria, and A. Ollero. 2017. Semi-
autonomous teleoperation of UAVs in search and rescue scenarios. 2017
International Conference on Unmanned Aircraft Systems, ICUAS 2017:1066—
1074. https://doi.org/10.1109/ICUAS.2017.7991349.

Shakhatreh, Hazim, Ahmad H. Sawalmeh, Ala Al-Fuqgaha, Zuochao Dou, Eyad
Almaita, Issa Khalil, Noor Shamsiah Othman, Abdallah Khreishah, and Mo hsen
Guizani. 2019. Unmanned Aerial Vehicles (UAVs): A Survey on Civil
Applications and Key Research Challenges. IEEE Access 7. IEEE: 48572—
48634. https://doi.org/10.1109/ACCESS.2019.2909530.

Stek, Tesse D. 2016. Drones over Mediterranean landscapes. The potential of
small UAV’s (drones) for site detection and heritage management in
archaeological survey projects: A case study from Le Pianelle in the Tappino
Valley, Molise (Italy). Journal of Cultural Heritage 22. Elsevier Masson: 1066—
1071. https://doi.org/10.1016/J.CULHER.2016.06.006.

Themistocleous, Kyriacos. 2020. The Use of UAVs for Cultural Heritage and
Archaeology. Springer, Cham: 241-269. https://doi.org/10.1007/978-3-030-
10979-0_14.

Verhoeven, Geert J.J. 2009. Providing an archaeological bird’s-eye view — an
overall picture of ground-based means to execute low-altitude aerial
photography (LAAP) in Archaeology. Archaeological Prospection 16. John
Wiley & Sons, Ltd: 233-249. https://doi.org/10.1002/ARP.354.

Chiabrando, F., F. Nex, D. Piatti, and F. Rinaudo. 2011. UAV and RPV systems
for photogrammetric surveys in archaelogical areas: two tests in the Piedmont

region (Italy). Journal of Archaeological Science 38. Academic Press: 697-710.
https://doi.org/10.1016/J.JAS.2010.10.022.

Colomina, I., and P. Molina. 2014. Unmanned aerial systems for
photogrammetry and remote sensing: A review. ISPRS Journal of
Photogrammetry  and  Remote  Sensing  92.  Elsevier:  79-97.
https://doi.org/10.1016/J.ISPRSJPRS.2014.02.013.

Nex, Francesco, and Fabio Remondino. 2014. UAV for 3D mapping
applications: A review. Applied Geomatics 6. Springer Verlag: 1-15.
https://doi.org/10.1007/S12518-013-0120-X/FIGURES/11.

Parent, Christine, Nikos Pelekis, Yannis Theodoridis, Zhixian Yan, Stefano
Spaccapietra, Chiara Renso, Gennady Andrienko, et al. 2013. Semantic
trajectories modeling and analysis. ACM Computing Surveys 45: 1-32.
https://doi.org/10.1145/2501654.2501656.

Manaa, Marwa, and Jalel Akaichi. 2017. Ontology -based modeling and querying

67
w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.

MSc by researc| h

Intelligent Computer Systems

LInpopopikncy tov Avopéo. Xoviapion



[MANETIIETHMIO

Y AITAIOY Semantic modeling and reconstruction of drones’ trajectories

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

of trajectory data. Data and Knowledge Engineering 111. Elsevier B.V.: 58-72.
https://doi.org/10.1016/j.datak.2017.06.005.

Cary, Leslie; Coyne, James. "ICAO Unmanned Aircraft... - Mehetnmc Google.
2022.

https://scholar.google.com/scholar?hl=el&as sdt=0%2C5&q=Cary%2C+Leslie
%3B+Coyne%2C+James.+%22ICAO-+Unmanned+Aircraft+Systems+%28 UA
S%29&btnG=. Accessed January 16.

Tahir, Anam, Jari B6ling, Mohammad Hashem Haghbayan, Hannu T. Toivonen,
and Juha Plosila. 2019. Swarms of Unmanned Aerial Vehicles — A Survey.
Journal of Industrial Information Integration 16. Elsevier: 100106.
https://doi.org/10.1016/.jii.2019.100106.

Types of Drones - Explore the Different Types of UAV’s. 2022.
http://www.circuitstoday.com/types-of-drones. Accessed January 16.

Spinka, Ondiej, Stépan Kroupa, and Zdenék Hanzalek. 2007. Control system for
unmanned aerial vehicles. IEEE International Conference on Industrial
Informatics (INDIN) 1:455—460. https://doi.org/10.1109/INDIN.2007.4384800.

Hossein Motlagh, Naser, Tarik Taleb, and Osama Arouk. 2016. Low-Altitude
Unmanned Aerial Vehicles-Based Internet of Things Services: Comprehensive
Survey and Future Perspectives. IEEE Internet of Things Journal 3. Institute of

Electrical and Electronics Engineers Inc.: 899-922.
https://doi.org/10.1109/JI0T.2016.2612119.

Hayat, Samira, Evsen Yanmaz, and Raheeb Muzaffar. 2016. Survey on
Unmanned Aerial Vehicle Networks for Civil Applications: A Communications
Viewpoint. /[EEE Communications Surveys and Tutorials 18. Institute of
Electrical and Electronics Engineers Inc.: 2624-2661.
https://doi.org/10.1109/COMST.2016.2560343.

Spaccapietra, Stefano, Christine Parent, Maria Luisa Damiani, Jose Antonio de
Macedo, Fabio Porto, and Christelle Vangenot. 2008. A conceptual view on
trajectories. Data and Knowledge  Engineering 65: 126-146.
https://doi.org/10.1016/j.datak.2007.10.008.

Maarala, Altti [lari, Xiang Su, and Jukka Riekki. 2017. Semantic Reasoning for

Context-Aware Internetof Things Applications. I[EEE Internet of Things Journal
4.1EEE: 461-473. https://doi.org/10.1109/J10T.2016.2587060.

Scheider, Simon, Benjamin Adams, Krzysztof Janowicz, Maria Vasardani,
Stephan Winter, Association for Computing Machinery. Special Interest Group
on Spatial Information, Association for Computing Machinery, and Fla.) ACM
SIGSPATIAL International Conference on Advances in Geographic Information
Systems (21st:2013 : Orlando. COMP 2013 : ACM SIGSPATIAL International
Workshop on Computational Models of Place : November 5, 2013, Orlando,
Florida, USA.

Spaccapietra, Stefano, and Christine Parent. 2011. Adding Meaning to Your

68
w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.

MSc by researc| h

Intelligent Computer Systems

LInpopopikncy tov Avopéo. Xoviapion



[MANETIIETHMIO

Y AITAIOY Semantic modeling and reconstruction of drones’ trajectories

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Steps (Keynote Paper). Lecture Notes in Computer Science (including subseries
Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics)
6998 LNCS. Springer, Berlin, Heidelberg: 13-31. https://doi.org/10.1007/978-
3-642-24606-7 2.

Angelis, Sotiris, Konstantinos Kotis, and Dimitris Spiliotopoulos. 2021.
Semantic Trajectory analytics and Recommender Systems in Cultural Spaces:
1-24.

Soularidis, Andreas, and Konstantinos Kotis. 2022. Semantic Modeling and
Reconstruction of Drones’ Trajectories. Lecture Notes in Computer Science
(including subseries Lecture Notes in Artificial Intelligence and Lecture Notes
in Bioinformatics) 13384 LNCS. Springer Science and Business Media
Deutschland GmbH: 158-162. https://doi.org/10.1007/978-3-031-11609-
4 30/COVER.

Big  Data, Information and Meaning -  ProQuest. 2022.
https://www.proquest.com/openview/b168144876659¢85¢8890280d10a8020/1
?¢cbl=44052 &pq-origsite=gscholar. Accessed January 16.

Adams, Niall M. 2010.  Perspectives on  Data  Mining:
https://doi.org/10.2501/S147078531020103X 52. SAGE PublicationsSage UK:
London, England. https://doi.org/10.2501/S147078531020103X.

Agarwal, Manish, Sevag Ajemian, Globanet Tim, Bradley Microstrategy, Rich
Campbell, and Stephen Coggeshall. Demystifying Big Data: A Practical Guide
To Transforming The Business of Government Listing of Leadership and
Commissioners.

Russom, Philip. 2011. Big Data Analytics. TDWI best practices report, fourth
quarter. Smart Grid Technology: 38-48.

Lee, Jae Gil, and Minseo Kang. 2015. Geospatial Big Data: Challenges and
Opportunities. Big  Data  Research 2. Elsevier Inc.: 74-8l.
https://doi.org/10.1016/j.bdr.2015.01.003.

Reality Mining: Using Big Data to Engineer a Better World - Nathan Eagle, Kate
Greene - BiAia Google. 2022.
https://books.google.gr/books?hl=el&Ir=&id=pP46 BAAAQBAJ&oi=fnd&pg=
PP1&ots=joEqphIC3H&sig=alhNHK OwaeLn6Yxb6bjoYJIOgBQ&redir esc=
y#v=onepage&q&f=false. Accessed January 16.

Keim, Daniel, Gennady Andrienko, Jean Daniel Fekete, Carsten Gorg, Jom
Kohlhammer, and Guy Melangon. 2008. Visual analytics: Definition, process,
and challenges. Lecture Notes in Computer Science (including subseries Lecture
Notes in Artificial Intelligence and Lecture Notes in Bioinformatics) 4950
LNCS: 154-175. https://doi.org/10.1007/978-3-540-70956-5 7.

Andrienko, G., N. Andrienko, P. Jankowski, D. Keim, M. J. Kraak, A.
MacEachren, and S. Wrobel. 2007. Geovisual analytics for spatial decision
support: Setting the research agenda. International Journal of Geographical

69
w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.

MSc by researc| h

Intelligent Computer Systems

LInpopopikncy tov Avopéo. Xoviapion



[MANETIIETHMIO

Y AITAIOY Semantic modeling and reconstruction of drones’ trajectories

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

Information Science 21: 839—857. https://doi.org/10.1080/13658810701349011.

Keim, Daniel A., Christian Panse, Mike Sips, and Stephen C. North. 2004. Pixel
based visual data mining of geo-spatial data. Computers and Graphics
(Pergamon) 28: 327-344. https://doi.org/10.1016/j.cag.2004.03.022.

Doulkeridis, Christos, Nikos Pelekis, Yannis Theodoridis, and George A.
Vouros. 2017. Big data management and analytics for mobility forecasting in
datAcron. CEUR Workshop Proceedings 1810: 687591.

Vouros, G A, A Vlachou, G M Santipantakis, and ... 2018. Big Data Analytics
for Time Critical Mobility Forecasting: Recent Progress and Research
Challenges. Edbt.

Jun, Jungwook, Randall Guensler, and Jennifer H. Ogle. 2006. Smoothing
Methods to Minimize Impact of Global Positioning System Random Error on
Travel Distance, Speed, and Acceleration Profile Estimates:
https://doi.org/10.1177/0361198106197200117 1972. SAGE PublicationsSage
CA: Los Angeles, CA: 141-150.
https://doi.org/10.1177/0361198106197200117.

Soares, Amilcar, Valéria Times, Chiara Renso, Stan Matwin, and Lucidio A F.
Cabral. 2018. A semi-supervised approach for the semantic segmentation of
trajectories. Proceedings - IEEE International Conference on Mobile Data
Management 2018-June: 145-154. https://doi.org/10.1109/MDM.2018.00031.

Nogueira, Tales P., Reinaldo B. Braga, Carina T. de Oliveira, and Hervé Martin.
2018. FrameSTEP: A framework for annotating semantic trajectories based on
episodes. Expert Systems with Applications 92. Elsevier Ltd: 533-545.
https://doi.org/10.1016/j.eswa.2017.10.004.

Nogueira, Tales P, and Hervé Martin. 2022. Querying Semantic Trajectory
Episodes. https://doi.org/10.1145/2834126.2834136.

RDF - Semantic Web Standards. 2022. https://www.w3.org/RDF/. Accessed
March 3.

Ogawa, Daisuke, Toru Tamaki, Bisser Raytchev, and Kazufumi Kaneda. 2018.
Semantic segmentation of trajectories with agent models: 2—7.

Zhou, Bolei, Xiaoou Tang, - Xiaogang Wang, B Zhou, X Tang, and X Wang
2015. Learning Collective Crowd Behaviors with Dynamic Pedestrian-Agents.
IntJ Comput Vis 111: 50—68. https://doi.org/10.1007/s11263-014-0735-3.

Baum, Leonard E. An Inequality and Associated Maximization Technique in
Statistical Estimation for Probabilistic Functions of Markov Processes.

Viterbi, Andrew J. 1967. Error Bounds for Convolutional Codes and an
Asymptotically Optimum Decoding Algorithm. [EEE Transactions on
Information Theory 13:260-269. https://doi.org/10.1109/TIT.1967.1054010.

Ramer, Urs. 1972. An iterative procedure for the polygonal approximation of

70
w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.

MSc by researc| h

Intelligent Computer Systems

LInpopopikncy tov Avopéo. Xoviapion



[MANETIIETHMIO

Y AITAIOY Semantic modeling and reconstruction of drones’ trajectories

45.

46.

47.

48.

49.

50.

51.

52.

53.

plane curves. Computer Graphics and Image Processing 1. Academic Press:
244-256. https://doi.org/10.1016/S0146-664X(72)80017-0.

DOUGLAS, DAVID H, and THOMAS K PEUCKER. 2006. ALGORITHMS
FOR THE REDUCTION OF THE NUMBER OF POINTS REQUIRED TO
REPRESENT A DIGITIZED LINE OR ITS CARICATURE.
https://doi.org/10.3138/FM57-6770-U75U-7727 10. University of Toronto
Press: 112—122. https://doi.org/10.3138/FM57-6770-U75U-7727.

Chen, Zhenhu, Xingang Wang, Heng Li, and Hu Wang. 2020. On Semantic
Organization and Fusion of Trajectory Data. Proceedings - 2020 IEEE 44th
Annual Computers, Software, and Applications Conference, COMPSAC 2020:
1078-1081. https://doi.org/10.1109/COMPSAC48688.2020.0-130.

Vouros, George A., Georgios M. Santipantakis, Christos Doulkeridis, Akrivi
Vlachou, Gennady Andrienko, Natalia Andrienko, Georg Fuchs, Jose Manuel
Cordero Garcia, and Miguel Garcia Martinez. 2019. The datAcron Ontology for
the Specification of Semantic Trajectories: Specification of Semantic
Trajectories for Data Transformations Supporting Visual Analytics. Journal on
Data Semantics 8:235-262. https://doi.org/10.1007/s13740-019-00108-0.

Santipantakis, Georgios M., Apostolos Glenis, Kostas Patroumpas, Akrivi
Vlachou, Christos Doulkeridis, George A. Vouros, Nikos Pelekis, and Yannis
Theodoridis. 2020. SPARTAN: Semantic integration of big spatio-temporal data
from streamingand archival sources. Future Generation Computer Systems 110.
Elsevier B.V.: 540-555. https://doi.org/10.1016/j.future.2018.07.007.

Gao, Chongming, Zhong Zhang, Chen Huang, Hongzhi Yin, Qinli Yang, and
Junming Shao. 2020. Semantic trajectory representation and retrieval via

hierarchical embedding. Information Sciences 538. Elsevier Inc.: 176—192.
https://doi.org/10.1016/5.ins.2020.05.107.

Mello, Ronaldo dos Santos, Vania Bogorny, Luis Otavio Alvares, Luiz Henrique
Zambom Santana, Carlos Andres Ferrero, Angelo Augusto Frozza, Geomar
Andre Schreiner, and Chiara Renso. 2019. MASTER: A multiple aspect view on

trajectories. Transactions in GIS 23: 805-822.
https://doi.org/10.1111/tgis.12526.
THE SEMANTIC WEB on JSTOR. 2022.

https://www.jstor.org/stable/26059207?seq=1#metadata info tab contents.
Accessed January 17.

Zhang, Wanlong, Xiang Wang, and Zhitao Huang. 2019. A system of mining

semantic trajectory patterns from GPS data of real users. Symmetry 11.
https://doi.org/10.3390/sym11070889.

Kanungo, Tapas, David M. Mount, Nathan S. Netanyahu, Christine D. Piatko,
Ruth Silverman, and Angela Y. Wu. 2002. An efficient k-means clustering

algorithms: Analysis and implementation. /[EEE Transactions on Pattern
Analysis and Machine Intelligence 24: 881-892.

71
w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.

MSc by researc| h

Intelligent Computer Systems

LInpopopikncy tov Avopéo. Xoviapion



[MANETIIETHMIO

Y AITAIOY Semantic modeling and reconstruction of drones’ trajectories

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

https://doi.org/10.1109/TPAMI.2002.1017616.

Tietbohl, Andrey, Vania Bogorny, Bart Kuijpers, and Luis Otavio Alvares.2008.
A clustering-based approach for discovering interesting places in trajectories.
Proceedings of the ACM Symposium on Applied Computing: 863—868.
https://doi.org/10.1145/1363686.1363886.

Choi, Dong Wan, Jian Pei, and Thomas Heinis. 2017. Efficient mining of
regional movement patterns in semantic trajectories. Proceedings of the VLDB
Endowment 10: 2073-2084. https://doi.org/10.14778/3151106.3151111.

Karatzoglou, Antonios, Dominik Koehler, and Michael Beigl. 2018. Purpose-of-
Visit-Driven Semantic Similarity Analysis on Semantic Trajectories for
Enhancing the Future Location Prediction. 2018 IEEE International Conference
on Pervasive Computing and Communications Workshops, PerCom Workshops
2018:100-106. https://doi.org/10.1109/PERCOMW.2018.8480230.

Hochreiter, Sepp, and Jiirgen Schmidhuber. 1997. Long Short-Term Memory.
Neural  Computation 9. MIT Press  Journals: 1735-1780.
https://doi.org/10.1162/NEC0.1997.9.8.1735.

Karatzoglou, Antonios, Adrian Jablonski, and Michael Beigl. 2018. A Seq2seq
learning approach for modeling semantic trajectories and predicting the next
location. GIS: Proceedings of the ACM International Symposium on Advances
in Geographic Information Systems: 528-531.
https://doi.org/10.1145/3274895.3274983.

Lehmann, Andre L., Luis Otavio Alvares, and Vania Bogorny. 2019. SMSM: a
similarity measure for trajectory stops and moves. International Journal of

Geographical Information Science 33. Taylor & Francis: 1847-1872.
https://doi.org/10.1080/13658816.2019.1605074.

Yan, Xuejiao, Zongying Shi, and Yisheng Zhong. 2018. Vision-based Global
Localization of Unmanned Aerial Vehicles with Street View Images. Chinese
Control Conference, CCC 2018-July. Technical Committee on Control Theory,
Chinese Association of Automation: 4672-4678.
https://doi.org/10.23919/ChiCC.2018.8483081.

Jarv, Priit. 2017. Extracting human mobility data from geo-tagged photos.
Proceedings of the 1st ACM SIGSPATIAL Workshop on Prediction of Human
Mobility, PredictGIS 2017 2017-Janua.
https://doi.org/10.1145/3152341.3152346.

Cai, Guochen, Kyungmi Lee, and Ickjai Lee. 2018. Mining Semantic Trajectory
Patterns from Geo-Tagged Data. Journal of Computer Science and Technology
33:849-862. https://doi.org/10.1007/s11390-018-1860-1.

Giannotti, Fosca, Mirco Nanni, Fabio Pinelli, and Dino Pedreschi. 2007.
Trajectory pattern mining. Proceedings of the ACM SIGKDD International

Conference on Knowledge Discovery and Data Mining: 330-339.
https://doi.org/10.1145/1281192.1281230.

72
w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.

MSc by researc| h

Intelligent Computer Systems

LInpopopikncy tov Avopéo. Xoviapion



[MANETIIETHMIO

Y AITAIOY Semantic modeling and reconstruction of drones’ trajectories

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

Giannotti, Fosca, Mirco Nanni, and Dino Pedreschi. 2006. Efficient mining of
temporally annotated sequences. Proceedings 2006. Society for Industrial and
Applied Mathematics: 348—-359. https://doi.org/10.1137/1.9781611972764.31.

Cai, Guochen, Kyungmi Lee, and Ickjai Lee. 2018. Itinerary recommender
system with semantic trajectory pattern mining from geo-tagged photos. Expert
Systems with Applications 94. Elsevier Ltd: 32-40.
https://doi.org/10.1016/j.eswa.2017.10.049.

Cai, Guochen, Kyungmi Lee, and Ickjai Lee. 2018. Mining Mobility Patterns
from Geotagged Photos Through Semantic Trajectory Clustering. Cybernetics
and Systems 49. Taylor & Francis: 234-256.
https://doi.org/10.1080/01969722.2018.1448236.

Ankerst, Mihael, Markus M. Breunig, Hans Peter Kriegel, and Jorg Sander.
1999. OPTICS. ACM SIGMOD Record 28. ACM PUB27
New York, NY, USA : 49-60. https://doi.org/10.1145/304181.304187.

Reyes, A., G. Viera-Lopez, J. J. Morgado-Vega, and E. Altshuler. 2021. yupi:
Generation, Tracking and Analysis of Trajectory data in Python.
https://doi.org/10.18637/jss.v000.100.

Graser, Anita. 2019. MovingPandas: Efficient structures for movement data in
Python. GI Forum 7: 54-68.
https://doi.org/10.1553/GISCIENCE2019 01 S54.

Package  overview —  pandas 1.3.5 documentation. 2022.
https://pandas.pydata.org/pandas-docs/stable/getting_started/overview.html.
Accessed January 17.

GeoPandas 0.10.2.dev+28 —  GeoPandas 0.10.2+28.gd01d99b.dirty
documentation. 2022. https://geopandas.org/en/latest/. Accessed January 17.

Pappalardo, Luca, Filippo Simini, Gianni Barlacchi, and Roberto Pellungrini.
2019. Scikit-mobility: a Python library for the analysis, generation and risk
assessment of mobility data.

US9085362B1 - Counter-unmanned aerial vehicle system and method - Google
Patents. 2022. https://patents.google.com/patent/US9085362B1/en. Accessed
January 17.

Wang, Qiang, Dongye Zhuang, Xutao Qu, and Haibin Xie. 2020. Trajectory
Prediction of UAV Swarm based on Neural Relational Inference Model without
Physical Control Law. In Chinese Control Conference, CCC,2020-July:7047—
7054. https://doi.org/10.23919/CCC50068.2020.9188811.

Kipf, Thomas, Ethan Fetaya, Kuan-Chieh Wang, Max Welling, and Richard
Zemel. 2018. Neural Relational Inference for Interacting Systems. PMLR.

Goh, G. D., S. Agarwala, G. L. Goh, V. Dikshit, S. L. Sing, and W. Y. Yeong
2017. Additive manufacturing in unmanned aerial vehicles (UAVs): Challenges
and potential. Aerospace Science and Technology 63. Elsevier Masson: 140—

73
w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.

MSc by researc| h

Intelligent Computer Systems

LInpopopikncy tov Avopéo. Xoviapion



[MANETIIETHMIO

Y AITAIOY Semantic modeling and reconstruction of drones’ trajectories

77.

78.

79.

80.

81.

82.

3.

84.

85.

86.

87.

88.

89.

MSc by researc| h

Intelligent Computer Systems

151. https://doi.org/10.1016/J.AST.2016.12.019.

Huang, Mingyang, Washington Yotto Ochieng, Jose Javier Escribano Macias,
and YiDing. 2021. Accuracy evaluation of a new generic Trajectory Prediction

model for Unmanned Aerial Vehicles. Aerospace Science and Technology 119.
Elsevier Masson SAS: 107160. https://doi.org/10.1016/j.ast.2021.107160.

Ryll, Markus, John Ware, John Carter, and Nick Roy.2020. Semantic trajectory
planning for long-distant unmanned aerial vehicle navigation in urban

environments. /[EEE International Conference on Intelligent Robots and
Systems: 1551-1558. https://doi.org/10.1109/IROS45743.2020.9341441.

datAcron Ontology. 2022. http://ai-group.ds.unipi.gr/datacron_ontology/.
Accessed December 18.

Ontology:DOLCE+DnS Ultralite - Odp. 2022.
http://ontologydesignpatterns.org/wiki/Ontology :DOLCE+DnS_Ultralite.
Accessed December 18.

SKOS Simple Knowledge Organization System Reference. 2022.
https://www.w3.org/TR/skos-reference/. Accessed December 18.

Haller, Armin, Krzysztof Janowicz, Simon J D Cox, Danh Le Phuoc, Kerry
Taylor, and Maxime Lefrancois. 2017. Semantic Sensor Network Ontology.
W3C Recommendation.

http://www.opengis.net/ont/sf. 2022.
https://databus.dbpedia.org/ontologies/opengis.net/ont--sf. Accessed December
18.

GML geometries. 2022.
https://schemas.opengis.net/gml/3.2.1/gml 32 geometries.rdf. Accessed
December 18.

0GC GeoSPARQL 1.0. 2022.

https://schemas.opengis.net/geosparql/1.0/geosparql vocab all.rdf. Accessed
December 18.

RDF - Semantic Web Standards. 2022. https://www.w3.org/RDF/. Accessed
December 18.

Lamy, Jean-Baptiste. 2022. Owlready: Ontology-oriented programming in
Python with automatic classification and high level constructs for biomedical
ontologies. https://doi.org/10.1016/j.artmed.2017.07.002.

HermiT Reasoner: Home. 2022. http://www.hermit-reasoner.com/. Accessed
December 18.

SPARQL Query Language for RDF. 2022. https://www.w3.org/TR/rdf-sparql-
query/. Accessed December 18.

74
w Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.

LInpopopikncy tov Avopéo. Xoviapion



1 MANEITIETHMIO , . _ L ,
W AITAIOY Semantic modeling and reconstruction of drones’ trajectories

Appendix A Code for Main-Key Functionality

Al Trajectory Reconstruction method

def extract_metadata(self):
Extract the metadata from the images of the dataset
and returns a new Trajectory object

Returns
traj : Trajectory
the reconstructed Trajectory from the images metadata
# Get the image names
try:
geo_img_names = self.get_images()
except FileNotFoundError:
print("No directory with this name found in photosets directory")
print("Please create a new folder called \'photosets\' and put
the folder of the images in it.")
return 0

traj_data = []
# Read each photo's exif info
for file in geo_img_names:
path = os.path.join(self.directory_path, file)
with open(path, 'rb') as src:
img = Image(src)

latitude_coords = self.calculate_coordinates(img.gps_latitude,
img.gps_latitude_ref)

longitude_coords = self.calculate_coordinates(img.gps_longitude,
img.gps_longitude ref)

date_time_str = img.datetime

date_time_obj = datetime.strptime(date_time_str, '%Y:%m:%d
%H:%M: %S ")

point _dict = {}

point dict['geometry'] = Point(longitude coords, latitude coords)
point_dict['t'] = date_time_obj

point_dict['alt'] = img.gps_altitude

point_dict['trajectory_id'] =1

point _dict['title'] = file

point_dict['storage path'] = path
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point dict['size'] = round(os.stat(path).st size/ (1024 * 1024),2)
point_dict['format'] = file.split('.")[-1]
point_dict['camera_model'] = img.make + "_"
traj_data.append(point dict)

+ img.model

self.resize_images(geo_img_names)

if self.extract _to csv:
data_to_csv = []
for index, point in enumerate(traj_data):
data_to_csv.append((point[ 'geometry'].x, point['geometry'].y,
index+1, index+1, index+1, point['trajectory_id'], 1, point['t'],
point[ 'alt'], point[ 'title'], point['storage path'], point['size'],
point[ 'format'], point['camera_model']))

self.create_csv(self.directory name, data_to_csv)

df = pd.DataFrame(traj_data).set_index('t")

geo_df = GeoDataFrame(df, crs='epsg:4326")

traj = SemanticTrajectory(geo_df, 1, self.drone, self.mission,
self.flight, self.directory_name)

print("The trajectory reconstruction process has been completed
successfully")

return traj

A2 Trajectory Enrichment method (Weather Conditions)

def get weather_data(self, api_key = None, lang="en", mode="ground"):
Get the weather data for each Recording Point of the trajectory,
using two web services (openweathermap, meteostat). The user can
fetch either ground weather data or air weather data. The air
weather data
are only available using the meteostat web service. If no weahter
data for
the given altitude is available then the ground weather data are
fetch.
To use the openweathermap, the user must create a valid api_key.

openweathermap fetch the ground weahter data based on lat, lon,
and timestamp.

meteostat fetch the (ground/air) data based on lat, lon,
timestamp and altitude
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Parameters
api_key :
api_key necessary for the openweathermap web service (Default
= None)
lang :
The language of the data to be returned (Default = en ->
English)
mode :
determines the web service.
ground: Fetch the ground weather conditions using the
openweathermap if a valid api_key exists.
Otherwise, the ground weather data are fetched from
the meteostat.
air: Fetch the air weather data using the meteostat web
service.

Examples

>>> api_key = ",
>>> traj.get _weather_data(api_key=api_key, mode="ground")

data = self.trajectory_df.filter(['t', 'alt', 'geometry'], axis=1)
self.weather_data = data

weather_attributes = ['dew_point', 'max_temperature’,
'min_temperature', 'pressure', 'wind_direction_max',
'wind_direction_min', 'wind_speed_max', 'wind_speed_min']

if api_key is not None and mode == "ground":
try:
for attr in weather_attributes:
self.weather_data[attr] = None

data = self.weather_data.apply(
lambda row: self._ get_ground_data(row[ 'geometry'].y,
row[ 'geometry'].x, row['t'].strftime("%y:%m:%d %H:%M:%S"), lang,
api_key),
axis = 1
)
self.weather_data[weather_attributes] = data
print("Ground weather data were fetched by
https://openweathermap.org/")
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except:
print("Please use a valid api key. Visit
https://openweathermap.org/ for more info.")

else:
no_air_data = False
if mode == "air":
try:

for attr in weather_attributes:
self.weather_data[attr] = None

data = self.weather data.apply(
lambda row: self. get air _data(Point(row[ 'geometry’'].y,
row[ 'geometry'].x, int(row['alt'])), row['t"'], row['t"'] +
timedelta(hours=1)),
axis =1
)
self.weather_data[weather_attributes] = data
print("Air weather data were fetched by
https://meteostat.net/en/")
except:
print("No weather data available for the specific altitude.™)
print("An attempt will be made to recover the ground weather

data.")
no_air_data = True
if mode == "ground" or no_air_data:
try:

for attr in weather_attributes:
self.weather_data[attr] = None

data = self.weather_data.apply(
lambda row: self. get air_data(Point(row[ 'geometry’'].y,
row[ 'geometry’'].x), row['t'], row['t'] + timedelta(hours=1)),
axis =1
)
self.weather_data[weather_attributes] = data
print("Ground weather data were fetched by
https://meteostat.net/en/")
except:
print("No weather data available for the specific area.")
print("Please create a valid api key. Visit
https://openweathermap.org/ for more info.")
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A3 Trajectory Enrichment method (Points of Interest)

def get points of interest(self, user_agent="ReconTraj4Drones",
lang="en"):
Get the Point of Interest (POI) of each recording point using
the OpenStreetMap (OSM) api

Parameters
user_agent:
the name of the user or the app
lang:
the language of the fetched data

Examples

>>> traj.get _points_of interest()
data = self.trajectory df.filter(['t', 'alt', 'geometry'], axis=1)
self.points_of_interest = data

poi attributes = ['place _id', ‘'osm_type', 'display name',
"boundingbox', 'address']
try:
for attr in poi_attributes:
self.points_of_interest[attr] = None

data = self.points_of interest.apply(
lambda row: self. get points(row['geometry'].y,
row[ 'geometry'].x, user_agent, lang),
axis =1
)
self.points_of_interest[poi_attributes] = data
print ("Point of Interest data were fetched by
https://www.openstreetmap.org/")
except:
print ("No Point of Interest data available for the specific
area.")
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A4 Trajectory Segmentation method

def trajectory segmentation(self, threshold, attr="altitude"):
Segment the enriched trajectory based on a criterion and a
threshold

Parameters

threshold:
the threshold above which segmentation will take place
attr:
the attribute on which the segmentation will take place.
Valid values:
altitude => segmentation based on altitude (default)
time => segmentation based on time
distance => segmentation based on eucledian distance

The segmented trajectory

Examples

>>> traj.trajectory segmentation(threshold=25, attr="distance")

selection_dict = {

"altitude" : "alt",
lltimell: Iltll)
"distance": "geometry"

selection = selection_dict[attr]
self.segments.clear()

start = 0
for i in range(len(self.trajectory df)-1):
if selection == "alt":

diff = round(abs(self.trajectory _df.iloc[i][selection] -
self.trajectory_df.iloc[i+1][selection]),4)
elif selection == "t":
diff = abs((self.trajectory df.iloc[i][selection] -
self.trajectory_df.iloc[i+1][selection]).total_seconds() / 60)
else:
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diff =
self. haversine distance(self.trajectory df.iloc[i][selection],
self.trajectory_df.iloc[i+1][selection])

if diff > threshold:
stop = 1
if stop - start == 0:
continue
self.segments.append((start, stop))
start = i+l
if i == len(self.trajectory df)-2:
stop = len(self.trajectory df)-1
self.segments.append((start, stop))
if len(self.segments) > 1:
print (f"{len(self.segments)} segments were created based on
{attr} with a threshold of {threshold} meters")
print ("The created segments are the following: ")
else:
print (f"{len(self.segments)} segment was created based on {attr}
with a threshold of {threshold} meters")
print ("The created segment is the following: ")
for segment in self.segments:
print (f"(point-{segment[@]} - point-{segment[1]})")

AS Trajectory Stop Detector method

def stop_detector(self, seconds, max_diameter):

Detects the returns the stops of the trajectory. The stop are
detected using the

functionality of MovingPandas. The returned stops are then
displayed on the users.

The user determines the stop duration in seconds and the maximum
diameter.

Parameters

seconds:

the seconds threshold that determine a stop
max_diameter:

the maximum diameter threshold that determines a stop

Return

The detected stops of the trajectory
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Examples

>>> traj.stop_detector(seconds=15, max_diameter=20)
detector = TrajectoryStopDetector(self)
self.stops =
detector.get _stop points(min_duration=timedelta(seconds=seconds),
max_diameter=max_diameter)
if len(self.stops) == 1:
print (f"{len(self.stops)} stop was found using as paremeters
seconds = {seconds} and max diameter = {max_diameter}")
print ("The stop found are the following: ")
elif len(self.stops) > 1:
print (f"{len(self.stops)} stops were found using as paremeters
seconds = {seconds} and max diameter = {max_diameter}")
print ("The stops found are the following: ")
else:
print (f"No stop was found using as paremeters seconds = {seconds}
and max diameter = {max_diameter}")
return

stops = self.stops.reset_index()
for i in range(len(stops)):
print (f"Stop id: {stops.iloc[i]['stop_id']}")
print (f"Trajectory id: {stops.iloc[i]['traj_id']}")
print (f"coordinates: {stops.iloc[i]['geometry'].x,
stops.iloc[i]['geometry'].y}")
print (f"Start time: {stops.iloc[i]['start_time']}", end=", ")
print (f"End time: {stops.iloc[i][ 'end_time']}", end=", ")
print (f"Duration: {stops.iloc[i][ 'duration_s']} sec")
print (f"Number of Recording Points:
{self._get_stop_rec_points(stops.iloc[i][ 'start_time'],
stops.iloc[i]['end_time'])}")
print(30 * "-")

A6 Trajectory Interactive Visualization method

def show(self, percent=1, tiles =
"OpenStreetMap", show segments=False, show_stops = False, radius =
10):

Show the enriched trajectory using OpenStreetMap (OSM). For each
enriched trajectory
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the starting and ending point are depicted using a green and a
red point respectively.

The user can determine the portion of the points to be displayed
on the map. Each point is

clickable and shows more information about the particular point.
If the segmentation process

has been executed, the user can depict these segments. Similarly,
if the stop detection process

has been executed, the user can depict the stops. Each stop is a
clickable object that shows

more information about the particular stop

Parameters
percent:
the percentage of points that will appear on the map (Default
=1, 100%)
tiles:
defines the form of the map. Possible values : Stamen Toner,
CartoDB positron, Cartodb dark_matter,
Stamen Watercolor, Stamen Terrain, or OpenStreatMap. (Default
= "OpenStreatMap")
show_segments:
determines whether the trajectory segments will be displayed
or not. (Default = False)
show_stops:
determines whether the trajectory stops will be displayed or
not. (Default = False)
radius:
determines the radius of the circles in the display of stops.
(Default = 10)

Examples
>>> traj.show(percent=0,
tiles="OpenStreetMap", show_segments=False, show_stops=True,
radius=10)
>>> traj.show(percent=0.2,
tiles="OpenStreetMap", show_segments=True, show_stops=False,
radius=10)
min_points = 2
total_dfs = [self.trajectory df, self.points_of_interest,
self.weather_data]
selected_dfs = [df for df in total_dfs if not df.empty]
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semantic_df = reduce(lambda left,right:
pd.merge(left,right,on=["'t"', 'alt', 'geometry'], how='outer'),
selected_dfs)

semantic_df = semantic_df.reset_index()

colors = ['blue', 'green', 'purple', 'black', 'red',
‘darkblue', 'darkgreen', ‘'darkpurple',
‘darkred', 'gray', 'lightblue'’,
‘lightgray’', 'lightgreen', 'lightred’,
‘orange', 'pink', 'beige', 'cadetblue’
]

# Show map

m = folium.Map(location=[semantic_df.iloc[0@][ 'geometry'].y,

semantic_df.iloc[@][ 'geometry'].x], tiles=tiles, width="%100",
height="%100", zoom_start= 50)
# Get the coordinates of the dataframe
coords = semantic_df.apply(

lambda row: (row['geometry'].y, row['geometry'].x),
axis =1

if not show_segments:
# Show entire Trajectory
folium.PolyLine(coords,
color= "blue",
weight=2,
opacity=0.8).add_to(m)

# Calculation of the points to be displayed
num_of_points = int(len(semantic_df) * percent)
if num_of_points <= min_points:
points = [(0, "green"), (len(semantic_df)-1, "red")]
else:
lin_points = np.linspace(9, len(semantic_df)-1,
num=num_of_points, endpoint=True)
points = [(@, "green"), (len(semantic_df)-1, "red")]
for point in range(1, len(lin_points)-1):
points.append((int(lin_points[point]), "blue"))

else:
points = []
# Show the segmented trajectories
for index, segment in enumerate(self.segments):
# Calculation of the points to be displayed
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num_of points = int((segment[1] - segment[@] + 1) * percent)
lin _points = np.linspace(segment[@], segment[1],
num=num_of_points, endpoint=True)
points.append((segment[0], "green"))
points.append((segment[1], "red"))
for point in range(1, len(lin_points)-1):
points.append((int(lin_points[point]), "blue"))

coords_list = coords[segment[0]: segment[1]]
c = colors[index]

folium.PolyLine(coords list,
color=c,
weight=2,
opacity=0.8).add_to(m)
if show_stops:
stops = self.stops.reset_index()
for i in range(len(stops)):
html =f"""
<p><strong>Stop ID:</strong>
{stops.iloc[i]['stop_id"']}</p>
<p><strong>Trajectory ID:</strong>
{stops.iloc[i]['traj_id']}</p>
<p><strong>Coordinates:</strong>
({round(stops.iloc[i][ 'geometry'].y, 6)},
{round (stops.iloc[i][ 'geometry'].x, 6)})</p>
<p><strong>Start time:</strong>
{stops.iloc[i]['start_time']}</p>
<p><strong>End time:</strong>
{stops.iloc[i]['end_time' ]}</p>
<p><strong>Duration:</strong>
{stops.iloc[i]['duration_s"']} sec</p>
<p><strong>Recording Points:</strong>
{self._get stop_rec_points(stops.iloc[i]['start_time'],
stops.iloc[i]['end_time'])}</p>
iframe = folium.IFrame (html=html, width=300, height=250)
popup = folium.Popup(iframe, max_width=500)
folium.CircleMarker(location=(stops.iloc[i]["geometry"].y,
stops.iloc[i]["geometry"].x),
popup=popup,
radius=radius,
tooltip = "Click for more info",
fill color="red').add_to(m)
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for point in points:
index = point[@]
color = point[1]
file = os.path.join(self.source_path,
semantic_df.iloc[index]['title"'])
encoded = base64.b64encode(open(file, 'rb').read()).decode()
html = f£"""
<p><strong>Mission:</strong> {self.mission}</p>
<p><strong>Flight:</strong> {self.flight}</p>
<p><strong>Drone:</strong> {self.drone}</p>
<center><img style="width:200;height:200;"
src="data:image/jpeg;base64, {encoded}"></center>"""
html +=f"""
<p><strong>Lat:</strong>
{round (semantic_df.iloc[index][ 'geometry'].y, 6)}</p>
<p><strong>Lon:</strong>
{round (semantic_df.iloc[index][ 'geometry'].x, 6)}</p>
<p><strong>Timestamp:</strong>
{semantic_df.iloc[index][ "t']}</p>
<p><strong>Altitude:</strong>
{semantic_df.iloc[index][ 'alt"']}</p>
<p><strong>Camera Model:</strong>
{semantic_df.iloc[index][ 'camera_model' J.replace(" ", "")}</p>
<p><strong>Filename:</strong>
{semantic_df.iloc[index][ 'title"']}</p>
if not self.points_of interest.empty:
html +=f"""
<h3><u>Point of Interest Data</u></h3>
<p><strong>Place id:</strong>
{semantic_df.iloc[index][ 'place_id']}</p>
<p><strong>0SM type:</strong>
{semantic_df.iloc[index][ 'osm_type']}</p>
<p><strong>Display Name:</strong>
{semantic_df.iloc[index][ 'display_name' ]}</p>
if not self.weather_data.empty:
html +=f"""
<h3><u>Weather Data</u></h3>
<p><strong>Dew Point:</strong>
{semantic_df.iloc[index][ "dew_point"']}</p>
<p><strong>Temeprature:</strong>
{semantic_df.iloc[index][ 'min_temperature']}°C -
{semantic_df.iloc[index][ 'max_temperature']}°C</p>
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<p><strong>Pressure:</strong>
{semantic_df.iloc[index][ 'pressure']} hPa</p>

<p><strong>Wind Direction:</strong>
{semantic_df.iloc[index][ 'wind_direction_min']}° -
{semantic_df.iloc[index][ 'wind_direction_max']}°</p>

<p><strong>Wind Speed:</strong>
{semantic_df.iloc[index][ 'wind_speed min']} m/s -
{semantic_df.iloc[index][ 'wind_speed max']} m/s</p>

iframe = folium.IFrame(html=html, width=300, height=300)
popup = folium.Popup(iframe, max_width=500)

folium.Marker(
location=[semantic_df.loc[index][ 'geometry'].y,
semantic_df.loc[index][ 'geometry'].x],

popup=popup,

tooltip = "Click for more info",
icon=folium.Icon(color=color, icon="info', prefix="'fa')
).add_to(m)
return m

A7 Semantic Annotation method

def export_to_rdf(self, selected_format="rdfxml"):

Export the semantic trajectory in rdf triples

Parameters

selected format:
the format of the extracted file
Valid values:
rdfxml => extraction in rdf/xml format (default)
ntriples => extraction in triplesformat

Returns

The ontology with the inserted individuals

Example

>>> default world =
traj.export_to_rdf(selected_format="ntriples")
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total dfs = [self.trajectory df, self.points_of interest,
self.weather_data]

total_dfs = [df for df in total_dfs if not df.empty]

semantic_df = reduce(lambda left,right:
pd.merge(left,right,on=["'t"', 'alt', 'geometry'], how='outer'),
total dfs)

self.semantic_df = semantic_df.reset_index()

onto_path.append("ontologies")

datacron =
get_ontology('ontologies/TopDatAcronOnto SSN FM.owl').load()

st =
get_ontology("http://schemas.opengis.net/sf/1.0/simple_features_geometr
ies.rdf").load()

dul =
get_ontology("http://www.ontologydesignpatterns.org/ont/dul/DUL.owl").1
oad()

onto = get_ontology('ontologies/dront.owl").load()

# drone type instance creation

uav_code = self.drone.replace(" ", " ").lower()
uav = onto.Drone(uav_code)
uav.label = uav_code.replace(" ", " ")

# DronePhotographicCamera type instance creation
recording equipment_set = set(self.trajectory df[ 'camera_model'])
for eq in recording_equipment_set:

equipment_code = eq.replace(" ", " _").lower()
equipment = onto.DronePhotographicCamera(equipment_code)
equipment.label = equipment_code.replace(" ", " ")

equipment_parts = eq.split("_")
equipment.hasMaker = [equipment_parts[0]]
equipment.hasModel = [equipment_parts[1]]

# Contect Drone instence with DronePhotographicCamera instance
through the carriesEquipment object property
uav.carriesEquipment = [equipment]

# Trajectory type instance creation
trajectories_set = set(self.trajectory_df['trajectory_id'])
for index, traj in enumerate(trajectories_set):

trajectory code = f"trajectory_ {index:03}"

o 88
e w
< Aimdoupozien Awcpifn [IMX uéow Epevvag « Evpon Xvotiuoto.
LInpopopikncy tov Avopéo. Xoviapion

MSc by research
Intelligent Computer Systems



1 MANEITIETHMIO , . _ L ,
W AITAIOY Semantic modeling and reconstruction of drones’ trajectories

trajectory = datacron.Trajectory(trajectory code, namespace =
onto)
trajectory.label = trajectory code.replace(" ", " ")

# Connect Drone instance with Trajectory instance using the
hasTrajectory object property

uav.hasTrajectory = [trajectory]

# Mission type instance creation

mission_code = self.mission.replace(" ", " _").lower()
mission = onto.Mission(mission_ code)
mission.label = mission_code.replace(" ", " ")

# Flight type instance creation

flight code = self.flight.replace(" ", "_").lower()
flight = sf.Flight(flight_code, namespace = onto)
flight.label = flight code.replace(" ", " ")

# Connect Drone instance with Flight instance using the hasFlight
object property
uav.hasFlight = [flight]

# Connect Mission instance with Flight instance using the
includesFlight object property
mission.includesFlight = [flight]

# RecordingSegment type instance creation

segments_dict = {}

for index, segment in enumerate(self.segments):
recording_segment_code = f"recording_segment_{index+1}"
recording_segment = onto.RecordingSegment(recording segment_code)

recording_segment.label = recording segment_code.replace(" ",
segments_dict[segment] = recording_segment

for row in self.semantic_df.itertuples(index=False):
# For each point we create Geometry type instace
point_code = f"point {row.index:03}"
point = datacron.Geometry(point_code, namespace = onto)
point.label = f"point {row.index:@3}"
point.hasAltitude = [str(row.alt)]
point.hasLattitude [str(row.geometry.x)]
point.hasLongitude [str(row.geometry.y)]

# Instant type instance creation
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instant_code = f"instant_ {row.index:03}"
instant = datacron.Instant(instant _code, namespace = onto)

instant.label = instant_code.replace("_ ", " ")
instant.hasIntervalDate = [row.t.strftime( "%y:%m:%d %H:%M:%S")]

# Connection Instant instance with Geometry instance using the
hasTemporalFeature object property
point.hasTemporalFeature = [instant]

if not self.weather_data.empty:
# WeatherCondition type instance creation
weather_condition_code = f"weather_condition_{row.index:03}"
weather_condition =
datacron.WeatherCondition (weather_condition_code, namespace = onto)
weather_condition.label = weather_condition_code.replace("_", "

")

weather_condition.reportedMaxTemperature
[str(row.max_temperature)]
weather_condition.reportedMinTemperature
[str(row.min_temperature) ]
weather_condition.reportedDewPoint
weather_condition.reportedPressure
weather_condition.windDirectionMax =
[str(row.wind_direction_max)]
weather_condition.windDirectionMin =
[str(row.wind_direction_min)]
weather_condition.windSpeedMax
weather_condition.windSpeedMin

[str(row.dew_point)]
[str(row.pressure)]

[str(row.wind_speed_max)]
[str(row.wind_speed_max)]

# RecordingPosition type instance type creation
recording_position_code = f"recording position_{row.index:03}"
recording_position =

onto.RecordingPosition(recording position_code)
recording position.label = recording position_code.replace(" ",

")

# RecordingSegment instace connection with the RecordingPosition
instance using the comprises object property
for segment in self.segments:
if segment[0] <= row.index <= segment[1]:
recording_segment = segments_dict[segment]
recording_segment.comprises.append(recording position)

# Trajectory instance connection with the RecordingSegment
instance using the encloses object property
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if len(self.segments) == 1:
recording segment = segments dict[self.segments[0]]
trajectory.encloses = [recording_segment]
else:
for segment in self.segments:
recording_segment = segments_dict[segment]
trajectory.encloses. append(recording segment)

# RecordingPosition instance connection with the WeatherCondition
instance using the hasWeatherCondition object property
if not self.weather_data.empty:
recording_position.hasWeatherCondition = [weather_condition]

# RecordingPosition instance connection with the Geometry
instance using the hasGeometry object property
recording_position.hasGeometry = [point]

# Photograph type instace creation

photograph_code = str(row.title)

photograph_code = photograph_code.replace("_ ", "")
photograph_code = photograph_code.replace(".JPG", "")
photograph = onto.Photograph(photograph_code)
photograph.label = photograph_code

photograph.hasSize = [str(row.size)]
photograph.hasStoragePath = [str(row.storage_path)]
photograph.hasFormat = [str(row.format)]

# RegionofInterest type instace creation
if not self.points_of interest.empty:
region_of_interest_code = f"region_of interest {row.index:03}"
region_of_interest =
onto.Region_of_Interest(region_of_interest_code)
region_of_interest.label = region_of_interest_code.replace(”_",
)
region_of_interest.hasAddress
region_of_interest.hasPlacelID
region_of_interest.hasOSMType

[str(row.display_name) ]
[str(row.place_id)]
[str(row.osm_type)]

# RegionofInterest connection with the Photograph instance
using the isRecordedIn object property
region_of_interest.isRecordedIn = [photograph]

# PhotoShootingEvent type instances creation
photo_shooting event_code = f"recording event_ {row.index:03}"
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photo_shooting_event =
onto.PhotoShootingEvent(photo shooting event code)
photo_shooting_event.label =
photo _shooting event code.replace(" ", " ")

recording_position.hasOccurredEvent = [photo_shooting event]

# PhotoShootingEvent connection with Drone using the
hasDroneParticipant object property
photo_shooting event.hasDroneParticipant = [uav]

# PhotoShootingEvent connection with RegionofInterest with
records object property
if not self.points_of interest.empty:
photo_shooting_event.records = [region_of interest]

# PhotoShootingEvent connection with Photograph using produces
object property
photo_shooting event.produces = [photograph]

# PhotoShootingEvent connection with RecordingPosition using
occurs object property
photo_shooting_event.occurs = [recording position]

onto.save(file = "ontologies/" + self.source +".xml",
format=selected_format)
return default_world
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Appendix B OWL/XML source for the Ontology

<?xml version="1.0"?>

<rdf:RDF xmlns="http://i-1lab.aegean.gr/kotis/ontologies/ontod4drone"
xml:base="http://i-lab.aegean.gr/kotis/ontologies/onto4drone"
xmlns:dc="http://purl.org/dc/elements/1.1/"

xmlns:DUL="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#"

xmlns:owl="http://www.w3.0rg/2002/07/owl#"
xmlns:rdf="http://www.w3.0rg/1999/02/22-rdf -syntax-ns#"
xmlns:xml="http://www.w3.org/XML/1998/namespace"
xmlns:xsd="http://www.w3.org/2001/XMLS chema#"
xmlns: foaf="http://xmlns.com/foaf/0.1/"
xmlns:rdfs="http://www.w3.0rg/2000/01/rdf-schema#"
xmlns:skos="http://www.w3.0rg/2004/02/skos/coret"
xmlns:sosa="http://www.w3.org/ns/sosa/"
xmlns:swrl="http://www.w3.0rg/2003/11/swrl#"
xmlns:vann="http://purl.org/vocab/vann/"
xmlns:swrla="http://swrl.stanford.edu/ontologies/3.3/swrla.owl#"
xmlns:swrlb="http://www.w3.0rg/2003/11/swrlb#"
xmlns:terms="http://purl.org/dc/terms/"
xmlns:schema="http://schema.org/"
xmlns:datAcron="http://www.datacron-project.eu/datAcron#"
xmlns:ontod4drone="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#"
xmlns:onto4dronel="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone/" >
<owl:0Ontology rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone">
<owl:versionIRI rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone/1.0.1" />
<owl:imports rdf:resource="http://www.datacron-
project.eu/datAcron#"/>
<dc:contributor>A. Soularidis, i-Lab, University of the
Aegean</dc: contributor>
<dc:contributor>E. Moraitou, i-Lab, University of the
Aegean</dc: contributor>
<dc:contributor>K. Kotis, i-Lab, University of the
Aegean</dc: contributor>
<dc:contributor>S. Angelis, i-Lab, University of the
Aegean</dc: contributor>
<vann:preferredNamespacePrefix
xml:lang="en">dront</vann:preferredNamespacePrefix>
<rdfs:comment xml:lang="en">The aim of the ontology is to
represent the knowledge related to drones&apos; semantic trajectories
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(flights, missions, recordings). Reuses datAcron
ontology.</rdfs:comment>
<rdfs:label xml:lang="en">onto4drone</rdfs:label>
<owl:versionInfo xml:lang="en">version 1.0.1
</owl:versionInfo>
</owl:0Ontology>

<l--

[17177177777777777777777777777777777777777777777777777777777177177177
[1117177771711177717

//

// Object Properties

//

[I717707777777777777777777777777777777777777777777777777777717717177
[11717177117717111717117

-->

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4droneticarrieskEquipment -->
<owl:0ObjectProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4droneticarriesEquipment” >
<rdfs:subPropertyOf
rdf:resource="http://www.w3.0rg/2002/07 /owl#topObjectProperty" />
<rdfs:domain rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" />
<rdfs:range rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4ddrone#DroneCarryingEquipment” />
<rdfs:comment xml:lang="en">Specifies the equipment carried by
a drone</rdfs:comment>
<rdfs:label xml:lang="en">carries equipment</rdfs:label>
</owl:0bjectProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#tencloses --

<owl:0ObjectProperty rdf:about="http://i-

lab.aegean.gr/kotis/ontologies/onto4dronettencloses" >

<rdfs:subPropertyOf rdf:resource="http://www.datacron-
project.eu/datAcron#hasPart"/>

<rdf:type
rdf:resource="http://www.w3.0rg/2002/07 /owl#InverseFunctionalProperty"/
>

<rdfs:domain rdf:resource="http://www.datacron-
project.eu/datAcron#Trajectory”/>

<rdfs:range rdf:resource="http://www.datacron-
project.eu/datAcron#Segment" />
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<rdfs:comment xml:lang="en">Specifies the trajectory that the
segments is part of</rdfs:comment>
<rdfs:label xml:lang="en">encloses</rdfs:label>
</owl:0bjectProperty>
<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4dronetthasDroneParticipant -->
<owl:ObjectProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#thasDroneParticipant” >
<rdfs:subPropertyOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#has
Participant"/>
<owl:inverseOf rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#isDroneParticipantIn”/>
<rdfs:domain>
<owl:Class>
<owl :unionOf rdf:parseType="Collection">
<rdf:Description rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingEvent” />
<rdf:Description rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone/MilitaryEvent” />
</owl:unionOf>
</owl:Class>
</rdfs:domain>
<rdfs:range rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" />
<rdfs:comment xml:lang="en">Specifies the drone that
participates in an event.</rdfs:comment>
<rdfs:label xml:lang="en">has drone participant</rdfs:label>
</owl:0bjectProperty>
<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#thasFlight -
->
<owl:ObjectProperty rdf:about="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#hasFlight" >
<rdfs:subPropertyOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#isP
articipantIn"/>
<rdfs:domain rdf:resource="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#UAVDrone" />
<rdfs:range
rdf:resource="http://www.opengis.net/ont/sf#Flight"/>
<rdfs:label xml:lang="en">has flight</rdfs:label>
</owl:0bjectProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4dronetthasInterest
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<owl:0ObjectProperty rdf:about="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#hasInterest”>
<rdfs:domain rdf:resource="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#EntityOfInterest"” />
<rdfs:range
rdf:resource="http://www.w3.0rg/2004/02/skos/core#Concept" />
<rdfs:comment xml:lang="en">Correlates an entity of interest
with the type of interest that it presents. </rdfs:comment>
<rdfs:label xml:lang="en">has interest</rdfs:label>
</owl:0bjectProperty>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4dronetthasOccurredEvent -->
<owl:0ObjectProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#thasOccurredEvent" >
<owl:inverseOf rdf:resource="http://www.datacron-
project.eu/datAcron#occurs"/>
<rdfs:domain rdf:resource="http://www.datacron-
project.eu/datAcron#TrajectoryPart"/>
<rdfs:range rdf:resource="http://www.datacron-
project.eu/datAcron#Event"/>
<rdfs:label xml:lang="en">has occurred event</rdfs:label>
</owl:0bjectProperty>

<!-- http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#thasTrajectory -->
<owl:ObjectProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronetthasTrajectory"”>
<owl:inverseOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronettitrajectoryRefersTo" />
<rdf:type
rdf:resource="http://www.w3.0rg/2002/07 /owl#InverseFunctionalProperty"/

<rdfs:domain rdf:resource="http://www.datacron-
project.eu/datAcron#MovingObject"/>

<rdfs:range rdf:resource="http://www.datacron-
project.eu/datAcron#Trajectory"/>

<rdfs:comment xml:lang="en">Specifies the moving object that
forms the trajectory.</rdfs:comment>

<rdfs:label xml:lang="en">has trajectory</rdfs:label>

</owl:0bjectProperty>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#tincludesFlight -->
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<owl:0ObjectProperty rdf:about="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#includesFlight" >
<rdfs:subPropertyOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#has
Constituent"/>
<rdf:type
rdf:resource="http://www.w3.0rg/2002/07 /owl#InverseFunctionalProperty"/
>
<rdfs:domain rdf:resource="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#Mission" />
<rdfs:range
rdf:resource="http://www.opengis.net/ont/sf#Flight"/>
<rdfs:comment xml:lang="en">Specifies flightes included in a
misson</rdfs:comment>
<rdfs:label xml:lang="en">includes flight</rdfs:label>
</owl:0bjectProperty>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#isDroneParticipantIn -->
<owl:0ObjectProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#isDroneParticipantIn">
<rdfs:subPropertyOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#isP
articipantIn"/>
<rdfs:domain rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone"” />
<rdfs:range>
<owl:Class>
<owl :unionOf rdf:parseType="Collection">
<rdf:Description rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingEvent” />
<rdf:Description rdf:about="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone/MilitaryEvent” />
</owl:unionOf>
</owl:Class>
</rdfs:range>
<rdfs:label xml:lang="en">is drone participant in</rdfs:label>
</owl:0bjectProperty>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#isPartOfSwarm -->

<owl:0ObjectProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#isPartOfSwarm"” >
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rdf:
artO

lab.

lab.

lab.

lab.

lab.

lab.

lab.

lab.

lab.

lab.

lab.

lab.

been

lab.

rdf:

<rdfs:subPropertyOf
resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#isP
£ />
<owl:inverseOf rdf:resource="http://i-
aegean. gr/kotis/ontologies/onto4drone/hasPartDrone"/>
<rdfs:domain rdf:resource="http://i-
aegean. gr/kotis/ontologies/onto4ddrone#Drone" />
<rdfs:range rdf:resource="http://i-
aegean. gr/kotis/ontologies/ontoddrone#SwarmOfDrones" />
<rdfs:label xml:lang="en">is part of swarm</rdfs:label>
</owl:0bjectProperty>

<!-- http://1i-

aegean. gr/kotis/ontologies/onto4ddrone#isProducedBy -->

<owl:ObjectProperty rdf:about="http://i-

aegean. gr/kotis/ontologies/ontoddrone#isProducedBy" >
<owl:inverseOf rdf:resource="http://i-

aegean. gr/kotis/ontologies/onto4ddrone#produces” />
<rdfs:domain rdf:resource="http://i-

aegean. gr/kotis/ontologies/onto4ddrone#Record" />
<rdfs:range rdf:resource="http://i-

aegean. gr/kotis/ontologies/ontoddrone#RecordingEvent" />
<rdfs:label xml:lang="en">is produced by</rdfs:label>

</owl:0bjectProperty>

<!-- http://1i-

aegean. gr/kotis/ontologies/onto4ddrone#isRecordedIn -->

<owl:0ObjectProperty rdf:about="http://i-

aegean. gr/kotis/ontologies/ontoddrone#isRecordedIn" >
<rdfs:domain rdf:resource="http://i-

aegean. gr/kotis/ontologies/ontoddrone#EntityOfInterest” />
<rdfs:range rdf:resource="http://i-

aegean. gr/kotis/ontologies/onto4ddrone#Record" />
<rdfs:comment xml:lang="en">Specifies the records an entity has

recorded in</rdfs:comment>

<rdfs:label xml:lang="en">is recorded in</rdfs:label>

</owl:0bjectProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4dronet#fproduces --

<owl:0ObjectProperty rdf:about="http://i-
aegean. gr/kotis/ontologies/ontoddrone#produces” >
<rdf:type
resource="http://www.w3.0rg/2002/07 /owl#InverseFunctionalProperty"/
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<rdfs:domain rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#RecordingEvent"” />

<rdfs:range rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Record" />

<rdfs:comment xml:lang="en">Specifies the record produced by a
recornding event</rdfs:comment>

<rdfs:label xml:lang="en">produces</rdfs:label>

</owl:0bjectProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4dronet#irecords -->
<owl:ObjectProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronetirecords" >
<rdfs:domain rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingEvent” />
<rdfs:range rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/ontoddrone#EntityOfInterest"/>
<rdfs:comment xml:lang="en">Specifies the entity that is beeing
recorded in a recording event</rdfs:comment>
<rdfs:label xml:lang="en">records</rdfs:label>
</owl:0bjectProperty>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4dronet#itrajectoryRefersTo -->
<owl:ObjectProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronetitrajectoryRefersTo" >
<rdf:type
rdf:resource="http://www.w3.0rg/2002/07 /owl#FunctionalProperty"/>
<rdfs:domain rdf:resource="http://www.datacron-
project.eu/datAcron#Trajectory"/>
<rdfs:range rdf:resource="http://www.datacron-
project.eu/datAcron#MovingObject"/>
<rdfs:comment xml:lang="en">Defines the moving object that the
trajectory is referring to.</rdfs:comment>
<rdfs:label xml:lang="en">trajectory refers to</rdfs:label>
</owl:0bjectProperty>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone/hasPartDrone -->
<owl:ObjectProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone/hasPartDrone" >
<rdfs:subPropertyOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#has
Part"/>
<rdfs:domain rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#SwarmOfDrones" />
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<rdfs:range rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" />
<rdfs:label xml:lang="en">has part drone</rdfs:label>
</owl:0bjectProperty>

<!--

[111777777777777777777777777777777777777777777777177777777177117717717
[171771771177771771717777

//

// Data properties

//

[111777777777777777777777777777777777777777777777177777771771717717717
117177 1771177771771117777

-->

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#hasAddress

<owl:DatatypeProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#thasAddress" >
<rdfs:domain rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#Region_of_ Interest"/>
<rdfs:range
rdf:resource="http://www.w3.0rg/2001/XMLSchema#tstring" />
<rdfs:label xml:lang="en">has address</rdfs:label>
</owl:DatatypeProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#thasFormat -

<owl:DatatypeProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronetthasFormat" >
<rdfs:domain rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecord" />
<rdfs:range
rdf:resource="http://www.w3.0rg/2001/XMLSchema#tstring" />
<rdfs:label xml:lang="en">has format</rdfs:label>
</owl:DatatypeProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#hasMaker --

<owl:DatatypeProperty rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronetthasMaker" >
<rdfs:domain rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fDroneCarryingEquipment”/>
<rdfs:range
rdf:resource="http://www.w3.0rg/2001/XMLSchema#string" />

/95 100
eﬁ{;/ Aimdopozicy Awcpipn [IMY uéow Epevvag « Evpon XLvotiuoto.
LInpopopikncy tov Avopéo. Xoviapion

MSc by research
Intelligent Computer Systems



MTANEITIETHMIO , , _ o :
¥ AITAIOY Semantic modeling and reconstruction of drones’ trajectories

lab.

lab.

rdf:

lab.

lab.

rdf:

lab.

lab.

rdf:

lab.

lab.

rdf:

<rdfs:label xml:lang="en">has maker</rdfs:label>
</owl:DatatypeProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4dronetthasModel --

<owl:DatatypeProperty rdf:about="http://i-
aegean. gr/kotis/ontologies/onto4ddrone#hasModel” >
<rdfs:domain rdf:resource="http://i-
aegean. gr/kotis/ontologies/onto4ddrone#DroneCarryingEquipment”/>
<rdfs:range
resource="http://www.w3.0rg/2001/XMLSchema#string"/>
<rdfs:label xml:lang="en">has model</rdfs:label>
</owl:DatatypeProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4dronet#hasOSMType

<owl:DatatypeProperty rdf:about="http://i-

aegean. gr/kotis/ontologies/ontoddrone#hasOSMType" >
<rdfs:domain rdf:resource="http://i-

aegean. gr/kotis/ontologies/ontoddrone#EntityOfInterest” />
<rdfs:range

resource="http://www.w3.0rg/2001/XMLSchema#string" />
<rdfs:label xml:lang="en">has OSM type</rdfs:label>

</owl:DatatypeProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4dronetthasPlaceID

<owl:DatatypeProperty rdf:about="http://i-

aegean. gr/kotis/ontologies/ontoddrone#hasPlaceID" >
<rdfs:domain rdf:resource="http://i-

aegean. gr/kotis/ontologies/ontoddrone#Region_of Interest"/>
<rdfs:range

resource="http://www.w3.0rg/2001/XMLSchema#string" />
<rdfs:label xml:lang="en">has place ID</rdfs:label>

</owl:DatatypeProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4dronetthasSize -->
<owl:DatatypeProperty rdf:about="http://i-
aegean. gr/kotis/ontologies/ontoddrone#hasSize">

<rdfs:domain rdf:resource="http://i-
aegean. gr/kotis/ontologies/onto4ddrone#Record" />

<rdfs:range
resource="http://www.w3.0rg/2001/XMLSchema#tstring" />

<rdfs:label xml:lang="en">has size</rdfs:label>
</owl:DatatypeProperty>
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lab.

lab.

lab.

rdf:

-->

lab.

proj

rdf:

lab.

lab.

rdf:

lab.

lab.

rdf:

<!-- http://1i-
aegean. gr/kotis/ontologies/onto4drone#thasStoragePath -->
<owl:DatatypeProperty rdf:about="http://i-
aegean. gr/kotis/ontologies/ontoddrone#hasStoragePath" >
<rdfs:domain rdf:resource="http://i-
aegean. gr/kotis/ontologies/ontoddrone#Record" />
<rdfs:range
resource="http://www.w3.0rg/2001/XMLSchema#string" />
<rdfs:label xml:lang="en">has storage path</rdfs:label>
</owl:DatatypeProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#thasVelocity

<owl:DatatypeProperty rdf:about="http://i-
aegean. gr/kotis/ontologies/onto4ddrone#hasVelocity" >
<rdfs:domain rdf:resource="http://www.datacron-
ect.eu/datAcron#Geometry"/>
<rdfs:range
resource="http://www.w3.0rg/2001/XMLSchema#tstring" />
<rdfs:label xml:lang="en">has velocity</rdfs:label>
</owl:DatatypeProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#tisActivated

<owl:DatatypeProperty rdf:about="http://i-

aegean. gr/kotis/ontologies/ontoddrone#isActivated” >
<rdfs:domain rdf:resource="http://i-

aegean. gr/kotis/ontologies/onto4drone#Drone" />
<rdfs:range

resource="http://www.w3.0rg/2001/XMLSchema#boolean" />
<rdfs:label xml:lang="en">is activated</rdfs:label>

</owl:DatatypeProperty>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#tisPaused --

<owl:DatatypeProperty rdf:about="http://i-

aegean. gr/kotis/ontologies/ontoddrone#isPaused"”>
<rdfs:domain rdf:resource="http://i-

aegean. gr/kotis/ontologies/onto4ddrone#Drone" />
<rdfs:range

resource="http://www.w3.0rg/2001/XMLSchema#boolean" />
<rdfs:label xml:lang="en">is paused</rdfs:label>

</owl:DatatypeProperty>
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<!--
[11177777777777777777/777777777/77777777777777/77/77777/77777777777717777

11111111111111111117
//
// Classes
//
[11177771171777777777177777177777777717777177777717777777717717711711717
[111177171711171177717

-->

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#ConstantRecordingPosition -->
<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#ConstantRecordingPosition” >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/ontod4drone#RecordingPosition”/>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#hasOccurredEvent" />
<owl : someValuesFrom>
<owl:Class>
<owl:intersectionOf rdf:parseType="Collection">
<rdf:Description rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#RecordingEvent” />
<owl:Restriction>
<owl:onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronettproduces" />
<owl:minQualifiedCardinality
rdf:datatype="http://www.w3.0rg/2001/XMLSchema#tnonNegativeInteger">2</0
wl:minQualifiedCardinality>
<owl:onClass rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#fRecord" />
</owl:Restriction>
</owl:intersectionOf>
</owl:Class>
</owl:someValuesFrom>
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">The spatiotemporal position on
which recording -constantly- occurs.</rdfs:comment>
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<rdfs:label xml:lang="en">Constant Recording
Position</rdfs:1label>
</owl:Class>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#Drone -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" >
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#MovingObject"/>
<rdfs:subClassOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#Phy
sicalObject"/>
<rdfs:comment>Any type of unmanned vehicle, aerial or marine
(surface or underwater).</rdfs:comment>
<rdfs:label>Drone</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#fDroneCarryingEquipment -->
<owl:Class rdf:about="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#DroneCarryingEquipment” >
<rdfs:subClassOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#Phy
sicalObject"/>
<rdfs:comment xml:lang="en">The equipment carried by the drone
for different purposes.</rdfs:comment>
<rdfs:label xml:lang="en">Drone Carrying Equipment</rdfs:label>
</owl:Class>

<!-- http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fDroneLaserScanner -->
<owl:Class rdf:about="http://1i-
lab.aegean. gr/kotis/ontologies/onto4drone#DroneLaserScanner"”>
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fDroneRecordingEquipment™ />
<rdfs:comment xml:lang="en">The device used for laser
scanning.</rdfs:comment>
<rdfs:label xml:lang="en">Drone Laser Scanner</rdfs:label>
</owl:Class>

<!-- http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#DroneMillitaryEquipment -->

<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fDroneMillitaryEquipment™” >
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<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#DroneCarryingEquipment” />
<rdfs:comment xml:lang="en">The equipment used for military
purposes, carried by the drone</rdfs:comment>
<rdfs:label xml:lang="en">Drone Military Equipment</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#DronePhotographicCamera -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#DronePhotographicCamera” >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#DroneRecordingEquipment™/>
<rdfs:comment xml:lang="en">The device used for
photography.</rdfs:comment>
<rdfs:label xml:lang="en">Drone Photographic
Camera</rdfs:label>
</owl:Class>

<!-- http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#DroneRecordingEquipment -->
<owl:Class rdf:about="http://1i-
lab.aegean. gr/kotis/ontologies/onto4drone#DroneRecordingEquipment” >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/ontoddrone#DroneCarryingEquipment" />
<rdfs:comment xml:lang="en">The devices used for the recording,
and carried by the drone.</rdfs:comment>
<rdfs:label xml:lang="en">Drone Recording
Equipment</rdfs: label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#DroneVideoCamera -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#DroneVideoCamera" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#DroneRecordingEquipment” />
<rdfs:comment xml:lang="en">The device used for video
recording.</rdfs:comment>
<rdfs:label xml:lang="en">Drone Video Camera</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#EntityOfInterest -->
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<owl:Class rdf:about="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#EntityOfInterest”>
<rdfs:subClassOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#Ent
ity"/>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/ontod4drone#hasInterest”/>
<owl : someValuesFrom
rdf:resource="http://www.w3.0rg/2004/02/skos/core#Concept" />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#isRecordedIn” />
<owl :minQualifiedCardinality
rdf:datatype="http://www.w3.0rg/2001/XMLSchema#nonNegativeInteger">1</0
wl:minQualifiedCardinality>
<owl:onClass rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecord" />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">The entity of interest of any kind
(object, event, living organism), that the recording activity aims to
record.</rdfs:comment>
<rdfs:label xml:lang="en">Entity of Interest</rdfs:label>
</owl:Class>

<!-- http://i-
lab.aegean.gr/kotis/ontologies /ontoddrone#EventOfInterest -->
<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#EventOfInterest”>
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#EntityOfInterest” />
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcront#Event"/>
<rdfs:comment xml:lang="en">The specific event that the
recording activity aims to record. This event may be a natural
phenomenon, the movement of an individual etc.</rdfs:comment>
<rdfs:label xml:lang="en">Event of Interest</rdfs:label>
</owl:Class>
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<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#FlyingObject -->
<owl:Class rdf:about="http://i-
lab.aegean. gr/kotis/ontologies/ontod4drone#FlyingObject">
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#MovingObject"/>
</owl:Class>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#Gun -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Gun" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#DroneMillitaryEquipment” />
<rdfs:label xml:lang="en">Gun</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#GunShootingEvent -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#GunShootingEvent" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone/MilitaryEvent” />
<rdfs:comment xml:lang="en">To model military-related events
(of drones carrying guns)</rdfs:comment>
<rdfs:label xml:lang="en">GunShooting</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#fLaserScanningEvent -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronettiLaserScanningEvent" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#RecordingEvent” />
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/ontod4drone#hasDroneParticipant” />
<owl:allValuesFrom>
<owl:Class>
<owl:intersectionOf rdf:parseType="Collection">
<rdf:Description rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" />
<owl:Restriction>
<owl:onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#icarriesEquipment” />
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<owl:allvaluesFrom
rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4ddrone#DroneLaserScanner"/>
</owl:Restriction>
</owl:intersectionOf>
</owl:Class>
</owl:allvaluesFrom>
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#tproduces" />
<owl:allValuesFrom rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#PointCloud" />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">A laser scanner recording
event. </rdfs:comment>
<rdfs:label xml:lang="en">Laser Scanning Event</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#MarineObject -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#MarineObject" >
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#MovingObject"/>
</owl:Class>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#Mission -->
<owl:Class rdf:about="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#Mission">
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcroni#Event"/>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#tincludesFlight" />
<owl :minQualifiedCardinality
rdf:datatype="http://www.w3.0rg/2001/XMLSchema#nonNegativeIlnteger">1</0
wl:minQualifiedCardinality>
<owl:onClass
rdf:resource="http://www.opengis.net/ont/sf#Flight"/>
</owl:Restriction>
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</rdfs:subClassOf>
<rdfs:comment xml:lang="en">The mission of the drone flight. It
may comprise more than one flight. </rdfs:comment>
<rdfs:label xml:lang="en">Mission</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#0bjectOfInterest -->
<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#0bjectOfInterest"” >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#EntityOfInterest"” />
<rdfs:subClassOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#0bj
ect"/>
<rdfs:comment xml:lang="en">The specific physical object that
the recording activity aims to record. The object of interest may be a
tree, a monument, a person etc.</rdfs:comment>
<rdfs:label xml:lang="en">0Object of Interest</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#PanoramicPhotograph -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fPanoramicPhotograph" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Photograph" />
<rdfs:comment xml:lang="en">A photograph that captures
horizontally elongated fields of view.</rdfs:comment>
<rdfs:label xml:lang="en">Panoramic Photograph</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#PanoramicShootingEvent -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#PanoramicShootingEvent" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fPhotoShootingEvent" />
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronettproduces" />
<owl:allValuesFrom rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#PanoramicPhotograph" />
</owl:Restriction>
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</rdfs:subClassOf>
<rdfs:comment xml:lang="en">A photographic camera recording
event which results in panoramic photos.</rdfs:comment>
<rdfs:label xml:lang="en">Panoramic Shooting Event</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#PhotoShootingEvent -->
<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#PhotoShootingEvent" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#RecordingEvent" />
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#hasDroneParticipant” />
<owl:allValuesFrom>
<owl:Class>
<owl:intersectionOf rdf:parseType="Collection">
<rdf:Description rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" />
<owl:Restriction>
<owl:onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#ticarriesEquipment” />
<owl:allvaluesFrom
rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#DronePhotographicCamera"/>
</owl:Restriction>
</owl:intersectionOf>
</owl:Class>
</owl:allvaluesFrom>
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronettproduces" />
<owl:allValuesFrom rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Photograph" />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">A photographic camera recording
event. </rdfs:comment>
<rdfs:label xml:lang="en">Photo Shooting Event</rdfs:label>
</owl:Class>
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<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#Photograph
-->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Photograph" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Record" />
<rdfs:comment xml:lang="en">A picture made using a photographic
camera.</rdfs:comment>
<rdfs:label xml:lang="en">Photograph</rdfs:label>
</owl:Class>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#PointCloud
-->
<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#PointCloud" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Record" />
<rdfs:comment xml:lang="en">A set of data points in space which
represent a 3D shape or object captured by a laser
scanner.</rdfs:comment>
<rdfs:label xml:lang="en">Point Cloud</rdfs:label>
</owl:Class>

<!-- http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#PointOfInterest -->
<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#PointOfInterest” >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/ontoddrone#EntityOfInterest"” />
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#Point"/>
<rdfs:comment xml:lang="en">The specific spatial point that the
recording activity aims to record. The point of interest may be
literally one geometric point or an central point of a wider entity of
interest.</rdfs:comment>
<rdfs:label xml:lang="en">Point of Interest</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#ProcessedRecord -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#ProcessedRecord” >
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#Document”/>
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<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://www.co-
ode.org/ontologies/ont.owl#originatesFrom" />
<owl :minQualifiedCardinality
rdf:datatype="http://www.w3.0rg/2001/XMLSchema#nonNegativelnteger">1</0
wl:minQualifiedCardinality>
<owl:onClass rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#Record" />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">A record which has been processed
by experts using specialised software.</rdfs:comment>
<rdfs:label xml:lang="en">Processed Record</rdfs:label>
</owl:Class>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#Record -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Record" >
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#Document”/>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#isProducedBy" />
<owl :someValuesFrom rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingEvent” />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">The result of the recording
process.</rdfs:comment>
<rdfs:label xml:lang="en">Record</rdfs:label>
</owl:Class>

<!-- http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingEvent -->
<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingEvent” >
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#Event"/>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://www.datacron-
project.eu/datAcron#occurs"/>
<owl :someValuesFrom>
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<owl:Class>
<owl:unionOf rdf:parseType="Collection">
<rdf:Description rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingPosition" />
<rdf:Description rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingSegment" />
</owl:unionOf>
</owl:Class>
</owl:someValuesFrom>
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#tproduces" />
<owl :minQualifiedCardinality
rdf:datatype="http://www.w3.0rg/2001/XMLSchema#nonNegativelnteger">1</0
wl:minQualifiedCardinality>
<owl:onClass rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#fRecord" />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#irecords" />
<owl :minQualifiedCardinality
rdf:datatype="http://www.w3.0rg/2001/XMLSchema#tnonNegativeInteger">1</0
wl:minQualifiedCardinality>
<owl:onClass rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#EntityOfInterest"” />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">The aerial recording (process) of a
region of interest, a movable or immovable object of interest, a moving
or still object of interest, an event of interest.</rdfs:comment>
<rdfs:label xml:lang="en">Recording Event</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingPosition -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingPosition" >
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#TrajectoryPart"/>
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<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#hasOccurredEvent" />
<owl :someValuesFrom rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#RecordingEvent"” />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">The spatiotemporal position on
which recording -instantly- occurs.</rdfs:comment>
<rdfs:label xml:lang="en">Recording Position</rdfs:label>
</owl:Class>

<l-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingSegment -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#RecordingSegment" >
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#Segment" />
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#hasOccurredEvent" />
<owl :someValuesFrom rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingEvent” />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://www.datacron-
project.eu/datAcron#comprises” />
<owl :someValuesFrom rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#RecordingPosition" />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment>The process of recording which takes place in
certain spatiotemporal positions regarding the trajectory of the flying
drone. </rdfs:comment>
<rdfs:label xml:lang="en">Recording Segment</rdfs:label>
</owl:Class>

<!-- http://i-
lab.aegean.gr/kotis/ontologies/ontoddrone#Region_of Interest -->
<owl:Class rdf:about="http://i-
lab.aegean. gr/kotis/ontologies/onto4ddrone#Region_of_ Interest">
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<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#EntityOfInterest"” />

<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#Region"/>

<rdfs:comment xml:lang="en">The specific region that the
recording activity aims to record. The region of interest may be a
forest, an archaeological space, a town etc.</rdfs:comment>

<rdfs:label xml:lang="en">Region of Interest</rdfs:label>

</owl:Class>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#Swarm -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Swarm" >
<rdfs:subClassOf
rdf:resource="http://www.ontologydesignpatterns.org/ont/dul/DUL.owl#Abs
tract"/>
<rdfs:comment xml:lang="en">A group of flying entities which
aggregate together and move en masse in the same direction, while they
may have the same or close departure and starting point. Perhaps the
flying entities have a common or similar mission.</rdfs:comment>
<rdfs:label xml:lang="en">Swarm</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#SwarmOfDrones -->
<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#SwarmOfDrones” >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Swarm" />
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone/hasPartDrone" />
<owl :minQualifiedCardinality
rdf:datatype="http://www.w3.0rg/2001/XMLSchema#nonNegativeIlnteger">2</0
wl:minQualifiedCardinality>
<owl:onClass rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">A set of drones flying in formation
and collaboration to accomplish a mission</rdfs:comment>
<rdfs:label xml:lang="en">Swarm of drones</rdfs:label>
</owl:Class>
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<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#UAVDrone --

<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#UAVDrone" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" />
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#FlyingObject"/>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#ticarriesEquipment” />
<owl :someValuesFrom rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fDroneCarryingEquipment™ />
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronet#thasFlight" />
<owl : someValuesFrom
rdf:resource="http://www.opengis.net/ont/sf#Flight"/>
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">An aircraft without any human
pilot, crew or passengers on board. The flight of the drone can be
operated either remotely by a human or by a software.</rdfs:comment>
<rdfs:isDefinedBy
xml:lang="en">https://en.wikipedia.org/wiki/Unmanned_aerial_vehicle</rd
fs:isDefinedBy>
<rdfs:label xml:lang="en">UAV drone</rdfs:label>
</owl:Class>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#UMVDrone --

<owl:Class rdf:about="http://i-

lab.aegean. gr/kotis/ontologies/onto4drone#UMVDrone" >

<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" />

<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#MarineObject" />

<rdfs:comment>A marine vehicle without any human pilot, crew or
passengers on board. The trip of the drone can be operated either
remotely by a human or by a software.</rdfs:comment>

<rdfs:label>UMV drone</rdfs:label>
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</owl:Class>

<!-- http://i-lab.aegean.gr/kotis/ontologies/onto4drone#Video -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Video" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Record" />
<rdfs:comment xml:lang="en">A record of moving visual images
captured by a video camera.</rdfs:comment>
<rdfs:label xml:lang="en">Video</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4dronet#VideoRecordingEvent -->
<owl:Class rdf:about="http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone#VideoRecordingEvent" >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#fRecordingEvent” />
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#hasDroneParticipant” />
<owl:allValuesFrom>
<owl:Class>
<owl:intersectionOf rdf:parseType="Collection">
<rdf:Description rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Drone" />
<owl:Restriction>
<owl:onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/ontoddrone#carriesEquipment"” />
<owl:allvaluesFrom
rdf:resource="http://i-
lab.aegean. gr/kotis/ontologies/onto4drone#DroneVideoCamera" />
</owl:Restriction>
</owl:intersectionOf>
</owl:Class>
</owl:allvaluesFrom>
</owl:Restriction>
</rdfs:subClassOf>
<rdfs:subClassOf>
<owl :Restriction>
<owl :onProperty rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4dronettproduces" />
<owl:allValuesFrom rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone#Video" />
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</owl:Restriction>
</rdfs:subClassOf>
<rdfs:comment xml:lang="en">A video camera recording
event. </rdfs:comment>
<rdfs:label xml:lang="en">Video Recording Event</rdfs:label>
</owl:Class>

<!-- http://1i-
lab.aegean.gr/kotis/ontologies/onto4drone/MilitaryEvent -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone/MilitaryEvent” >
<rdfs:subClassOf rdf:resource="http://www.datacron-
project.eu/datAcron#Event"/>
<rdfs:label xml:lang="en">Military Event</rdfs:label>
</owl:Class>

<!-- http://i-
lab.aegean.gr/kotis/ontologies/onto4drone/SearchAndRescue -->
<owl:Class rdf:about="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone/SearchAndRescue” >
<rdfs:subClassOf rdf:resource="http://i-
lab.aegean.gr/kotis/ontologies/onto4drone/MilitaryEvent” />
<rdfs:label xml:lang="en">Search and Rescue</rdfs:label>
</owl:Class>

</rdf:RDF>

,«05 118
(é/ Aimdopozicy Awcpipn [IMY uéow Epevvag « Evpon XLvotiuoto.
LInpopopikncy tov Avopéo. Xoviapion

MSc by research
Intelligent Computer Systems



MANEIIETHMIO , . _ o :
AITAIOY Semantic modeling and reconstruction of drones’ trajectories

Appendix C Exported csv file

X Y fid id sequence  trajectory_id tracker t alt title storage_path size  format camera_model
8/12/2021

26,56950  39,08495 1 1 1 1 1 13:11  99.07 DJI_0001JPG  C:phantom_4\DJI_0001JPG  6.87 JPG DJI_FC6310
8/12/2021

26,56950 39,08495 2 2 2 1 1 13:12 99.07 DJI_0002JPG  C:\phantom_4\DJI_0002JPG 6.95 JPG DJI_FC6310
8/12/2021

26,56937 39,08501 3 3 3 1 1 13:12  98.97 DJI_0003JPG  C:\phantom_4\DJI_0003JPG 6.85 JPG DJI_FC6310
8/12/2021

26,56936 39,08512 4 4 4 1 1 13:12 98.97 DJI_0004.JPG  C:\phantom_4\DJI_0004 JPG 7.01 JPG DJI_FC6310
8/12/2021

26,56915 39,08507 5 5 5 1 1 13:12 99.07 DJI_0005.JPG  C:\phantom_4\DJI_0005JPG 6.75 JPG DJI_FC6310
8/12/2021

26,56907 39,08503 6 6 6 1 1 13:12 99.17 DJI_0006.JPG  C:\phantom_4\DJI_0006JPG 6.97 JPG DJI_FC6310
8/12/2021

26,56914  39,08455 7 7 7 1 1 13:13  99.27 DJI_0007JPG  C:\phantom_4\DJI_0007JPG  6.78 JPG DJI_FC6310
8/12/2021

26,56908 39,08451 8 8 8 1 1 13:13  99.17 DJI_0008JPG  C:\phantom_4\DJI_0008JPG  6.76 JPG DJI_FC6310
8/12/2021

26,56896 39,08447 9 9 9 1 1 13:13 10867 DJI_0011.JPG  C:\phantom_4\DJI_0011JPG 734 JPG DJI_FC6310
8/12/2021

26,56905 39,08452 10 10 10 1 1 13:13 12667 DJI_0012JPG  C:\phantom_4\DJI_0012 JPG 6.75 JPG DJI_FC6310
8/12/2021

26,56905 39,08452 11 11 11 1 1 13:13 12677 DJI_0013JPG  C:\phantom_4\DJI_0013 JPG 6.72 JPG DJI_FC6310
8/12/2021

26,56933 39,08455 12 12 12 1 1 13:13 11397 DJI_0014JPG  C:\phantom_4\DJI_0014JPG 6.95 JPG DJI_FC6310
8/12/2021

26,56938 39,08484 13 13 13 1 1 13:14 82.87 DJI_0016JPG  C:\phantom_4\DJI_0016JPG 6.73 JPG DJI_FC6310
8/12/2021

26,56938 39,08484 14 14 14 1 1 13:14 81.27 DJI_0017JPG  C:\phantom_4\DJI_0017JPG  7.45 JPG DJI_FC6310
8/12/2021

26,56938 39,08485 15 15 15 1 1 13:15 78.97 DJI_0018JPG  C:\phantom_4\DJI_0018 JPG 717 JPG DJI_FC6310
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