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A B S T R A C T

The ever-increasing amount of Internet of Things (IoT) data emanating from sensors and mobile
devices is creating new capabilities and unprecedented economic opportunity for individuals,
organizations, and states. To fully realize the potential benefits of these sensor datasets, two fun-
damental requirements need to be addressed, namely interoperability and effective data man-
agement system. Fortunately, a suite of technologies developed in the Semantic Web effort, such
as the RDF model, Linked Data, and SPARQL, can be used as some of the principal solutions to
help sensor data from the challenge of poor interoperability. However, in this context, providing
an effective data management system for sensor data that can combine the benefits of Semantic
Web principles, and also be able to deal with the ”big spatio-temporal data” nature of sensor
data, is still an open challenge. Central to this problem is not only knowing how to store a
massive volume of sensor data, but also being able to answer a complex spatio-temporal related
query on large-scale sensor datasets in a timely manner.

Researchers in the Semantic Web community have proposed a substantial number of works that
use Semantic Web technologies for effectively managing and querying heterogeneous sensor
data. However, our research survey revealed that these solutions primarily focused on semantic
relationships and paid less attention to the temporal-spatial correlation of sensor data. Moreover,
most semantic approaches do not have spatio-temporal support. Some of them have addressed
limitations as regards providing full spatio-temporal support but have poor performance for
complex spatio-temporal aggregate queries. In addition, while the volume of sensor data is
rapidly growing, the challenge of querying and managing the massive volumes of data generated
by sensing devices still remains unsolved.

In this work, we propose a scalable spatio-temporal query engine for sensor data based on
Linked Data model, called EAGLE. The ultimate goal of our approach is to provide an elastic
and scalable system which allows fast searching and analysis on the relationships of space, time
and semantic in sensor data. In order to support spatio-temporal computing, we introduce a
set of new query operators which is compatible with SPARQL 1.1. For dealing with ”big data”
and a high update throughput of sensor data, EAGLE adopts a loosely hybrid architecture that
consists of different clustered databases. This flexible architecture not only helps the engine
with the overhead of ”big data” processing but also allows us to make use of the existing spatio-
temporal query functions provided by the underlying databases. The engine also provides a
learning optimization approach that can predict query performance based on historical query
execution plans. To demonstrate the advantages of the query processing engine in terms of
performance, the thesis provides extensive experimental evaluations. The evaluations cover a
comprehensive set of parameters that indicate the performance of spatio-temporal queries over
Linked Sensor Data.
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1 I N T R O D U C T I O N

1.1 motivation

The concept of the ”Internet of Things”(IoT) was �rst introduced in 2005 in the annual report

of the International Telecommunications Union. A common understanding of the IoT is a dy-

namic and global network infrastructure, in which each thing can be uniquely identi�able and

be connectable through the Internet. Particularly, the IoT consists of a variety of information

sensing devices, such as Radio Frequency Identi�cation (RFID), sensor networks, infrared sen-

sors, a global positioning system (GPS), laser scanners, and so on, and are able to connect to the

Internet while making real-time observations about the world as it happens.

By 2020, with the estimate of having 50 billion connected objects [51], there will be an enormous

amount of sensing observation data being continuously generated per second. This observation

data source, in combination with existing data and services on the Internet, promises a wide

range of innovative and valuable applications and services in the areas of Smart Cities, Smart

Grid, Industry 4.0, Intelligent Transportation Systems, etc. Moreover, the variety and diversity

of these sensor data sources enable the users to not only capture the trends but also to explore

new knowledge spanning different scienti�c domains.

Interoperability is one of the most signi�cant challenges in an IoT smart environment, where

different platforms, sensors, and data sets are connected. While sensor data usually lack con-

textual information such as spatial information, measurement properties, temporal description

of sensing data, etc., providing meaningful semantic metadata for sensor is necessary to achieve

interoperability. Unfortunately, due to the heterogeneous nature of this sensing data, this task

becomes more dif�cult and labor-intensive. To address this problem, the Semantic Web commu-

nity has proposed the Linked Data model, for representing sensor data (so called Linked Sensor

Data). This data model aims to connect dynamic and heterogeneous data generated from IoT,

e.g. sensor readings, with any knowledge base to create a single graph as an integrated database

serving any analytical queries on a set of nodes/edges of the graph [ 175, 40, 139, 110]. The

crucial strength of the Linked Data model is in connectivity. Based on standard vocabularies

and linking properties, data from different sources can be combined, linked, expanded and built

upon to create information models for different domains. Since all data uses the same data

model, they can be queried with the same query language (SPARQL). As a result, diverse data

from different applications can be brought together easily.

In comparison with traditional data sources, and in combination with other useful information

sources, the data generated by sensors are also providing a meaningful spatio-temporal context.

They are produced in speci�c locations at a speci�c time. Basically, all sensor data items can

1
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be represented in three dimensions: semantic, spatial and temporal. Consider the following

real-world example. There is a global weather data provider that receives a request for sending

the historical average temperature data of Dublin City in the last 10 years to a customer. To

process this request, a query processing engine of the data provider has to execute an aggregate

query on the temperature observation data generated by all weather stations in Dublin City. In

this query, the implied semantic description of sensor data is temperature measurement. In

the meantime, the spatial information describes a place (Dublin city) that the sensors observe.

Finally, the temporal dimension speci�es the time when the temperature values were generated

(last 10 years). Apparently, to answer the aforementioned query in a timely manner, the query

engine has to have a capability for processing a heavy spatio-temporal computation and also

querying the semantic description of sensor data. Unfortunately, in the Linked Sensor Data

context, supporting such multidimensional analytical queries is still not fully addressed. This is

due to the fact that researchers in this area have paid more attention to processing the semantic

relationships of the data rather than investigating a suf�cient approach for querying its spatio-

temporal correlation. As a consequence, it is dif�cult for current solutions to ef�ciently index

and query sensor data.

Besides the need to support spatio-temporal computation, it is also imperative to produce an ef�-

cient and scalable data processing engine so that it can deal with the ”big data” nature of sensor

data. This requirement is crucial because sensor data is frequently updated and one can end up

with a massive amount of data. Several standalone spatial RDF stores have been introduced for

managing sensor data, however, as the size of data increases, such single-machine approaches

meet performance bottlenecks, in terms of both data loading and query performance. Other

attempts have been proposed [130, 167, 166] for distributed processing of RDF data, however,

these are not designed for handling spatial or spatio-temporal data.

These facts motivated us to develop EAGLE, a scalable spatio-temporal query engine for pro-

cessing Linked Sensor Data. Our approach aims to build a high-performance processing engine

for Linked Sensor Data which is able to index, �lter and aggregate a high throughput of sensor

data together with a large volume of historical data stored in the engine. Following this aim, the

EAGLE engine adopts a loosely hybrid architecture that consists of different clustered databases.

This �exible architecture not only helps the engine to deal with the overhead of ”big data” pro-

cessing but also allows us to make use of existing spatio-temporal query functions provided by

the underlying databases. It is also worth mentioning that while there can be different kinds

of spatio-temporal queries (continuous queries, queries on moving objects, queries on historical

data, etc), EAGLE focuses only on solving the processing challenges of the queries on historical

data. In particular, this is based on the assumption that the spatial information of the sensor

is static while the temporal observation data of the sensor is frequently updated. In that sense,

for supporting spatio-temporal computing, we introduce a set of new query operators which is

compatible with SPARQL 1.1. Furthermore, to provide an insight into how to build an ef�cient

query processing engine for Linked Sensor Data, we conducted the �rst performance study on

Linked Sensor Data processing engines that were developed during the time frame of this thesis.
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1.2 problem statement

The motivation for the thesis leads to the broader research problems that arise when building

an ef�cient scalable spatio-temporal query processing engine for Linked Sensor Data. The �rst

challenge is to de�ne a uni�ed data model that semantically describes the three aspects of sensor

data (spatial, temporal and semantic). Furthermore, the data model should be able to represent

not only Linked Sensor Data but also Linked Data in a uni�ed view. For this reason, it is

desirable that the spatio-temporal data model should be extended from the Linked Data model

so that it can be transparently integrated with other conventional RDF datasets.

Along with the spatio-temporal data model, there is a need for an associated semantic query lan-

guage that supports spatio-temporal searches. It is important to note that the standard SPARQL

query language is only designed for querying semantic RDF data and thus has very limited sup-

port for spatio-temporal queries. Therefore, when de�ning a spatio-temporal query language,

the spatial and temporal query operators associated with their special variables have to be de-

�ned to specify the meanings of the declarative query patterns. Additionally, because temporal

analytics is one of the most popular demands in a Linked Sensor Data context, one feature that

should be taken into consideration is having a set of temporal analytical query operators that

helps the complex temporal aggregate queries to be easily constructed. Finally, to reduce the

learning effort, it is also desirable that the proposed query language is a SPARQL-like query

language [140].

During the evolution of RDF management systems in the last decade, many approaches for ef-

�ciently managing and querying RDF data have been proposed [ 3, 2, 30, 133, 196, 30, 199]. In

these approaches, the RDF data is well organized and indexed to ef�ciently and effectively an-

swer the RDF queries. However, since these systems are already well-designed and none of them

takes spatio-temporal support into consideration, it is dif�cult to use them as a Linked Sensor

Data management system without great modi�cation. For example, in [ 29], the authors exploit

RDF-3X [131] to build a spatial feature integrated query system. They employ the separated

R-tree and RDF-3X indexes for �ltering the entities exploiting the spatial and semantic features

respectively. Similarly, YAGO 2 [113] is extended to support spatial feature over statements and

also provides an interface for querying SPARQL-like queries over YAGO 2 data. Because such

approaches are not intended to be a geographical or temporal database in the �rst place, they

limit the user to use very few hard-code spatial relationships, such as north_Of, east_Of, south_Of,

etc, and do not support other complex ones (i.e, within , intersects). For a temporal query, in-

stead of building a dedicated temporal index, a special handling method is introduced. For that,

temporal data are treated as standard RDF literals. To query this data, the temporal �lter will

be de�ned in the standard semantic SPARQL FILTER expression, using the basic comparison

operators on the time values. This solution is proved to be only effective in the case of simple

temporal queries that can be processed by SPARQL. However, for the more complex analytical

spatio-temopral queries such as an aggregate query over an explicit spatio-temporal correlation,

this solution will be inappropriate due to its poor query performance. Therefore, instead of

indexing temporal values as RDF literals, a more suf�cient spatio-temporal index solution needs

to be investigated.
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The aforementioned approaches commonly focus on enabling spatio-temporal query features,

but hardly any of them fully address the performance and scalability issues of querying billions

of data point. On the light of dealing with this ”big data” issue, many centralized and distributed

native RDF repositories have been implemented [130, 165, 167]. These RDF repositories are fast

and able to scale up to many millions of triples or a few billion triples. Unfortunately, none

of these systems takes spatio-temporal feature into consideration. Other hybrid solutions have

been proposed such as Strabon [108], SSTDE [201], to support spatio-temporal queries at scale.

These approaches adopt a loosely coupled hybrid architecture which includes different relational

DBMSs coordinated by a centralized middleware. However, through our performance study,

some shortcomings in system performance have been realized, i.e, data loading and analytical

query performance. We address this issue by proposing a more ef�cient hybrid distributed

architecture that is not only able to support complicated spatio-temporal queries tailored to

managing Linked Sensor Data but also that is capable of dealing with mentioned performance

and scalability issues.

Lying at the heart of the query processing engine is the query optimizer. Researchers in the

Semantic Web community have proposed a substantial number of works that focus on query

optimization in conjunction with supporting spatio-temporal computation. In many of these

approaches, for a given query, the query optimizer will �rstly analyze the correlation of the

spatial, temporal and semantic aspects, and �nd the best execution plan based on either the

complex cost model or by using data statistics and heuristics. However, these approaches have

only proven to be effective in a centralized system where the optimizer can easily estimate the

cost of all spatio-temporal query execution operations. In the context of a Linked Sensor Data

management system, which requires a distributed integration spatio-temporal query processing

engine, these existing query optimization techniques will not be suf�cient because of the fol-

lowing reasons: (1) de�ning a cost model which has to express all spatio-temporal aspects of

sensor data and is adaptable to changes in the underlying environment (data communication

costs, characteristics of the network, cluster con�guration, etc.) is a costly task and has not been

fully addressed; (2) the spatio-temporal statistics of sensor datasets are often missing due to the

(multidimensional) complexity and high-frequency updates of the data. They are expensive to

generate and maintain. As coming up with a reliable analytical cost-model is very dif�cult and

often impossible to achieve, a learning query optimizer should be considered.

1.3 thesis contributions

This thesis aims to develop a scalable spatio-temporal query processing engine for Linked Sensor

Data. During this process, a number of original contributions were produced as follows.

A performance study of RDF stores for Linked Sensor Data

Before the design of our EAGLE engine, we �rstly study and analyze in detail the fundamental

requirements for an RDF processing engine that can be applied to Linked Sensor Data. Based
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on these requirements, we conduct an extensive performance assessment of �ve selected and

well-known RDF stores for managing Linked Sensor Data. In comparison with existing works,

our performance study also focuses on evaluating the spatial, temporal and text data indexing

performance of these systems. These evaluations give an insight into the gaps and shortcomings

of current RDF stores in managing Linked Sensor Data and so help in the design of our approach.

Furthermore, through the performance study, we also identify a query optimization challenge

for executing a complex spatio-temporal query over Linked Sensor Data.

Data modeling and publishing process of linked meteorological sensor dataset

The lack of research in the area of spatio-temporal Linked Data will draw more attention when

more datasets with such characteristics will be made available in the LOD Cloud. Taking this

target into consideration, in this thesis, we present the sensor data modeling and publishing

process of our linked meteorological sensor dataset. This RDF spatio-temporal sensor dataset

is transformed from Integrated Surface Hour (ISH) weather data, which is originally published

by The National Oceanic and Atmospheric Administration. Thanks to Linked Data principles,

we were able to transform roughly 350 gigabytes of ISH raw weather data to RDF. This dataset

consists of roughly 3.7 billion global meteorological sensor observations from 2008to 2018. As

the data also consists of geospatial and temporal information, making all this data available as

Linked Data and interlinking it with semantic connections will provide extremely useful links

to the Linked Data Cloud and also with substantial environmental and commercial value.

A SPARQL spatio-temporal extensions for querying Linked Sensor Data

We propose our SPARQL query language extensions to enable querying spatial and temporal

aspects of Linked Sensor Data. We adopt the GeoSPARQL syntax [19] into our proposed exten-

sions so that it can be used to query spatial data. For querying temporal data, we introduce a

set of novel analytical temporal property functions. Moreover, a full-text search function is also

given.

Scalable spatio-temporal query processing engine

We develop EAGLE, a scalable spatio-temporal query processing engine, that is able to store

a massive amount of sensor data and also ef�ciently query them using our proposed query

language. The engine serves as a middleware to maintain the hybrid database systems and

consists of an implementation of the proposed spatio-temporal query operators. The engine is

developed upon Apache Jena, allowing it to manage the semantic data as a native triple store. For

the spatial, temporal and text data, the engine stores and maintains them externally in different

underlying databases. This architecture demonstrates excellent scalability for very large Linked

Sensor Datasets.
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Spatio-temporal data partitioning strategy

We propose a spatio-temporal data partitioning strategy that aims to enhance the data loading

and query performance of EAGLE. The partitioning strategy makes use of the spatio-temporal

correlation features of sensor data so that all the observation data of nearby sensors will be lo-

cated in the same data partitions and ordered by time. We implement this technique by design-

ing a rowkey schemethat concatenates the geohash pre�x representing a sensor's location and its

temporal and semantic information. Each data partition is assigned to a unique range of rowkey.

Therefore, based on our spatio-temporal data partitioning strategy, for a given spatio-temporal

query, the query engine can locate quickly what partitions actually have to be processed, thus,

reducing the query processing time drastically.

A learning approach for query planning on spatio-temporal Linked Sensor Data

Generating execution plans for a given query is a costly operation for the query engine. An inter-

esting alternative to this operation is to reuse the old execution plans that were already generated

by the optimizer for past queries, to execute a new query. In this thesis, we present a learning

approach for query planning that uses query similarity identi�cation in conjunction with ma-

chine learning techniques to recommend a previously generated query plan to the optimizer for

a given query. We present how to model the spatio-temporal query features as feature vectors

for machine learning algorithms such as the k-nearest neighbors algorithm (k-NN) and support

vector machine (SVM). Additionally, our approach also aims to predict the query execution time

for the purposes of workload management and capacity planning. Our extensive experiments

indicate the ef�ciency of our learning approach with an impressive prediction accuracy on test

queries.

1.4 il lustrative example

We will give a brief introduction to our querying approach to illustrate some of our query

engine's major concepts. This example is taken from a scenario that The European Centre for

Medium-Range Weather Forecasts (ECMWF) is being requested from the tourist about a list of

hottest places in Europe during the summer of 2019. This statistical information aims to help

tourists planning their coming summer vacation.

In this example, to answer the user request, the analyst at the ECMWF may query information

about all visited places in Europe and then searches for the relationships connecting these places

to their meteorological stations. These relationships can be found by matching the visited places

coordinates with the known location of ECMWF stations. We may pose the following spatial

SPARQL query involving the geo:sfWithinspatial function for such a search. The namespaces

can be found in Listing A of Appendix A.

Thanks to Linked Data principles that allows interlinking the sensor dataset to external informa-

tion sources such as DBPedia, the analyst is able to query all the visited places in Europe via a
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SELECT ?attractions ?sensorLocation
WHERE{

?entity skos:broader dbr:Category:Tourism _by _city . (1)
?places skos:broader ?entity . (2)
?attractions dcterms:subject ?places . (3)
?attractions dbo:country ?country . (4)
?country dbo:location dbr:Europe. (5)
?attractions geo:lat ?lat. (6)
?attractions geo:long ?long. (7)
?attractions geo:hasGeometry ?attrLoc. (8)
?station a got:WeatherStation. (9)
?station geo:hasGeometry ?geoFeature. (10)
?geoFeature geo:sfWinthin(?attrLoc 50 "miles"). (11)

}

Listing 1.1: Spatial query for retrieving the list of visited place in Europe.

set of triple patterns (pattern 1 to pattern 8) that query across the DBPedia datasets. To search

for the geographical relationship connecting the retrieved visited places and all meteorological

stations nearby through their known locations (retrieved by executing query patterns 9 and 10),

we are using the spatial function geo:sfWithin(in pattern 11). The spatial function also allows the

analyst to additionally limit the area that the stations located in (i.e, within 50 miles).

After specifying the spatial relationship between the visited places and sensor stations, the ana-

lyst might be interested in a measurement property (i.e, temperature) and the time constraint of

the user request (i.e, summer 2019). Therefore, we de�ne the semantic relationship connecting

the station and the sensor measurement property via patterns 12 to 16. Next, analytical tempo-

ral functions are introduced. The temporal functions will help the analyst to specify the type of

statistics (i.e, temporal:avg) on the temporal properties (i.e, observation value) of a given semantic

relationship (observation value and the visited place that the sensor observes). The complete

corresponding query is shown below:

SELECT ?attractions ?sensorLocation

WHERE{

?entity skos:broader dbr:Category:Tourism _by _city . (1)

?places skos:broader ?entity . (2)

?attractions dcterms:subject ?places . (3)

?attractions dbo:country ?country . (4)

?country dbo:location dbr:Europe. (5)

?attractions geo:lat ?lat. (6)

?attractions geo:long ?long. (7)

?attractions geo:hasGeometry ?attrLoc. (8)

?station a got:WeatherStation. (9)

?station geo:hasGeometry ?geoFeature. (10)

?geoFeature geo:sfWinthin(?attrLoc 50 "miles"). (11)

?sensor a sosa:Sensor; (12)

sosa:isHostedBy ?station; (13)

sosa:observes got:AirTemperature. (14)

?obs sosa:madeBySensor ?sensor; (15)

sosa:hasSimpleResult ?value. (16)



8 introduction

?value temporal:avg("01/01/2019" "31/03/2019") (17)

}

GROUP BY(?attractions)

ORDER BY?value limit 10

Listing 1.2: A corresponding spatio-temporal query of our illustrative example.

As illustrated in the query above, EAGLE engine allows multiple operators to be used in a single

query. We can therefore execute a spatio-temporal-semantic queries that combine spatial and

temporal functions. The query language and query execution process are discussed in Chapter

6.
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The remainder of the thesis is organized as follows:



10 introduction

� Chapter 2 presents the preliminaries for this research, which involve SW, RDF engines,

and spatio-temporal data representation. It de�nes the terminologies and notations used

in the architectural design of the EAGLE engine.

� Chapter 3 summarizes the related work regarding research challenges mentioned in Sec-

tion 1.2. The �rst section presents the data modeling for Linked Sensor Data, followed by a

discussion about the achievements and limitations of current approaches. Existing spatio-

temporal query languages are also reviewed. In the second section, the works regarding

spatio-temporal query processing engines are reported.

� Chapter 4 describes our linked meteorological data publishing process. Through this, we

also present a data modeling approach that is used to semantically describe Linked Sensor

Data. The summary of the linked meteorological dataset and its application are given at

the end. This work is under review in [ 157].

� Chapter 5 reports our performance study of RDF stores for Linked Sensor Data. In this

chapter, we present the fundamental requirements and analyze the general architectural

design of RDF stores that can be used for managing Linked Sensor Data. Extensive per-

formance comparison of the most popular RDF stores that support spatio-temporal query

is also presented. A discussion and our main �ndings are given at the end of this chapter.

This work is under review in [ 156].

� Chapter 6 describes our prototype EAGLE's implementation with the goal of creating a

scalable spatio-temporal query processing engine for Linked Sensor Data. Topics covered

include system design and architecture, data partitioning strategy, query language, and

interactivity components. In addition to that, a system performance evaluation of EAGLE

is also given at the end of this chapter. This work is published in [ 154, 146].

� Chapter 7 presents the query optimization techniques that we have developed in EAGLE

to increase its performance. In this chapter, we �rst discuss the limitations of traditional

approaches and then propose a query optimization method that applies machine learning

algorithms. Additionally, we also discuss how to model spatio-temporal query features as

feature vectors for machine learning algorithms. Finally, a detailed experiment is reported.

This work is published in [ 155].

� Chapter 8 summarizes this research, draws conclusions and lists further potential research

topics.



2 B A C KG R O U N D

This chapter provides the background concepts and terminologies that enable us to achieve the

goals. Firstly, we will discuss the relevant notations and de�nitions of the Semantic Web, RDF

data model, ontology and the SPARQL query language. We also give an overview of the RDF

store. Next, we present some preliminary knowledge on the representation of geospatial and

temporal information and focus on how this representation is adopted in the RDF model.

2.1 semantic web and linked data

The Semantic Web (SW), which is considered as an extension of the current World Wide Web,

has drawn a lot of attention recently. Its vision promises an extension of the current web in

which data is accompanied with machine-understandable metadata allowing capabilities for a

much higher degree of automation and more intelligent applications [ 22].

This web is founded on the concept of Linked Data (LD), a term used to refers to a set of best

practices – proposed by Berners-Lee in his Web architecture [21] – for publishing and interlinking

data on the Web [82]. It builds upon standard Web technologies such as HTTP, RDF, and URI,

but rather than using them to serve web pages only for human readers, it extends them to share

information in a way that can be read automatically by computers. Therefore, LD has quickly

become the dominant solution for cross-database data integration. As shown in Figure 2.1, there

has already been massive amounts of data from different domains interlinked with each other

and compose a large data cloud. According to the recent LOD reports [ 10, 168], this cloud has

consisted of more than 1,234 data sources with 16,136 linked covering many well-known areas,

such as general knowledge (DBpedia [15]), bioinformatics (Uniprot [ 193]), GIS (Geoname [198],

linkedgeodata [ 185]) and web-page annotations (e.g, RDFa [4], microformats [ 99]). In addition,

LD is also a most recommended data model among governments and enterprises that see RDF

as a more �exible way to represent their data. For example, this includes the US government

(data.gov), the UK (data.gov.uk) as well as Google, Bing, etc.

In this thesis, we use various LD technologies that enable us to achieve our goals. In the following

subsections, we brie�y introduce the core concepts of LD, which are ontology and RDF data

model, for representing data on the SW. After that, we will discuss the SPARQL query language

to query data on the SW and the RDF engine for storing LD. Finally, the LD principles are

elaborated. For a more detailed introduction to RDF and SPARQL, we refer the readers to the

W3C speci�cation documents [ 45, 53].

11
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Figure 2.1: Linked Open Data diagram [ 191]

2.1.1 Ontology

Ontology is the key element of the SW. It formally de�nes the concepts, relationships and pro-

vides the schema to create the semantic metadata for objects [67]. In particular, an ontology

describes the following aspects:

� Individuals (or instances) : Individuals are the basic and fundamental elements in an ontol-

ogy. The individuals in an ontology may include concrete objects (people, animals, tables,

automobiles, etc), as well as abstract individuals (numbers, words).

� Classes: classes are an abstraction of objects. Classes may classify individuals, other classes,

or a combination of both.

� Attributes : objects in an ontology can be described by assigning attribute values to them.

An attribute contains at least one name and one value, which store speci�c information of

an object.

� Relationships : Relationships between objects in an ontology specify how an object is re-

lated to other objects. Usually, a relation is an attribute which has another object in the

ontology as its value. In general, the set of relationships describes the whole semantic in a

domain.

� Events: events are objects about time or instantiated object resources.



2.1 semantic web and linked data 13

To build an ontology, the W 3C1 develops the Web Ontology Language (OWL) [ 122]. There are

three subsets of OWL: Lite, DL and Full. OWL Lite is the least expressive one, a subset of OWL

DL. It assures ef�cient reasoning by reducing axiom constraints in OWL DL. OWL DL (Descrip-

tion Logic) contains all elements of OWL, but is restrictively used. OWL DL provides reasoning

functions in description logic, which is formalized on the basis of OWL. OWL Full contains all

elements of OWL with no restriction. It extends the RDFS to a complete the ontology language,

and is suitable for users who need no computational guarantees while the best expressive power

with no limit.

2.1.2 Resource Description Framework

The Resource Description Framework (RDF) [104] has been adopted by the W3C as a standard

for representing metadata on the Web. In the following, we introduce the de�nitions related to

the RDF data model. Let I be the set of Information Resource Identi�ers (IRI), L be the set of

literals, and B be the set of blank nodes.

De�nition 2.1 (RDF terms) The set of RDF Terms RT is:RT = I [ B [ L.

De�nition 2.2 (RDF triple) an RDF triple (s,p,o) is a member of the set(I [ B) � I � (I [ L [ B). For

an RDF triple (s,p,o), the element s is called subject, the element p is called predicate, and the element o is

called object.

De�nition 2.3 (RDF Data set) An RDF dataset is a set DS:DS = f(s1 , p1 , o1 ), ...,(sn , pn , on )g.

An example of RDF triples is shown as Table 2.1. There, the statements convey the information

that the sensor Ais an air temperature sensor, while the two others present the sensor observation

value and its observed time.

Table 2.1: An example of RDF triples

Triples
(1) <:_sensorA> <sosa:observes> <iot:AirTemperature>
(2) <:_obs> <sosa:madeBySensor> <:_sensorA>
(3) <:_obs> <sosa:hasSimpleResult>27
(4) <:_obs> <sosa:resultTime> "12-08-2018T00:00:00"

A set of RDF triples is referred as a directed, labeled RDF Graph [172], where a directed edge

labeled with the property name connects a vertex labeled with the subject name and a vertex

labeled with the object name. RDF Schema (RDFS) [121] provides a standard vocabulary for

describing the classes and relationships used in RDF graphs and consequently provides the

capability to de�ne ontologies. An example of RDF graph is shown in Figure 2.2.

2.1.3 SPARQL Language

SPARQL is the standard RDF query language that provides facilities to extract information from

RDF data. The detailed query syntax is de�ned by the W 3C [195]. Similar to a RDF graph,

1 https://www.w 3.org/
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Figure 2.2: An example of RDF graph

the core component of SPARQL queries is a conjunctive set of triple patterns. The de�nition

of a triple pattern is the same as a RDF triple, which is in the form of subject-predicate-object.

However, the difference is that any component of the pattern could be a variable. A triple

pattern could match a subset of the underlying RDF data, where the terms in the triple pattern

respond to the ones in the RDF data [66]. A solution mapping is de�ned as the mapping from

the variables to the responsible RDF terms. In the following, we present some important formal

de�nitions from SPARQL query language which are used throughout the remainder of this

thesis.

De�nition 2.4 (SPARQL abstract query) A SPARQL abstract query is a tuple (E, DS, R) where E is

a SPARQL algebra expression, DS is an RDF dataset, R is a query form.

In the De�nition 2.4, the algebra expression E is a set of query operators which is evaluated

against the RDF data setDS. The algebra expressionE consists of graph patterns and operators

such asFILTER, JOIN, and ORDER BY. The query form R uses the solutions from pattern match-

ing to form result sets or RDF graphs. The query forms are SELECT, CONSTRUCT, ASK and

DESCRIBE. The triple pattern, basic graph patterns and pattern matching are de�ned as follows:

De�nition 2.5 (Triple Pattern) A triple pattern is a member of the set:(T [ V) � (I [ V) � (T [ V).

The set of RDF terms T is the setI [ V [ B. The set V is the set of query variables where V is in�nite and

disjoint from T.

De�nition 2.6 (Basic Graph Pattern) A Basic Graph Pattern (BGP) expression is de�ned recursively

as follows:

1. A tuple from(I [ V [ B) � (I [ V) � (I [ L [ V [ B) is a graph pattern.

2. The expressions(P1 AND P2 ), (P1 OPTIONAL P2 ) and (P1 UNION P2 ) are graph patterns if

P1 andP2 are graph patterns.

3. The expression (P FILTER R) is a graph pattern if P is a graph pattern and R is a SPARQL built-in

condition. The SPARQL built-in condition is de�ned in De�nition2.7.

De�nition 2.7 (SPARQL built-in condition) A SPARQL built-in condition is constructed using ele-

ments of the set(I [ L [ V and constants), logical connectives (: , ^ , _ ), inequality symbols (< ,6 ,> ,> ),

the equality symbol (= ), and unary predicates likebound, isBlank , andisIRI , etc. A built-in condition

is a Boolean combination of terms constructed by using = and bound as follows:

1. If ?X, ?Y 2 V andc 2 I [ L, then bound(?X), ?X = c and ?X = ?Y are built-in conditions.

2. If R1 andR2 are built-in conditions, then (: R1 ), (R1 _ R2 ) and (R1 ^ R2 ) are built-in conditions
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De�nition 2.8 (Filter Expression) Given a mapping� and a build-in condition R,� is said to be

satis�ed R, denoted by� j= R, if:

1. R is bound(X) andX 2 dom(� ).

2. R is ?X =c, ?X2 dom(� ) and� (?X) = c.

3. R is ?X = ?Y, ?X2 dom(� ), ?Y 2 dom(� ) and� (?X) = � (?Y).

4. R is (: R1 ), R1 is a built-in condition, and it is not the case that� j= R1 .

5. R is (R1 ^ R2 ), R1 andR2 are built-in conditions, and� j= R1 or � j= R2 .

6. R is (R1 _ R2 ), R1 andR2 are built-in conditions, and� j= R1 or � j= R2 .

The semantics of SPARQL is de�ned via mappings. A mapping � is de�ned as:

De�nition 2.9 (Solution Mapping) A solution mapping� from V to RT is a partial function� : V !

RT whereRT = ( I [ B [ L) and de�ned for a �nite subset of variables V. RT is the RDF term also de�ned

in De�nition 2.1.

De�nition 2.10 (Triple Pattern Matching) Let DS be a data set with set of RDF terms RT, and t a

triple pattern of a SPARQL query. If P is a SPARQL graph pattern then var(P) is the set of variables

occurring in P.dom(� ) is the domain of� which is the subset of V where� is de�ned. The evaluation of

t over DS, denoted by[[t ]]DS is de�ned as the set of mappings [164]:

[[t ]]DS = f� : V ! RT j dom(� ) = var (P) and � (P) � DSg

If � 2 [[t ]]DS , it can be said that� is a solution for t in DS. If a data set DS has at least one solution for

a triple pattern t, then one can say DS matches t.

For composing a query, a series of relational operators on sets of mappings are provided such

as join(on ), union( [ ), minus(n) and left outer join( ./ ).


 1 on 
 2 = f� 1 [ � 2 j � 1 2 
 1 ^ � 2 2 
 2 ^ � 1
�= � 2g


 1 [ 
 2 = f� j � 1 2 
 1 _ � 2 2 
 2g


 1 n 
 2 =
�

� 2 
 1 j : 9� 0 2 
 2 , � 0 �= �
	


 1 ./ 
 2 = (
 1 on 
 2 ) [ (
 1 n 
 2 )

In the following, we will look in more detail at the structure of SPARQL. Figure 2.3 illustrates

the SPARQL query language structure.

� PREFIX: this key word is used to declare the abbreviations for the namespaces used in a

query.

� SELECT: the SELECT result clause returns a list of speci�c variables and values that satisfy

the query pattern. The SELECT * is to select all the variables in a query.

� FROM: De�nes the data set to be queried. If no dataset is speci�ed, the default dataset is

selected.

� CONSTRUCT: The CONSTRUCT query form returns a single RDF graph speci�ed by a

graph pattern.
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Figure 2.3: SPARQL query language structure

� DESCRIBE: It is used to return a RDF graph describing the resources that were found.

� ASK: It returns a Boolean value indicating whether or not a query pattern has a solution.

� WHERE: This clause provides the basic graph pattern to match against the data graph. The

WHERE clause may include optional triples. If the triple to be matched is optional, it is

evaluated when it is present, but the matching does not fail when it is not present. Also,

it is possible to make UNION of multiple matching graphs - if any of the graphs matches,

the match will be returned as a result.

� FILTER: In addition to specifying graphs to be matched in the WHERE clause, constraints

can be added for values using the FILTER construct. By using this construct we can apply

all kinds of value restrictions such as string value restrictions (like FILTER regex(?name,

“Dublin”) meaning that the ?name variable must contain the string “Dublin” as a substring)

or number value restrictions (like FILTER (year(?time) < 2018) meaning the year of ?time

must be less than 2018). Also, a few special operators are de�ned for the FILTER construct.

These include the “isIRI” operator for testing whether a variable is an IRI/URI, the “is-

Literal” operator for testing whether a variable is a literal and ”bound” to test whether a

variable is bound to other variables.

� DISTINCT: Used to distinguish the unique results.

� ORDER BY: The ORDER BY clause establishes the order of a solution sequence. Following

the ORDER BY clause is a sequence of order comparators, composed of an expression and

an optional order modi�er (either ASC() or DESC()). Each ordering comparator is either

ascending (indicated by the ASC() modi�er or by no modi�er) or descending (indicated by

the DESC()modi�er).

� LIMIT: The LIMIT clause puts an upper bound on the number of solutions returned. If

the number of actual solutions is greater than the limit, then at most the limit number of

solutions will be returned.
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� OFFSET: OFFSET causes the solutions generated to start after the speci�ed number of

solutions. An OFFSET of zero has no effect. Using LIMIT and OFFSET to select different

subsets of the query solutions will not be useful unless the order is made predictable by

using ORDER BY.

An example of SPARQL query is shown in Listing 2.1:

prefix sosa: <http://www.w3.org/ns/sosa/>

prefix iot: <http://iotschema.org/>

SELECT ?sensor ?sensorLocation

WHERE{

?sensor a sosa:Sensor;

sosa:isHostedBy ?sensorLocation;

sosa:observes iot:AirTemperature.

}

Listing 2.1: An example of SPARQL query.

Although SPARQL is a RDF standard query language recommended by W 3C, it still has some

shortcomings. The major limitation is the lack of spatio-temporal support. To query spatio-

temporal data, SPARQL requires the user to be familiar with the underlying ontology that was

used to model the data. Basic spatio-temporal queries can be expressed by using SPARQL Date-

time functions and query graph patterns. However, matching the spatio-temporal representation

graph using RDF triples makes building the query more complicated. This limitation is inherited

from SPARQL which was not originally designed for expressing spatio-temporal queries.

2.1.4 RDF Stores

RDF stores are the backbone of the Semantic Web, allowing storage and retrieval of semi-

structured information [ 37]. The engineering of RDF stores is still an open area which attracts

a lot of research and solutions have been proposed in respect of ef�ciently processing RDF data.

Current RDF stores can be consequently categorized into three types, described below, depend-

ing on their querying processing and data storing methods [ 100].

� Relational-based RDF stores , making use of Relational Database systems to store RDF

data permanently. A proper query translator will then be provided to translate the SPARQL

query into equivalent relational algebraic expressions to execute [ 35]. The initial target of

this type of triple store is to allow large and powerful solutions to be constructed with

little programming effort. As commonly used in relational database systems, the table-

based indexing mechanism is used to index and store RDF data.

� Native RDF stores , processing SPARQL queries using subgraph matching algorithms. In

this case, the underlying store provides a way to store RDF closer to the data model and

refrains from using mapping to a DBMS. It uses the triple nature of RDF as an asset.

� NoSQL RDF stores , providing a scalable solution for storage and retrieval of RDF data

based on NoSQL technologies. There are various models of NoSQL databases such as



18 background

column-based (HBase2, Cassandra3), document-oriented (MondoDB 4, MarkLogic 5), graph

(Neo4J6, AllegroGraph 7).

In the scope of this thesis, we only focus on the native RDF and NoSQL solutions. This is due

to the fact that our proposed query engine is backed by a hybrid database management system

which is a combination of native RDF framework and NoSQL technology.

2.2 the linked data principles

The LD principles were introduced by Berners-Lee in his ”Linked Data” note [ 21]. The idea be-

hind these principles is to propose standards for the representation and the access to data on the

Web. Moreover, the principles propagate to set hyperlinks between data from different sources.

These hyperlinks connect all LD into a single global data graph, similar to the hyperlinks on the

classic Web connect all HTML documents into single global information space. The Linked Open

Data cloud diagram in Figure 2.1 gives an overview of the linked data sets that are available on

the Web. The principles are described as follows:

1. Use URIs as names for things: The �rst principle recommends using URIs to identify individ-

uals (e.g. thing, places, people), classes, and properties (e.g. relationships between objects,

the color of an object). Note that, an URI is a single global identi�cation system used for

giving unique names to anything – from digital content available on the Web to real-world

objects and abstract concepts. With the help of URIs, we can distinguish between different

things or know that one thing from one dataset is the same as another in a different dataset.

2. Use HTTP URIs, so that people can look up those names: The second LD principle advocates

combining the use of HTTP – the universal access mechanism of the Web – and URIs to

enable the ID of every entity accessible via HTTP URI protocol.

3. When someone looks up an URI, provide useful information, using the standards (RDF, SPARQL):

The third LD principle advocates the use of a linked data standard model (RDF) for pub-

lishing data so different applications can process or query the data via SPARQL language.

4. Include links to other URIs, so that they can discover more things: The fourth principle advocates

linking any type of things using their URIs. Similar to the hypertext web, linking to other

URIs makes data interconnected and enables the user to �nd different things. By inter-

linking new information with existing resources, we maximize the reuse and interlinking

among existing data and create a richly interconnected network of machine-processable

meaning.

2 https://hbase.apache.org/
3 http://cassandra.apache.org/
4 https://www.mongodb.com/
5 https://www.marklogic.com/
6 https://neo 4j.com/
7 https://franz.com/agraph/allegrograph/
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2.3 publishing linked data

Publishing LD requires adopting the LD principles previously discussed in Section 2.2. In this

section, we will present the important guidelines for publishing LD. This process is the funda-

mental instructions for our Linked Meteorological Dataset publishing process described later in

Chapter 4.

2.3.1 Linked Data Design Considerations

Heath and Bizer [82] propose the primary design considerations that must be taken into account

when preparing data to be published as LD on the Web, which are: using URIs as names for

things, describing things with RDF, and making links with external data sources.

2.3.1.1 Using URIs as Names for Things

As presented in Section 2.2, the �rst LD principle is to use URIs as names for things. Things

can be real-world entities such as a person, a place, a building, or more abstract concepts such

as a scienti�c concept. Names for these things are considered as unique identi�cations so that

they can be used to refer to a thing. In addition to the �rst principle, the second LD principle

emphasizes usinghttp:// URI scheme to allow namesto be looked up by any client that speaks the

HTTP protocol. Using HTTP URIs as names imply that a data publisher should choose a part

of a http:// namespace that she controls. It can be either by owning the domain name, running a

Web server for the domain name, and minting URIs in this namespace to identify the thing in the

dataset. To promote linking to a data set, some guidelines have been proposed for having stable

and persistent URIs: (1) To enable URI dereferencing, namespaces on which the data publisher

does not have control should not be used; (2) URIs should not re�ect implementation details that

may need to change over time; (3) Keys that are used to creating URIs should be meaningful in

the domain of a data set.

2.3.1.2 Describing Things with RDF

The third LD principle recommends providing useful information in response when a user

client looks up an URI. This information is described by RDF which provides a generic, abstract

data model for describing resources using RDF triples. However, RDF lacks providing domain-

speci�c terms for describing real-world entities as well as their relationships. In this case, the

taxonomies, vocabularies, and ontologies are used. SKOS (Simple Knowledge Organization Sys-

tem) [123], RDFS [27], and OWL [ 122] are the tools to express ontologies and taxonomies. SKOS

can be used to express the conceptual hierarchies (or taxonomies). RDFS and OWL provide vo-

cabularies to describe conceptual models, e.g, classes and properties. Existing vocabularies are

also recommended to be reused.



20 background

2.3.1.3 Making Links with External Datasets

When a dataset is ready to be published as LD, it is important to ensure that all the related

resources in the dataset are linked to each other and also are linked to other data sources. By

doing so, the dataset becomes more discoverable for crawlers and LD application. In addition,

those external datasets may include links to some resources in other external datasets, which

leads to discovering even more data. An ef�cient strategy for making links with external datasets

is to create the necessary RDF links and ask the owners of the external datasets to include these

triples in their data. The opposite way is also equally important that a new dataset link to

resources in the external dataset. DBpedia8 is an example of this case, which allows third parties

to include triples with links to their datasets.

2.3.2 Serving Linked Data

The minimal requirement for publishing LD is making URIs dereferenceable. In addition, the

data publishers can also provide RDF dataset dumps or SPARQL endpoints for directly querying

data. This section presents different ways to serve LD.

2.3.2.1 Serving LD from a Relational Database

There are many data publishers use a relational database to serve their linked dataset. An

example of this is Big Lynx job vacancies database, which drives the publication of past and

present job vacancy information on the Big Lynx Web site 9. One well-known used tool designed

for this purpose is D 2R Server10. The use of D2R Serer is to build a mapping between the

database schema and the target RDF terms, which is provided by the data publisher. Based on

this mapping, the D 2R serves will transform the relational data into RDF and response to the

client. Figure 2.4 illustrates the architecture of D 2R Server.

Figure 2.4: D2R Server Architecture

8 http://wiki.dbpedia.org/Downloads 351#h120-1
9 http://biglynx.co.uk/

10 http://sites.wiwiss.fu-berlin.de/suhl/bizer/d 2r-server/index.html
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2.3.2.2 Serving Linked Data from SPARQL Endpoints

A SPARQL endpoint is a SPARQL query service on an HTTP network that is capable of receiving

and processing SPARQL Protocol [53]. The SPARQL Protocol is an HTTP-based protocol for

performing SPARQL query operations against RDF data via SPARQL Endpoints. Subject to the

kind of operation being performed, HTTP payloads are dispatched using GET, POST, or PATCH

methods. It also allows the user to specify the HTTP responses format for a SPARQL query and

an update operation. However, an update operation is usually for private SPARQL endpoint.

Public SPARQL endpoints limit the user to only query the data and do not support update

operation. Nowadays, a large fragment of LD is served using SPARQL endpoints.

2.3.2.3 Serving Linked Data by Wrapping Existing Application or Web APIs

Recently, a lot of large companies such as Amazon, Facebook, Twitter allow the user to query

their data via provided Web APIs. These APIs provide a set of varied query and retrieval

interfaces and return results using a number of different formats such as plain text, XML, JSON,

etc. In general, the content of the data responded by these APIs can be made available as LD

by developing a LD wrapper around the APIs. The main functionalities of this wrapper are as

follows:

1. To assign HTTP URIs to the resources about which the API provides data.

2. To rewrite the LD client's request into a request against the underlying API.

3. To transform the response of the API request to RDF and sent back to the client.

2.4 semantic sensor web and linked sensor data

The sensor network has recently received more and more attention. This is evidenced by the

increased deployments in all kinds of environments for different purposes for example, in en-

vironmental monitoring, urban traf�c planning, �ood prediction, health care, satellite sounding

and other domains. Massive sensor data are generating continuously. However, these data are

heterogeneous (different format, protocols, etc) and still lack semantic information, making more

challenging for integrating and sharing sensor data. To address this problem, the Semantic Sen-

sor Web (SSW) is introduced [174]. The main idea of the SSW is to use SW technologies for

annotating sensor data. By using SW technologies, SSW is able to establish the common concep-

tual model, enhances the sensor data semantics, and enables the interaction and access of sensor

data on the web.

The bene�ts of the SSW will not be fully realized if the sensor data are not published to LD.

As emphasized in [ 17], by publishing sensor data to LD and by relating them to other data

sources on the Web, users will be able to integrate the physical world data and the logical world

data. This integration promises a wide range of innovative and valuable applications in smart

cities, business intelligence, smart environments, etc. Moreover, because the Linked Sensor Data

adopts all the LD principles and characteristics, it can be also queried, accessed and reasoned
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<script type="application/LD+json">
{

"@context" : {
"@vocab" : "http://schema.org/"

},
"@type" : "Place",
"@id" : "http://graphofthings.org/resource/Place/3329155",
"url" : "http://graphofthings.org/resource/Place/3329155",
"geo" : {

"@type" : "GeoCoordinates",
"longitude" : "-4.268",
"latitude" : "50.184"

}
}

Listing 2.2: Sensor location using longitude and latitude coordinates.

<script type="application/LD+json">
{

"@context" : {
"@vocab" : "http://schema.org/"

},
"@type" : "Place",
"@id" : "http://graphofthings.org/resource/Place/5468",
"url" : "http://graphofthings.org/resource/Place/5468",
"name": "Anne Franks House",
"description": "Museum house where Anne Frank and her family hid from the Nazis

in a secret annex, during WWII.",
"address" : {

"type" : "PostalAddress",
"streetAddress" : "Prinsengracht 267",
"addressLocality" : "Amsterdam",
"postalCode" : "1016GV"

}
}

Listing 2.3: Sensor location using complex description.

based on the same principles and technologies of LD. In comparison with LD, Linked Sensor

Data has some additional attributes described as follows:

� Spatial attributes: The spatial attributes indicate the location-speci�c information for the

sensor. It can be either a very speci�c geo-location such as longitude and latitude coordi-

nate or high-level information likes postcodes, geohash string, country, etc. Listing 2.2 and

Listing 2.3 illustrate different granularity level of sensor location in JSON-LD format.

� Temporal attributes: Temporal attributes in sensor observation data are used to indicate

the observation result and measurement timestamp. In Linked Sensor Data context, using

common ontologies for temporal speci�cations is an essential requirement to enable LD

consumers to query and access temporal features of data using standard models and inter-

faces. Details of temporal representation of sensor data will be discussed more in the later

section and also in Chapter 3.

� Semantic attributes: Semantic attributes, or sensor metadata, provide the bridge to connect

sensor data and its domain knowledge. The metadata can be sensor type, tags, observed

property, unit of measurement, features of interest and other more speci�c attributes such

as operational and deployment attributes describe sensors with domain knowledge. As

the sensor domain knowledge and its attributes can be various, relying on only general
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sensor ontology will not be suf�cient. Therefore, to describe more speci�c information,

application/domain ontologies are suggested to describe detailed attributes more precisely.

2.5 representation of space

In recent years, a set of well-known standards have been developed by the Open Geospatial

Consortium 11 OGC, such as GeoAPI, GeoSPARQL, GeoRSS, etc, which focuses on representing

a geographic feature, data, and services, or geospatial data sharing. A geographic feature is a

re�ection of a real-world phenomenon and can have various attributes that describe its semantic

and spatial aspects. A simple example of a geographic feature is a sensor station. In this example,

the semantic information of a station can be the station id, the observed property, etc., while the

spatial characteristic is its location on Earth. The spatial aspect of the sensor station can be

represented by using geometries such as points, lines, and polygons. Each geometry is usually

associated with a coordinate reference system which describes the coordinate space in which the

geometry is de�ned.

In the following subsections, we will brie�y give an overview of the coordinate reference system,

followed by the de�nition of spatial relationships and the most widely-used space representation.

The W3C Geo vocabulary and geohash system are also presented. Note that, having knowledge

about the representation of space and its spatial-related concepts is crucial for implementing our

spatio-temporal query processing engine.

2.5.1 Coordinate System

A Coordinate System (CS) de�nes the re�ected relationship between the coordinates of a geo-

metric object to the real locations on the Earth surface. Different kinds of CS exist, such as the

geographic and projected coordinate systems. The geographic CS utilizes latitude, longitude,

and optionally altitude, to capture geographic locations on Earth [ 116]. Speci�cally, this CS

uses a series of horizontal (longitude lines or parallels) and vertical (latitude lines or meridians)

reference lines to map the earth's three-dimensional ellipsoid. One of the most well-known ge-

ographic CS is the World Geodetic System (WGS). The latest revision of WGS is WGS8412 used

by the Global Positioning System (GPS).

Despite the commonality of WGS, there are still some applications that use the projected CS. In

these cases, the projected CS is used to map the3-dimensional ellipsoid approximation of the

Earth into a 2-dimensional surface. For some individual countries or states, they developed their

own projected CS that is more precise for their geographic area.

11 http://www.opengeospatial.org/
12 http://en.wikipedia.org/wiki/WGS 84/
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2.5.2 Spatial Relations

A spatial relation associates two spatial objects according to their relative location and extent in

space. Spatial relationship can betopological, directionaland distance[159].

Topological relations are used to represent the relative position of two spatial objects in the plane.

The Region Connection Calculus (RCC) Formalism, introduced in [ 158], is the most widespread

formalism for representing such relationships. There are 8 possible mutually exclusive relations

between two regions, called RCC8 calculus13. The topological relations are shown in Figure 2.5.

In this �gure, the DC stands for DisConnected, EC for Externally Connected, TPP for Tangential

Proper Part, NTPP for Non-Tangential Proper Part, and TPPi and NTPPi are the inverse relations

from TPP and NTPP.

Figure 2.5: RCC8 spatial relations

Another similar formalization that provides a sound and complete set of topological relations

between two spatial regions is the Dimensionally Extended nine-Intersection Model (DE- 9IM)

[39]. This model expresses important space relations which are invariant to rotation, translation

and scaling transformations. For any two spatial objects a and b, that can be points, lines and/or

polygonal areas, there are 9 relations derived from DE- 9IM as shown in Table 2.2.

Table 2.2: DE-9IM topological relations

Equals
a = b
Topologically equal. Also (a \ b = a) ^ (a \ b = b)

Disjoint
a \ b = ?
a and b are disjoint, have no point in common. They form a set of disconnected geometries.

Intersects a \ b 6= ?

Touches
(a \ b = ? ) ^

�
a0 \ b0 = ?

�

a touches b, they have at least one boundary point in common, but no interior points.
Contains a \ b = b

Covers
a0 \ b = b
b lies in the interior of a (extends Contains).

CoveredBy Covers(b,a)
Within a \ b = a
Crosses a crosses b, they have some but not all interior points in common

Directional relations are de�ned based on cone-shaped areas [126]. As illustrated in Figure 2.6,

there are eight directional relations, namely North (N), North East (NE), East (E), South East

(SE), South (S), South West (SW), West (W) and North West (NW). For example, the assertion

"object A is south of object B" indicates the directional relation of A to B.

13 https://en.wikipedia.org/wiki/Region_connection_calculus
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Figure 2.6: Cone-shaped directional spatial relations

Finally, the distance relations specify how far is the object away from the reference object, ie,

"object B is 5 Km away from city A". Some qualitative distance relations are de�ned, such as

"far", "near", "at", etc.

2.5.3 Well-Known Text

Well-Known Text (WKT) is a widely-used OGC text markup language for representing vector

geometry objects on a map or spatial reference systems. It is also used for the data transforma-

tion between spatial reference systems. An example of WKT is POINT( 44 55) that describes the

longitude ( 44) and latitude ( 55) coordinates of a single point. More syntax details can be found

in [ 84]. The interpretation of a geometry coordinate depends on the CRS that is associated with

the geometry. Note that, according to the WKT standard, the CRS is never embedded in the

object's representation, but is given separately by using appropriate notation.

2.5.4 W3C Basic Geo Vocabulary

The W3C Basic Geo Vocabulary is the RDF vocabulary for representing the latitude and longi-

tude of spatially-located things. It is widely used within RDF documents, and also can be used

as a namespace within non-RDF XML documents, such as RSS2.0 and Atom. The W 3C Geo

Vocabulary uses WGS84 as a reference system. The simplicity of this representation lies in the

fact that it does not require expensive pre-coordination or changes to a centrally maintained

schema. The basic example of W3C Geo vocabulary is given in Listing 2.4.
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_:1 RDF:type wgs84geo:Point .
_:1 wgs84geo:lat "10"^^xsd:double.
_:1 wgs84geo:long "20"^^xsd:double.

Listing 2.4: An example of W 3C Geo vocabulary

2.5.5 Geohash

Geohash is a hierarchical spatial data structure which subdivides space into buckets of grid

shape. It encodes the longitude and latitude of a geographic point coordinates into string iden-

ti�ers. One of the bene�ts of geohash is that it supports multiple-precision just by removing or

adding characters to the �nal hash value. The lower the number of characters used, the lower

will be the precision. The advantage of using geohash is that nearby places usually share similar

pre�xes. The longer a shared pre�x is, the closer the two places are [ 58, 180].

A geohash is constructed by a series of bits that repeatedly bisects a search space of latitudes

and longitudes. The longitude dimension has a range [- 180.0, 180.0], and the latitude dimension

has a range [-90.0, 90.0]. When generating a geohash, a precision is speci�ed. The length of 12

characters is the highest precision that 8-byte Long can hold. When removing the �nal characters

from a geohash, its precision decreases and hence it represents a larger area of the map. The

full precision is 12 characters which represent a point. Any geohash with less than 10 characters

represents an area on the map, i.e. bounding box around an area. Figure 2.7 illustrates how

the �rst character of a geohash string splits the projected earth into an 8 x 4 grid of horizontally

aligned rectangles.

Figure 2.7: Space decomposition of the geohash algorithm on the �rst level

As previously mentioned, in a geohash system, nearby locations generally share similar geohash

pre�xes. However, in some cases, the nearest point can have wildly different geohash value, if

the location is close to a grid-square boundary. Figure 2.8 illustrates an example of two closely
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positioned points being located within different geohashes. The �rst point is located at the "gc"

geohash cell and the second point positioned closely at the "u 1" geohash cell.

Figure 2.8: An example of two closely positioned points do not share the same Geohash pre�x

Our query engine takes advantage of the geohash pre�x for querying and partitioning data.

More speci�cally, we assign a range of geohash pre�x to each data partition. For this, all obser-

vation data of nearby sensors will be stored in the same partitions. This has extremely bene�ted

the query performance and data loading throughput so that the query engine can quickly locate

the partitions need to be processed for a query. Details of using geohash for data partitioning

will be discussed in Chapter 6.

2.6 representation of time

Along with space, time is also a fundamental aspect of the conceptualization of the physical

world. Time can be presented as discrete or continuous, linear or cyclical, absolute or relative,

qualitative or quantitative. In addition, time instances or intervals are also a different represen-

tation of time.

In the relational database �eld, the introduction of time in data models and query languages has

attracted a lot of attention. The authors in [ 181, 46] introduced three distinct types of time:

� User-de�ned time refers to the time known only by the user, and is not interpreted by the

database (e.g., February1st, 2018when the Weather Station A is setup)

� Valid time which is the time at which the event occurred in the real world, independent

of the recording of that event in the database (e.g., the time 2018/ 07/ 15-10:49:33 when the

observation data is observed). Within the scope of this thesis, we only consider the valid

time when processing the temporal data.

� Transaction time which is the time when data is inserted in the database (e.g.,2018/ 07/ 15-

10:50:18, the system time that the observation data is inserted in the database)
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Figure 2.9: Allen's interval calculus

2.6.1 Temporal Relations

Temporal relations can be grouped into three major classes, namely ordering relations, duration

relations, and complex relations. This thesis only focuses on ordering relations.

Ordering relations are binary relations that specify the order of occurrence of time points or

intervals. Based on these ordering relations, tine intervals can be de�ned as ordered pairs of

points s, ewith s < e, often referred to start and end of an interval respectively. Given two such

ordered pairs of points (i.e., intervals) the following relations can be de�ned between the two

intervals t 1 , t 2 in terms of their endpoints s1 , e1 and s2 , e2 respectively:

� t 1 before t 2 � e1 < e2

� t 1 equals t 2 � s1 = s2 ^ e1 = e2

� t 1 overlaps t 2 � s1 < s 2 ^ e1 < e2 ^ e1 > s 2

� t 1 meets t 2 � e1 = s2

� t 1 during t 2 � s1 > s 2 ^ e1 < e2

� t 1 starts t 2 � s1 = s2 ^ e1 < e2

� t 1 finishes t 2 � s1 > s 2 ^ e1 = e2

Similarly, the de�nitions of after, overlappedBy, metBy, contains, startedByand �nishedBy are de-

�ned accordingly by investing the de�nitions of before, overlaps, meets, during, starts and �nishes.

A temporal relation can be one of the 13 pairwise disjoint Allen's relations [ 8] in Figure 2.9.
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2.7 summary

This chapter presents the relevant concepts, de�nitions, and techniques in the SW, LD, Linked

Sensor Data, spatial and temporal representation. We �rst presented SW and LD, highlighted

the foundation for data modeling, querying language and storage system. It was followed by the

LD principles and the considerations for publishing LD. Besides, the Linked Sensor Data and its

attributes are also introduced. Finally, we present the representation for space and time which

are necessary for modeling Linked Sensor Data. All these techniques, concepts of these research

areas are the leverages for developing our proposed query processing engine.
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The research in this thesis lies at the crossing point of different areas of Computer Science,

namely Sensor Networks, Semantic Web, Linked Sensor Data and Database Management Sys-

tems. Speci�cally, it is built on the research which involve data modeling, data indexing, and

RDF query processing. Furthermore, our work is also heavily related to spatio-temporal data

modeling as well as spatio-temporal database techniques for managing sensor data. In this

chapter, we report the related work from these different areas and point out the limitations. We

divide related work into �ve parts: ( 1) data modeling for Linked Sensor Data, ( 2) spatio-temporal

query language; (3) publishing Linked Sensor Datasets on the LOD cloud; ( 4) RDF stores with

spatio-temporal supports and ( 5) RDF store assessment.

3.1 data modeling for linked sensor data

In this section, we �rst present some existing ontologies for modeling Linked Sensor Data. After

that, we cover the spatio-temporal representation approaches that can be used for describing

spatial and temporal aspects of Linked Sensor Data.

3.1.1 Sensor Ontologies

During the last decade, an extensive amount of ontologies has been proposed to not only address

the challenge of modeling sensor network and its data, but also to tackle the heterogeneity

problems associated with the hardware, software, and the data management aspect of sensors.

These ontologies provide a means to semantically describe the sensor networks, the sensing

devices, the sensor data, and enable sensor data fusion. In this thesis, the term”sensor data”

is used to refer to the raw sensor data generated by sensing the phenomenon, and the "sensor

metadata"is to describe the sensor capabilities.

The state-of-the-art approach in this area is the work from the OGC Sensor Web Enablement

(SWE) working group [ 26]. They have speci�ed a number of standards that de�ne formats for

sensor data and metadata as well as sensor service interfaces. These standards allow the inte-

gration of sensor and sensor networks into the Web, in what is called Sensor Web. In particular,

they provide a set of standard models and XML schema for metadata description of sensors and

sensor systems, namely SensorML [25], and Observations and Measurements (O&M) models for

data observed or measured by sensors [41, 42]. Lack of semantic compatibility, however, is the

primary barrier to realizing a progressive Sensor Web.
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In [ 174], Amit et al. propose Semantic Sensor Web (SSW) that leverages current standardization

efforts of the OGC SWE, in conjunction with the Semantic Web Activity of the W 3C1, to provide

enhanced descriptions and meaning to sensor data. In comparison with Sensor Web, the SSW

addresses the lack of semantic compatibility by adding semantic annotations to existing SWE's

standard sensor languages. In fact, these improvements aim to provide more meaningful de-

scriptions to sensor data than SWE alone. Moreover, the SSW acts as a linking mechanism to

bridge the gap between the primarily syntactic XML-based metadata standards of the SWE and

the RDF/OWL-based metadata standards of the Semantic Web.

The work in [ 163] describes a practical approach for building a sensor ontology, namely OntoSen-

sor, that uses the SensorML speci�cation and extends the Suggested Upper Merged Ontology

(SUMO) [136]. The objective of OntoSensor is to build a prototype sensor knowledge repository

with advanced semantic inference capabilities to enable the fusion processes of heterogeneous

data. For that reason, in addition to reusing all SensorML's concepts[ 25], OntoSensor provides

additional concepts to describe the observation data, i.e, the geolocation of the observations, the

accuracy of the observed data or the process to obtain the data.

Similar to OntoSensor, the W3C Semantic Sensor Network Incubator group (SSN-XG) has de-

�ned the SSN ontology [ 40] in order to overcome the missing of semantic compatibility in OGC

SWE standards, as well as the fragmentation of sensor ontologies into speci�c domains of appli-

cation. The SSN ontology can be considered as a sort of standard for describing sensors and their

resources in respect to the capabilities and properties of the sensors, measurement processes, ob-

servations and deployment processes. It is worth mentioning that, although the SSN ontology

provides most of the necessary details about different aspects of sensors and measurements, it

does not describe domain concepts, time, location, etc. Instead, it will be easily associated with

other sources of knowledge concerning, i.e, units of measurement, domain ontologies (agricul-

ture, commercial products, environment, etc.). This helps to pave the way for the construction

of any domain-speci�c sensors ontology. Because of its �exibility and adaptivity, the ontology

has become more general and has been used in many research projects and applied to several

different domains in the last years. Some of the most recently published works which utilize the

SSN ontology are the OpenIoT Project [182], the FIESTA-IoT2[6], VITAL-IoT 3 and GeoSMA [91].

The broad success of the initial SSN led to a follow-up standardization process by the �rst joint

working group of the OGC and the W 3C. This collaboration aims to revise the SSN ontology

based on the lessons learned over the past years and more speci�cally, to address changes in

scope and audience, shortcomings of the initial SSN, as well as technical developments and

trends in relevant communities. The resulting ontology, namely SOSA ontology [ 94], provides a

more �exible coherent framework for representing the entities, relations, and activities involved

in sensing, sampling, and actuation. The ontology is intended to be used as a lightweight,

easy to use, and highly expandable vocabulary that appeals to a broad audience beyond the

Semantic Web community but can be combined with other ontologies. In this thesis, to model the

sensor data and metadata, several parts of SOSA and SSN ontologies are used along with spatio-

temporal ontologies. Details of our data modeling for Linked Sensor Data will be presented in

Chapter 4.

1 www.w 3.org/ 2001/sw/
2 http://�esta-iot.eu/
3 http://www.vital-iot.eu/
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3.1.2 Temporal Representation for Linked Sensor Data

Introducing time into RDF has attracted a lot of attention from the Semantic Web community for

years. Many attempts that semantically de�ne temporal aspect have been proposed in the litera-

ture. In this section, we will analyze the advantages and disadvantages of common approaches

for representing time and change that can be applied in Linked Sensor Data context.

owl-time The most commonly used time ontology is the OWL-Time ontology proposed in

[87] that focuses on describing date-time information speci�ed in Gregorian calendar format.

Initially, the OWL-Time was used to present the temporal information of Web pages and services.

After several updates to the initial version, the ontology became widely-used and has been

considered as a main reference time ontology. Based on its diversity concepts, the ontology is

able to represent time, duration, clock, calendar, and temporal aggregates in many domains, i.e,

information retrieval and question answering.

In its latest version, the OWL-Time ontology provides more concepts to describe time. These

concepts can be categorized into �ve main core concepts, namely TemporalEntity, Instant, Interval,

ProperInterval, and DateTimeInterval. The TemporalEntityis the root node of the ontology and can

be re�ned in two sub classes: Instant and Interval. There are two properties, namely hasBeginning

and hasEnd, that link to TemporalEntity to de�ne the start and �nish of its temporal duration.

In addition, the ontology de�nes CalendarClockDescription, DurationDescription, and TemporalUnit.

OWL-Time provides two alternative ways to represent time points, namely DateTimeDescription

and xsd:dateTime. The advantage of the former is that it allows user to express more information

(e.g., day of week, day of year, timezone, etc.), while the latter is based on a standard which has

a wider acceptance and usage. Figure3.1 illustrates an example of using OWL-Time to describe

the sensing time of sensor observation. In here, we de�ne an instant to represent the sensing time

of an observation, called ex:observedTime. The sensing time (10:30am AEST on 25 July 2019) can

be expressed using both :inXSDDateTimeStampand :inDateTimein OWL. An example of using

OWL-Time DateTimeDescriptionclass is described in Listing 3.1.

Figure 3.1: An example of using OWL-Time ontology to describe temporal information
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ex:observedTime
a :Instant ;
:inDateTime ex:observedTimeDescription ;
:inXSDDateTimeStamp 2019-07-25T10:30:00+10:00 .

ex:observedTimeDescription
a :DateTimeDescription ;
:unitType :unitMinute ;
:minute 30 ;
:hour 10 ;
:day "---25"^^xsd:gDay ;
:dayOfWeek :Wednesday ;
:dayOfYear 206 ;
:week 30 ;
:month "--07"^^xsd:gMonth ;
:monthOfYear greg:July ;
:timeZone <https://www.timeanddate.com

/time/zones/aest> ;
:year "2019"^^xsd:gYear .

Listing 3.1: An example of OWL-Time DateTimeDescription

temporal rdf Temporal RDF [73] and its extension [152] provide a notion of incorporating

temporal reasoning into RDF, yielding temporal RDF graphs. In this work, the authors de�ne

a new concept, namely temporal label, which is a temporal element t labeling a triple (a,b,c).

The temporal label can be either a time interval or instant. The time interval represents the time

period when the triple was valid and can be described by two de�ned properties ( initial and �nal ).

For simplicity, the proposed approach only focuses on the valid time of the triple, while stating

that transaction time can be addressed in an analogous way. An example of using Temporal RDF

graph to describe an observation value with different valid timestamps is in Figure 3.2. In this

example, we describe two observation values, 27 and 29. The value 27 was valid within a time

period [0,3] while the value 29 has been valid from time 3 to present.

Figure 3.2: A Temporal RDF graph for observation data

A challenging problem of Temporal RDF is the requirement for extending the syntax and seman-

tics of the standard RDF. For example, in order to handle an anonymous time of the triple, the

authors introduce a NOW operator which stands for the current time. This new operator aims
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to help the triples which do not know the exact valid time. For that, it acts as a place holder

for the time at which the corresponding triple is evaluated. The authors also provide their own

temporal query language, and it is claimed that the temporal labeling over triples does not in-

troduce any complexity overhead. Nevertheless, from a practical perspective, because the query

language is not similar with SPARQL, which is a well-known standard query language for RDF,

it makes this approach dif�cult to use in practice. Moreover, details of the query processing

engine correspond to the temporal query language are not mentioned.

reif ication In general, the RDF rei�cation vocabularies aim to provide meta information

about statements by turning them into subjects of other statements 4. More precisely, it is used

to represent n-ary relationships through binary relations. Based on this technique, several ap-

proaches [33, 173, 188] have been introduced to represent temporal information in RDF. In these

approaches, if there is a relation R that holds between objects A and B at time t, this is expressed

as R(A,B,t). Figure 3.3 demonstrates the relation Valid(Observation,Value,TimeInterval)represent-

ing the fact that an observation has a sensing value that is only valid during a speci�c time

interval. Using rei�cation, the extra class Rei�edRelationis created having all the attributes of the

relation as objects of properties.

Figure 3.3: An example of temporal RDF rei�cation

The advantage of using RDF rei�cation approach is that the semantic of all the properties are

retained. Nevertheless, using RDF rei�cation is still not recommended due to the two following

limitations [ 89]: (1) The number of statements is exploded which makes querying complicated.

In addition, the rei�cation model-theoretic implications are ambiguous; ( 2) It limits the OWL rea-

soning capabilities. This is because the relation R is represented as the object of a property, thus

OWL reasoning over properties (e.g., inverse properties) cannot be applied (i.e., the properties

of a relation are no longer associated directly with the relation itself).

named graphs In [ 189], the authors propose to use named graphs [32] to enable the temporal

data representation by referring to a set of temporally related named graphs as a temporal

graph. In this approach, each time interval is represented by exactly one named graph, where

all triples belonging to this graph share the same validity period. The authors reuse the OWL-

4 http://www.w 3.org/TR/rdf-mt/#Reif
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Time ontology to describe the time interval of the named graph. This temporal information

about the interval start and end time of all named graphs are then stored in the default graph.

Because every interval is uniquely identi�ed by the URI of its named graph, all the temporal-

related information can be easily queried in the default graph. Figure 3.4 illustrates the temporal

named graph of a sensor observation.

Figure 3.4: An example of RDF named graph for observation data

Similar to Temporal RDF, the authors of [ 189] also provide a temporal query language. The

difference is that the language is extended from the standard SPARQL query language. This is

actually an advantage of this approach in terms of practical usage. However, a major limitation

needs to be addressed is the lack of a temporal reasoner. This is due to the fact that named graphs

are not supported by OWL reasoners (named graphs are not part of the OWL speci�cation).

Moreover, this approach only performs best on data that has multiple data elements valid within

the same interval. In the case of many distinct triple's validities, the performance is decreased

due to the massive amount of named graph that needs to be de�ned.

4d-fluent The 4D-�uent approach [ 197] shows how temporal information and the evolu-

tion of temporal concepts can be effectively represented in OWL. According to the authors, the

main reason for choosing OWL to represent the ontologies is its widely supporting and also to

take advantages of the massive amount of existing OWL reasoners and editor tools. The main

contribution of this approach is to provide a capability to describe the existence of an entity with

multiple representations. Each representation is mapped to a de�ned time interval (time-slice)

which is considered as the 4th dimension. Time interval class is de�ned as a superclass while

time instances and time intervals are represented of a time interval class which in turn is related

to temporal concepts or temporal roles. An example of using this approach is shown in Figure

3.5.

In the literature, 4D-�uent is the ef�cient approach to handle dynamic properties in an ontology

by providing a simple structure allowing to easily transform a static ontology into a dynamic

one. However, the major limitation of this approach is the proliferation of objects. To describe

a change of temporal entity, it is required two time-slices, each time-slice referring to one entity
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