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Abstract

Sensor networks are increasingly becoming one of the main sources of Big

Data on the Web. However, the observations that they produce are made

available with heterogeneous schemas, vocabularies and data formats, mak-

ing it difficult to share and reuse these data for other purposes than those for

which they were originally set up. In this thesis we address these challenges,

considering how we can transform streaming raw data to rich ontology-based

information that is accessible through continuous queries for streaming data.

Our main contribution is an ontology-based approach for providing data ac-

cess and query capabilities to streaming data sources, allowing users to ex-

press their needs at a conceptual level, independent of implementation and

language-specific details. We introduce novel query rewriting and data trans-

lation techniques that rely on mapping definitions relating streaming data

models to ontological concepts. Specific contributions include:

• The syntax and semantics of the SPARQLStream query language for ontology-

based data access, and a query rewriting approach for transforming

SPARQLStream queries into streaming algebra expressions.

• The design of an ontology-based streaming data access engine that can

internally reuse an existing data stream engine, complex event proces-

sor or sensor middleware, using R2RML mappings for defining relation-

ships between streaming data models and ontology concepts.

Concerning the sensor metadata of such streaming data sources, we have

investigated how we can use raw measurements to characterize streaming

data, producing enriched data descriptions in terms of ontological models.

Our specific contributions are:

• A representation of sensor data time series that captures gradient in-

formation that is useful to characterize types of sensor data.

• A method for classifying sensor data time series and determining the

type of data, using data mining techniques, and a method for extracting

semantic sensor metadata features from the time series.



iv



Contents

Contents v

List of Figures xi

List of Tables xv

Nomenclature xv

1 Introduction 1
1.1 Dissemination of Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 State of the Art 7
2.1 Streaming Data Querying and Processing . . . . . . . . . . . . . . . . . . . . 8

2.1.1 Data Stream and Event Processing Models . . . . . . . . . . . . . . . 8

2.1.2 Continuous Query Languages . . . . . . . . . . . . . . . . . . . . . . . 15

2.1.3 System Implementations . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2 Ontology-based Access to Relational Data Sources . . . . . . . . . . . . . . . 26

2.2.1 Data Generation and Querying . . . . . . . . . . . . . . . . . . . . . . 28

2.2.2 Mappings for RDB2RDF . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.2.3 RDB2RDF Implementations . . . . . . . . . . . . . . . . . . . . . . . . 32

2.3 Extensions for RDF Stream Querying . . . . . . . . . . . . . . . . . . . . . . 34

2.3.1 SPARQL Extensions for Streams . . . . . . . . . . . . . . . . . . . . . 34

2.3.2 Publishing Data Streams as Linked Data . . . . . . . . . . . . . . . . 37

2.4 Sensor Ontology Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

2.4.1 Ontologies for Sensor Data and Metadata . . . . . . . . . . . . . . . . 39

2.4.2 The SSN Ontology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

2.5 Sensor Data Approximation and Classification . . . . . . . . . . . . . . . . . 43

2.5.1 Data Approximation and Compression . . . . . . . . . . . . . . . . . . 43

v



CONTENTS

2.5.2 Time Series Classification . . . . . . . . . . . . . . . . . . . . . . . . . 47

2.5.3 Characterizing Unknown Sensor Data . . . . . . . . . . . . . . . . . . 49

2.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3 Hypotheses and Contributions 53
3.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.2 Hypotheses . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.2.1 Assumptions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.2.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

4 A SPARQL Extension for Querying Data Streams 59
4.1 Features of a Semantically-enabled Streaming Query Language . . . . . . 60

4.1.1 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.2 RDF Stream Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.2.1 RDF triples and graphs . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.2.2 RDF Stream Graphs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.3 SPARQLStream Syntax . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.3.1 SPARQL Syntax . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.3.2 SPARQLStream Extensions . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.3.3 Comparison of SPARQLStream with other Languages . . . . . . . . . . 69

4.4 SPARQLStream Semantics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.4.1 SPARQL Semantics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.4.2 SPARQLStream Extensions Semantics . . . . . . . . . . . . . . . . . . 71

4.4.3 Comparison of SPARQLStream Semantics with other Languages . . . 72

4.5 Rewriting SPARQLStream Queries . . . . . . . . . . . . . . . . . . . . . . . . . 73

4.5.1 Relational to RDF Mappings . . . . . . . . . . . . . . . . . . . . . . . . 73

4.5.2 Definition of Mappings for Query Rewriting . . . . . . . . . . . . . . 74

4.5.3 Rewriting to Algebra Expressions . . . . . . . . . . . . . . . . . . . . 76

4.5.4 Rewriting Window Operators . . . . . . . . . . . . . . . . . . . . . . . 78

4.5.5 Rewriting other Operators . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.6 Query Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.7 Query Results Translation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.7.1 Projected Expressions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.7.2 Construct and Ask . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.8 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

vi



Contents

5 Querying Semantic Sensor Networks 85
5.1 Design of an Ontology-based Stream Query Processor . . . . . . . . . . . . . 86

5.1.1 Ontologies for describing Streaming Data . . . . . . . . . . . . . . . . 86

5.1.2 Declarative Mappings from Streams to Ontologies . . . . . . . . . . 87

5.1.3 Querying in terms of Ontologies . . . . . . . . . . . . . . . . . . . . . 87

5.1.4 Rewriting queries to native streaming languages . . . . . . . . . . . 87

5.1.5 Delegation of Query Execution . . . . . . . . . . . . . . . . . . . . . . 88

5.1.6 Query Results Delivery . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.2 Mapping Streams to Ontologies . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.3 Ontology-based Streaming Data Query Architecture . . . . . . . . . . . . . 92

5.4 Query Rewriting Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.4.1 Rewriting to Algebra Expressions . . . . . . . . . . . . . . . . . . . . 94

5.4.2 Query Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.5 Query Instantiation and Delegation . . . . . . . . . . . . . . . . . . . . . . . 95

5.5.1 DSMS Query processing . . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.5.2 Complex Event Processing . . . . . . . . . . . . . . . . . . . . . . . . . 96

5.5.3 Middleware Query Processing . . . . . . . . . . . . . . . . . . . . . . . 97

5.6 Query Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

5.6.1 Snapshot Queries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

5.6.2 Continuous Queries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

5.6.3 Pull-based Data Retrieval . . . . . . . . . . . . . . . . . . . . . . . . . 99

5.6.4 Push-based Data Retrieval . . . . . . . . . . . . . . . . . . . . . . . . . 99

5.7 Implementing Ontology-based Streaming Query Rewriting . . . . . . . . . 99

5.7.1 Query Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

5.8 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

6 Sensor Metadata and Data Characterization 107
6.1 From Raw Measurements to Semantic Metadata . . . . . . . . . . . . . . . . 108

6.2 Representing Sensor Data with Segment Slopes . . . . . . . . . . . . . . . . 111

6.2.1 Background: Piecewise Linear Representation . . . . . . . . . . . . . 111

6.2.2 Slope Distributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

6.2.3 Choosing the angle divisions . . . . . . . . . . . . . . . . . . . . . . . . 113

6.3 Deriving Semantic Metadata . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

6.3.1 Semantic Descriptions . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

6.3.2 Data Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

6.3.3 Using Partial Data Subsets . . . . . . . . . . . . . . . . . . . . . . . . 116

vii



CONTENTS

6.3.4 Querying using the Analysis Results . . . . . . . . . . . . . . . . . . . 116

6.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

7 Experimentation with SPARQLStream 119
7.1 SemSorGrid4Env . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

7.1.1 Semantic Integrator . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

7.1.2 Integration and Query Service . . . . . . . . . . . . . . . . . . . . . . 122

7.1.3 Use-case: Coastal Sensors for Flood Warning . . . . . . . . . . . . . . 123

7.1.4 Rewriting Examples for Coastal Sea Sensors . . . . . . . . . . . . . . 125

7.2 Swiss Experiment Metadata and Querying . . . . . . . . . . . . . . . . . . . 129

7.2.1 Modeling Sensor Data with the SSN Ontology . . . . . . . . . . . . . 130

7.2.2 Querying GSN with SPARQLStream . . . . . . . . . . . . . . . . . . . . 132

7.3 Ciudad2020 Bike Sharing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

7.3.1 Bike Sharing Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

7.3.2 Querying Bike Observations . . . . . . . . . . . . . . . . . . . . . . . . 138

7.3.3 Exploitation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

7.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

8 Evaluation 143
8.1 SPARQLStream Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143

8.1.1 Comparing the Query Execution w/wo Rewriting . . . . . . . . . . . 144

8.1.2 Evaluation of SPARQLStream Performance . . . . . . . . . . . . . . . 146

8.1.3 SPARQLStream Evaluation Discussion . . . . . . . . . . . . . . . . . . 152

8.2 Comparison of the SPARQLStream Expressiveness with other Languages . 152

8.2.1 DSMS: SNEEql and CQL . . . . . . . . . . . . . . . . . . . . . . . . . . 152

8.2.2 CEP: Esper . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

8.2.3 Middleware APIs: GSN and Cosm . . . . . . . . . . . . . . . . . . . . 155

8.2.4 Expressiveness Discussion . . . . . . . . . . . . . . . . . . . . . . . . . 155

8.3 Functional Evaluation of SPARQLStream . . . . . . . . . . . . . . . . . . . . . 156

8.3.1 SRBench Queries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

8.3.2 Functional Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

8.4 Evaluation of the Sensor Data Characterization . . . . . . . . . . . . . . . . 161

8.4.1 Classification in Swiss Experiment and AEMET . . . . . . . . . . . . 162

8.4.2 Classification with Partial Information . . . . . . . . . . . . . . . . . 165

8.4.3 Comparison with SAX Classification . . . . . . . . . . . . . . . . . . . 165

8.4.4 Discussion of the Characterization Evaluation . . . . . . . . . . . . . 167

8.5 Evaluation Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

viii



Contents

9 Conclusions 171
9.1 Review of Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172

9.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 174

9.3 Open Research Problems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 175

References 179

ix



CONTENTS

x



List of Figures

2.1 Stream data model based on unbounded timestamped triples. . . . . . . . . 9

2.2 Example of sensor observations modelled as streaming timestamped tuples. 10

2.3 Common event relationships: precedence, causality and aggregation. . . . 11

2.4 Complex event generation model. . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.5 One-off and continuous query processing models. . . . . . . . . . . . . . . . 13

2.6 Windows w1 and w2 over a data stream. . . . . . . . . . . . . . . . . . . . . 14

2.7 SSN ontology main classes and modules. . . . . . . . . . . . . . . . . . . . . . 41

2.8 Constant piecewise approximation. . . . . . . . . . . . . . . . . . . . . . . . . 45

2.9 Piecewise linear approximation. . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.1 Tree representation of the evaluation of a rewritten SPARQLStream query . 79

4.2 Push down projection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.3 Push down projection in a union. . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.4 Push down selection. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.5 Self-join simplification. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.6 Empty join simplification. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.7 Push down window. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.8 Projected expresions in query results . . . . . . . . . . . . . . . . . . . . . . . 83

5.1 The SSN Ontology combined with domain ontologies . . . . . . . . . . . . . . 90

5.2 Mapping from the wan7 sensor to a SSN ObservationValue. . . . . . . . . . 91

5.3 Ontology-based sensor query rewriting, processing and data translation. . 93

5.4 Rewriting modules: rewriting a SPARQLStream query to algebra expression,

and optimizing the expressions. . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.5 Query processing: query instantiation, one-off execution, pull and push

data delivery. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

5.6 Mapping from the wan7 sensor to a SSN Observation. . . . . . . . . . . . . 101

xi



LIST OF FIGURES

5.7 Algebra expresison after query rewriting. . . . . . . . . . . . . . . . . . . . . 101

6.1 An architecture for inferring semantic sensor metadata from raw measure-

ments. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

6.2 Piecewise linear approximation, construction of the convex hull. . . . . . . 111

6.3 Slopes symbolization and angle space division . . . . . . . . . . . . . . . . . 113

6.4 Distribution of the angles for the AEMET training set . . . . . . . . . . . . 114

7.1 SemSorGrid4Env architecture components . . . . . . . . . . . . . . . . . . . 120

7.2 IQS Integration and Query Service operations interactions. . . . . . . . . . 123

7.3 Algebra expression generated for the SPARQLStream query in Listing 7.3. . 126

7.4 Algebra expression generated for the SPARQLStream query in Listing 7.5. . 127

7.5 SSN Ontology combined with other vocabularies for representing sensor

observations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

7.6 Swiss Experiment virtual sensor wannengrat_wan7. . . . . . . . . . . . . . . . . 133

7.7 Virtual sensor wannengrat_wan7 mapped to an Observation Value in the SSN

Ontology. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

7.8 Rewritten algebra expression in terms of the wannengrat_wan7 virtual sensor. 134

7.9 Rewritten algebra expression as a union of the wannengrat_wan4b and wannengrat_wan7

virtual sensors. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

7.10 SSN based Bike Sharing Ontology . . . . . . . . . . . . . . . . . . . . . . . . . 137

7.11 The implemented approach for generating static RDF and querying RDF

streams with SPARQLStream from the citybik.es services. . . . . . . . . . . . 139

8.1 Pull response times for different tuple rates and windows. . . . . . . . . . . 145

8.2 Push-delivery latency, without query/data translation. . . . . . . . . . . . . 146

8.3 Push-delivery latency, with query/data translation. . . . . . . . . . . . . . . 147

8.4 Response times for a single-sensor query, compared to a 26 sensor union

query, for different tuple rates . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

8.5 Response times for time window queries, with different slide parameters . 151

8.6 Response times for different number of queries launched simultaneously,

for different tuple rates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

8.7 Swiss Experiment classification confusion matrix . . . . . . . . . . . . . . . 163

8.8 AEMET classification confusion matrix . . . . . . . . . . . . . . . . . . . . . 164

8.9 Precision in AEMET, not differencing the specific types wind speed (max)

and wind direction (max). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

xii



List of Figures

8.10 AEMET Classification precision, for different partial datasets, in terms of

the days of data used. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

8.11 Swiss Experiment Classification precision, for different partial datasets,

in terms of the days of data used. . . . . . . . . . . . . . . . . . . . . . . . . . 166

8.12 Swiss Experiment Classification precision with SAX and the Slope repre-

sentation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166

8.13 AEMET Classification precision with SAX and the Slope representation. . 167

xiii



LIST OF FIGURES

xiv



List of Tables

2.1 Comparative table of streaming data/event query languages. . . . . . . . . 16

2.2 Comparative tables of DSMS, CEP and streaming sensor middleware. . . . 27

4.1 Comparative table of SPARQLStream and other SPARQL extensions for streams. 69

5.1 Comparative table of SPARQLStream ontology-based system and alternative

approaches. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

8.1 Comparison of SPARQLStream expressiveness with underlying streaming

processor systems. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

8.2 Addressed features per query in SRBench . . . . . . . . . . . . . . . . . . . . 160

8.3 Functional evaluation results of SRBench . . . . . . . . . . . . . . . . . . . . 160

xv



LIST OF TABLES

xvi



Chapter 1

Introduction

Sensors produce massive amounts of data every second, all around the globe. Ranging

from environmental and weather observations, to real-time patient health monitoring,

the availability of these data streams is dramatically changing the way of conceiving

data-oriented applications, providing the possibility of performing real-time analysis,

tracking the evolution of data values over time, etc.

Many of these applications pose complex requirements regarding data management

and query processing. For example, sensors can help studying and forecasting hurri-

canes, and help preventing natural disasters in vulnerable regions. Monitoring the baro-

metric pressure at sea level, which is one of the causes for hurricanes, can be combined

with other wind speed measurements and satellite imaging to better predict extreme

weather conditions1. Even during a hurricane, storm-tide and gauge sensors can help

measuring the water level, wind speed, direction and precipitation, leading to estimate

floods in potentially endangered areas (Patni et al., 2010). Another example can be

found in the health domain, where the industry is producing affordable devices that

track caloric burn, blood glucose or heartbeat rates, among other indicators for early

diagnosis or alert systems. The use of such sensors is not limited to monitoring for the

elderly or impaired, but also for studying activity, metabolism and sleep patterns for any

person (González-Valenzuela et al., 2011).

This type of data fits naturally with applications that store or publish it in the cloud,

for the purpose of aggregating, comparing, sharing, and also for ubiquitous access. In

fact, sensor data has been normally managed and sometimes published by large compa-

nies and public administrations, including weather information, financial stock market

1NASA hurricanes research: http://www.nasa.gov/mission_pages/hurricanes
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values, traffic monitoring, coastal environments conditions, etc. However, to these pub-

lishers we must now add a new type of data producers that include citizens and a broader

spectrum of devices. Using cheap pluggable micro-controller boards based on platforms

such as Arduino, communities of artists, geeks and virtually any person, are building

prototypes and artifacts for an impressive number of tasks. For instance, the Citizen

Sensor1 initiative proposes open-source DIY devices for wearable and stationary air pol-

lution monitoring, publishing the data generated by these devices on the web. Another

example is the Air Quality Egg (AQE)2, a community-developed project, aiming at mak-

ing citizens participate in measuring and sharing local air quality data and publish it

online.

Smartphones and mobile communication devices are another source of live stream-

ing data about the surrounding world. GPS, accelerators, microphones, cameras, and

other instruments available in these devices can produce such type of data and have led

to the emergence of concepts coined as participatory sensing. This paradigm builds from

the fact that sensing individuals sharing their data can build a comprehensive body of

knowledge at large-scale (Lane et al., 2010).

In this new context, a set of challenges surface for the research community: (i) The

heterogeneity of devices, data structures, schemas, and formats of the data made avail-

able by these sensors, make it hard to make sense, reuse or integrate this type of data

with other data sources; (ii) The highly dynamic and continuously changing nature of

these data streams pose important challenges for today’s query processing and data man-

agement technologies. In sum, the problems of data velocity and volume are inherent in

these scenarios, added to the high variety of data at web-scale. These are precisely the

3Vs (Laney, 2001), which have been recently associated to the concept of Big Data.

In this thesis we address some of these challenges, considering how we can trans-

form streaming raw data to rich ontology-based information that is accessible through

continuous queries for streaming data. Ontologies have long been proposed as a way of

providing explicit semantics for data, so as to facilitate reuse, integration or reasoning

over it. Besides, the last decade has witnessed the emergence of work on continuous

query and event processing, beyond traditional database systems, which were based on

transactional and relational principles. Both visions need to be understood in order to

propose techniques and methods that combine them in a coherent way. The use of struc-

1http://www.citizensensor.cc
2http://airqualityegg.wikispaces.com
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tured semantics on the data, using ontologies for representing both streaming data and

the metadata that describes it, is the cornerstone of the work presented in this thesis.

The scope of our work is centered around two main aspects, which we develop through-

out this document, and that we can summarize as follows:

• (i) How to enable ontology-based access and querying over existing streaming data

sources? Just as static or stored data already exists in the form of databases, XML

files, web pages, etc., streams are also readily available on the Web, under formats,

schemas and technologies that make them sometimes hard or unfeasible to be

reused, understood or reasoned about, in web-scale. We investigate the extensions

needed in semantic technologies and ontology-based querying to support this type

of data, and how it can be linked or mapped to high-level ontological models that

are representative of a specific domain.

• (ii) How to represent, classify and enrich semantic sensor metadata? The stream-

ing data to be queried requires models that reflect the high-level concepts of the

domain of interest. However, at web scale there is a high degree of heterogeneity

and the data that describes data streams (i.e. the metadata) is often misleading,

inconsistent or missing. We study sensor data classification and characterization,

in order to produce enriched data descriptions in terms of ontological models.

The body of this thesis is structured as follows. In Chapter 2 we provide an account

of the State of the Art in the different areas related to our work, or that are relevant

as background knowledge, including streaming data processing, relational to ontology

data access, RDF streaming processing, and sensor data classification. In Chapter 3 we

formally introduce the hypotheses of this thesis, and our specific contributions. In Chap-

ter 4 we present the SPARQLStream language, its syntax, semantics and its representation

as algebra expressions. Chapter 5 describes the process of query rewriting and instanti-

ation of algebra expressions to queries for DSMS, CEP or middleware. We also introduce

the use of R2RML mappings for stream-to-ontology relationships. The sensor metadata

characterization from raw data is presented in Chapter 6. Chapter 7 describes different

use cases where we applied the principles and technologies presented in the previous

three chapters. The evaluation of our research hypotheses is detailed in Chapter 8. Fi-

nally we present the overall conclusions, ongoing work and future research directions in

Chapter 9.
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1.1 Dissemination of Results

The contributions presented in this thesis have been published, presented or reported in

international journals, conferences, workshops and technical reports, as detailed below.

Our contributions in Chapter 4 were presented in:

• Calbimonte, J.-P.; Corcho, O. & Gray, A. J. G. Enabling ontology-based access
to streaming data sources. In Proc. 9th International Semantic Web Conference

ISWC, Shanghai, China, 2010. 96-111. (Calbimonte et al., 2010b)

• Calbimonte, J.-P.; Corcho, O. & Gray, A. J. G. Ontology-based Access to Stream-
ing Data. In Poster Proceedings of the 7th Extended Semantic Web Conference

ESWC, Heraklion, Greece, 2010. (Calbimonte et al., 2010a)

The main contributions of Chapter 5 and further advances in Chapter 4 and some of

the evaluation results of Chapter 8 were published in:

• Calbimonte, J.-P.; Jeung, H.; Corcho, O. & Aberer, K. Enabling Query Technolo-
gies for the Semantic Sensor Web. International Journal On Semantic Web

and Information Systems (IJSWIS), IGI, 2012, 8. 43-63. (Calbimonte et al., 2012a)

The contributions of Chapter 6, its relationship with Chapter 5 and the correspond-

ing evaluations presented in Chapter 8 were presented in:

• Calbimonte, J.-P.; Jeung, H.; Corcho, O. & Aberer, K. Semantic Sensor Data
Search in a Large-Scale Federated Sensor Network. In Proc. 4th Interna-

tional Workshop on Semantic Sensor Networks at ISWC, Bonn, Germany, 2011.

14-29. (Calbimonte et al., 2011d)

• Calbimonte, J.-P.; Yan, Z.; Jeung, H.; Corcho, O. & Aberer, K. Deriving Semantic
Sensor Metadata from Raw Measurements. In Proc. of the 5th International

Workshop on Semantic Sensor Networks SSN at ISWC, Boston, USA, 2012. 33-48.

(Calbimonte et al., 2012b)

• Calbimonte, J.-P.; Jeung, H. & Corcho, O. Querying Semantically Enriched
Sensor Observations: Short Paper. In Proc. 6th International Workshop on

Semantic Business Process Management at ESWC, Heraklion, Greece, 2011. (Cal-

bimonte et al., 2011c)

• Corcho, O.; Priyatna, F.; Fortuna, C.; Grobelnik, M.; Calbimonte, J.-P.; García-

Silva, A.; Jeung, H.; Novak, B. & Moraru, A. Characterisation mechanisms for
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unknown data sources. Deliverable D1.1 Technical Report. PlanetData FP7,

2011. (Corcho et al., 2011)

In addition, we are preparing a book chapter covering parts of Chapters 2, 4 and 5:

• Calbimonte, J.-P. & Corcho, O. Evaluating SPARQL Queries over RDF Streams.

In Linked Data Management: Princples and Techniques (Ed. Harth, A., Hose, K.,

Schenkel, R.), CRC Press, 2013. (proposal accepted)

The results and use cases presented in Chapter 7 were published in:

• Gray, A.; García-Castro, R.; Kyzirakos, K.; Karpathiotakis, M.; Calbimonte, J.-P.;

Page, K.; Sadler, J.; Frazer, A.; Galpin, I.; Fernandes, A. et al. A semantically en-
abled service architecture for mashups over streaming and stored data.

In Proceedings of the 8th Extended Semantic Web Conference ESWC, Heraklion,

Greece, 2011. 300-314. (Gray et al., 2011a)

• Gray, A.; Sadler, J.; Kit, O.; Kyzirakos, K.; Karpathiotakis, M.; Calbimonte, J.-P.;

Page, K.; García-Castro, R.; Frazer, A. & Galpin, I. et al. A semantic sensor web
for environmental decision support applications. Sensors, MDPI, 2011, 11,

8855-8887. (Gray et al., 2011b)

• Ruckhaus, E.; Calbimonte, J.-P.; García-Castro, R. & Corcho, O. Short Paper:
From Streaming Data to Linked Data–A Case Study with Bike Sharing
Systems. In Proc. of the 5th International Workshop on Semantic Sensor Networks

SSN at ISWC, Boston, USA, 2012. 109-114. (Ruckhaus et al., 2012)

• Calbimonte, J.-P.; Corcho, O. & Gray, A. J. G. Implementation and Deployment
of the SemSorGrid4Env ontology-based data integration service, Phase II.

Deliverable D4.2v2 Technical Report. SemSorGrid4Env FP7, 2011. (Calbimonte

et al., 2011a)

• Gray, A. J. G.; Galpin, I.; Fernandes, A. A. A.; Paton, N. W.; Page, K.; Sadler, J.;

Kyzirakos, K.; Koubarakis, M.; Calbimonte, J.-P.; Corcho, O.; García-Castro, R.;

Gabaldón, J. & Aparicio, J. SemSorGrid4Env Architecture - Phase II. Deliver-

able D1.3v2 Technical Report. SemSorGrid4Env FP7, 2010. (Gray et al., 2010)

Finally, the remaining evaluation and benchmarking results of Chapter 8 were pre-

sented in:
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• Zhang, Y.; Duc, P. M.; Corcho, O. & Calbimonte, J.-P. SRBench: A Streaming
RDF/SPARQL Benchmark. In Proceedings of the 11th International Semantic

Web Conference ISWC, Boston, USA, 2012, 641-657. (Zhang et al., 2012a)

• Calbimonte, J.-P.; García-Castro, R.; Corcho, O. & Rodríguez., J. Evaluation of
the Ontology-based data integration service and the Ontologies. Deliv-

erable D4.4 Technical Report. SemSorGrid4Env FP7, 2011. (Calbimonte et al.,

2011b)

• Zhang, Y.; Duc, P. M.; Groffen, F.; Liarou, E.; Boncz, P.; Kersten, M.; Calbimonte, J.-

P. & Corcho, O. Benchmarking RDF Storage Engines. Deliverable D1.2 Tech-

nical Report. PlanetData FP7, 2012. (Zhang et al., 2012b)
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Chapter 2

State of the Art

The work presented in this thesis focuses on exploiting streaming data sources, and pro-

poses techniques that allow using semantically rich representations for querying them,

as well as characterizing and enriching them. In this chapter we explore the different

fields that serve as background for this work, and the approaches that have been pro-

posed in the latest years related to the challenges that we address. Because our work

deals with the problems of querying observations from streaming data sources and also

with the characterization of data streams using semantic representations, we cover a

wide range of related work in the different sections of this chapter, and we identify the

existing limitations with respect to the challenges presented in Chapter 1.

First, we introduce the main concepts related to data streams and continuous query

processing in Section 2.1. Then, we present in Section 2.2 the approaches related to

representing and querying relational data in terms of ontologies, including the creation

of relational-to-RDF mappings (also known as RDB2RDF mappings). These approaches

are devised mainly for publishing static data sources in terms of semantically rich vo-

cabularies. In Section 2.3 we describe the existing approaches that extend SPARQL with

streaming operators, so as to support RDF stream querying. These three sections provide

the background for ontology-based streaming data querying, which are complemented

with the next two, dealing with their metadata and characterization. We focus on sensor

data as a specific type of streaming data, and the different ontological representations

used in the literature, in Section 2.4. Finally we discuss the existing work on time series

representation and classification in Section 2.5.
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2.1 Streaming Data Querying and Processing

Streaming data processing focuses on query and management of data streams, which can

be seen as infinite and time-varying sequences of data values. Examples of data streams

include stock market tickers, heart rate measurements or wave height observations from

a coastal sensor network. These streams can also be abstracted as more complex events

whose patterns can be detected or queried, and then delivered to a subscriber if they

are relevant (Cugola and Margara, 2011). This type of applications differ from classical

data management and query systems, and different approaches and solutions have been

proposed in the latest years, establishing the research areas of streaming data and event

processing.

The inherent characteristics of data streams pose challenges in the field of streaming

query processing, which have been addressed in a number of previous works. We provide

a brief summary of the event and stream processing models, query languages and event

and streaming engine system implementations described in the literature.

2.1.1 Data Stream and Event Processing Models

The potentially infinite nature of streams and the need for continuous evaluation of data

over time, are some of the fundamental reasons why managing streaming data differs

significantly from classical static data. Database systems deal with mostly static and

stored data, and their queries retrieve the state of the data at a given point in time, as

opposed to monitoring the evolution of the data over time, in streaming and event data

processing.

Highly dynamic data processing has been studied from different perspectives, which

can be roughly classified into two main groups: Data Stream Processing and Complex

Event Processing. In both cases, the type of data requirements differ greatly from tradi-

tional databases. For these streaming and event-based applications, normally the most

recent values are more relevant than older ones. In fact, the focus of query processing

is on the current observations and live-data, while historical data is often summarized,

aggregated and stored for later analysis. Hence, data recency becomes a key factor in the

design of these systems, which include time as a first-class citizen in their data models

and processing algorithms.

Another central characteristic to this domain is the need for live and uninterrupted

data processing and delivery. It is based on the principle of continuous evaluation of

queries over the streams, in contrast with the existing models of stored relational databases

(Babcock et al., 2002). Streaming values are pushed by the stream source (e.g. a sensor)
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at possibly unknown rates and without explicit control of data arrival (Babu and Widom,

2001). Then, a query processor needs to continually monitor the arrival of tuples and

check if they match one or more queries currently registered in the system.

In the following we describe some of the key aspects of streaming data and event

models, continuous queries and recency-aware operators such as windows.

Stream data model. The field of streaming data processing emerged from relational

database research, hence in the first proposals streams were seen merely as relations,

in some cases limited to append-only updates as in Tapestry (Terry et al., 1992). Coming

from the field of databases, the use of unbounded relational models to represent streams

was a convenient decision, keeping query languages and operators intact, and only con-

sidering the new features as extensions. While the approach of Tapestry was restricted

in terms of query expressiveness and limited to append-only tables, it already hinted at

streams as sequences of data tuples arriving at a given order.

Figure 2.1: Stream data model based on unbounded timestamped triples.

A widely used data model perceives a stream as an unbounded sequence of tuples

of values continuously appended (Golab and Özsu, 2003), each of which carries a time-

based index, usually a sort of timestamp. The timestamp imposes a sequential order and

typically indicates when the tuple has been produced, although this notion can be ex-

tended to consider the sampling, observation or arrival time. The tuple includes named

attributes, such as the atti in Figure 2.1 according to a schema, each having a given data

type. Notice that for each non-decreasing timestamp τ there may exist several tuples.

Examples of systems following this idea include TelegraphCQ (Chandrasekaran et al.,

2003), Aurora (Abadi et al., 2003) and STREAM (Arasu et al., 2007).

This model and variants of it have been used in several domains and use cases. As an

example, environmental sensor observations can be abstracted as timestamped tuples,

as depicted in Figure 2.2. In this case each stream is associated to a sensor location (e.g.

milford1), and each tuple contains data about three observed properties: temperature,
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Figure 2.2: Example of sensor observations modelled as streaming timestamped tuples.

humidity and air pressure, encoded as temp,hum and pres respectively. Alternative mod-

elling decisions can be taken, such as using a single stream for all data, and adding an

attribute to denote the location, etc.

A formal definition in these lines is provided in the STREAM system (Arasu et al.,

2007). A stream s is defied as a set of elements of the form (t,τ) where t is a tuple

according to a given schema and τ is a non-decreasing timestamp. This model can be

modified, for instance, changing the tuple t for a complex object, using a DDL such as

in Tribeca (Sullivan and Heybey, 1998) or abstract data types as in COUGAR (Bonnet

et al., 2001). This model, complemented with normal relations, also covers alternatives

such as chronicle models with persistent views that are periodically maintained, cap-

turing only a summarization of the original data (Jagadish et al., 1995). The encoding

format of each data stream element is independent of the abstract data model. Although

most implementations use relational tuples as in a database table, with name-value at-

tributes, others use XML for representing each tuple, e.g. NiagaraCQ (Chen et al., 2000).

The notion of timestamp does not need to be necessarily related to the measured

processing time: it is sometimes abstracted as a “tick” or integer-increasing value. Fur-

thermore, the importance of this value resides in the ability of establishing an order

among the stream tuples, hence it is a sequence and not a bag. The order is important

as it allows discerning which tuples have already been processed against queries, and

introduces the possibility of discarding older values, or creating bounded sub-sequences

of data for processing. Nevertheless, even with timestamps, the tuples are not guaran-

teed to arrive in order, at least not in all processing models (Golab and Özsu, 2003), and

therefore may require post-processing.

Event data model. A visible difference between the fields of data streams and event

processing is on their data model. Contrary to table-like structures and schemas where

the focus is on raw data management, events are complex abstractions of observations
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or situations, modelled after a given domain of use (Cugola and Margara, 2011). Events

are typically notified to subscribers if they are relevant to them (Chandy et al., 2011).

Event data management and query processing has been studied since the appearance

of Active Object databases, where events are defined simply as “something that happens

at a point in time” (Paton and Díaz, 1999). More specifically, events can be characterized

by their source: e.g. generated by an operation, invocation, transaction, time-based, etc.

Events may also have a type, primitive or composite, that serves to distinguish them and

denote its semantics. For instance an event of type TemperatureReading represents a

temperature observation, different from, e.g. a HumidityReading. Subscribers may re-

ceive notifications based on the types of events (type-based or topic-based subscription),

but this is a limited approach, as events may have hierarchies, or produce complex and

composite events.

Relations between events in terms of time and causality (simultaneousness, prece-

dence, occurrence in an interval, etc.) are key for complex event query processing (Mei

and Madden, 2009). In Figure 2.3 we illustrate common event relationships. In the first

one event E1 happens before E2. The events may be associated to a single point in time,

but also to intervals, in which case an overlap relationship can also exist. The second

relationship denotes causality, E1 causes E2, which may also imply precedence, but the

emphasis is on the origin of the resulting event. The last example denotes aggregation

of several events (E1,E2,E3) into a composite one E4. The nature of the aggregation is

not specified in this case, but is meant to reflect the possibility of constructing complex

events from simpler ones.

Figure 2.3: Common event relationships: precedence, causality and aggregation.

Other relationships such as simultaneity, occurrence in a certain interval, negation,

disjunction, etc., can also be used to encode complex events. Event filters are an ad-

vanced way for users to be notified only of events matching a given criteria. This criteria

can be specified as expressions in a filtering language, including conditions on the type

and attributes of an event.

Complex events go beyond filtering and allow defining new types of events based

on existing ones, or even creating pattern templates or event patterns, which include
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temporal constraints, repetition, ordering conditions, etc. (Cugola and Margara, 2011).

We illustrate a complex event generation model in Figure 2.4. Incoming events are

streamed and processed according to event models and rules that match the input and

produce complex events that are streamed out.

Figure 2.4: Complex event generation model.

Although the data model may differ between events and data streams, they also have

commonalities. For instance, events normally carry timestamp or interval information

and attribute values, and rely on basic data types. In some systems, events can be de-

fined in terms of queries or compositions of filters and patterns over relational streams.

Continuous processing. The concept of continuous or standing queries was intro-

duced in (Terry et al., 1992) as “queries issued once and [...] run continually over the

database”. This idea was developed under the assumption of an append-only database,

where traditional querying techniques were not suitable because of inefficiency consider-

ing high volumes and velocity of data. The resulting Tapestry system was able to execute

monotonic queries periodically, considering only new tuples for each evaluation in order

to avoid duplicates but also to guarantee completeness and deterministic behavior.

In subsequent works, this concept changed the execution model in stream-based sys-

tems, where data arrival initiates query processing, unlike stored relational databases.

In a traditional one-off database query, the result is immediately returned after query

evaluation (as in Figure 2.5, left). Conversely a continuous query resides in the query

processor, and produces results as soon as streaming data matches the query criteria

(Figure 2.5, right). Then the client may actively retrieve the data in pull mode, or the

query processor may push it to clients as it becomes available.

Continuous queries, beyond one-time queries or triggers, such as the ones proposed

in the Alert system (Schreier et al., 1991), or the trigger-stop queries of OpenCQ (Liu

et al., 1999), were further developed in (Golab and Özsu, 2003), including definitions of

join semantics and optimizations. Some of the challenges addressed included the pos-
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Figure 2.5: One-off and continuous query processing models.

sibility of handling thousands of standing queries concurrently, sharing data between

query operators and performing static and runtime optimizations. The idea of grouping

similar queries, judging by their signature and sharing a global plan within the group,

was exploited in NiagaraCQ (Chen et al., 2000), for XML based data streams. Tele-

graphCQ (Chandrasekaran et al., 2003), built from the previous systems CACQ (Mad-

den et al., 2002) and PSoup (Chandrasekaran and Franklin, 2003), used Eddy operators

for routing tuples between query operators. It also promoted sharing through state mod-

ules, temporary repositories of homogeneous tuples. Through adaptivity and sharing,

TelegraphCQ was able to handle large numbers of simultaneous queries.

Another key problem concerning continuous evaluation is related to the memory ca-

pabilities required for query processing. The next textual query example: “get the current

temperature every hour at location X”, illustrates some common requirements of continu-

ous queries. It is expected to monitor the evolution of a certain value (e.g. temperature),

with some given timing constraints (e.g. every hour). In the example the query is ex-

pected to provide answers each hour, and past values are not relevant. However, many

different queries may be running at the same time, for instance “get the average tem-

perature of the latest 10 minutes every hour”, requires the latest 10 minutes of data to

compute the results. It has been shown that certain types of queries cannot be answered

with bounded memory, and in those cases there are scenarios where the memory require-

ments are linear with respect to the input streaming data (Arasu et al., 2004a). When

memory requirements exceed the available resources, data summarization can also be

used to answer a query with approximate results (Gehrke et al., 2001).

Windows. The sliding window model is probably the most common and widespread

norm for streaming data processing. The idea behind windows is simple: it basically

limits the scope of tuples to be considered by the query operators. For instance the win-

dow w2 in Figure 2.6 has a starting point and an offset that limits its scope over certain
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stream tuples. A subsequent window w1 will bound data tuples in a latter interval of

the stream. Notice that windows may immediately follow each other, overlap, or be non-

contiguous in terms of time.

Figure 2.6: Windows w1 and w2 over a data stream.

Windows are usually specified in terms of an offset or width, and a slide that indi-

cates the periodicity with which a new window will be created. Considering, for instance,

a query that asks for the temperature average in the latest 10 minutes, a window can

be set from the current time to the past 10 minutes, and all the remaining data can be

excluded. However, for continuous queries, the window slides over time, that is, for each

execution time, the window boundaries will have moved.

Sliding windows, tumbling windows, landmark windows, update-interval windows

and other variations have been present in different systems including Aurora, STREAM,

NiagaraCQ, Tribeca or TelegraphCQ. However in many cases these systems lacked clear

semantics of the window operators, and the relationships between them. One attempt

for an abstract semantics was given in (Arasu et al., 2007), who introduced the concept

of stream-to-relation operators. These operators take a stream and transform it to a

relation with the same schema. This simple conceptualization was successfully used to

define different types of windows:

• Time-based windows: Given a time interval T over a stream s, the output relation

is defined by the window of size T, sliding over time. The specification of the

interval may allow defining punctual windows, tumbling windows, etc.

• Tuple-based windows: Given an integer n over a stream s, the output is defined as

a relation of size n of the latest values of s.

• Partitioned windows: Given an integer n and a subset ~a of the attributes of a

stream s, it divides s in sub-streams, one for each attribute of ~a. Each sub-stream

groups the tuples with the same value on the corresponding attribute of ~a, and

is then limited in number by n. Finally all windowed sub-streams are merged as

final output.
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These definitions have been shown to be equivalent or overlap other approaches. The

window model has been applied not only for query processing, but also for other purposes

such as time-series analysis and approximation of streaming data (Keogh et al., 2004).

2.1.2 Continuous Query Languages

Both windows and continuous queries arise from requirements that exceed the capa-

bilities of traditional database languages. While traditional one-off (SQL-like) queries

are suitable for stored data, streams require continuous long-lived queries that process

and yield results as tuples arrive. To cope with these requirements, several continuous

query languages have been designed, for object-oriented, relational-based, and event-

based models (Cugola and Margara, 2011). We describe their main features below, and

Table 2.1 provides a non-exhaustive comparison of streaming query languages accord-

ing to their main features. These include the type of data model (e.g. object oriented,

data stream or event based), the query type (e.g. declarative, based on relational SQL,

etc.), the supported operators (e.g. projections, selections, joins, sequencing, windows,

aggregates, etc.) and the ability of combining streaming and stored data.

Object and XML languages. Object-oriented languages have also been used for stream-

ing data, adding time-aware methods to objects, so that these can be used in queries. For

instance COUGAR (Bonnet et al., 2001) included periodical execution of sensor queries,

extending SQL with the every keyword, followed by an interval of time. The Tribeca (Sul-

livan and Heybey, 1998) query language uses a DDL to define objects as types of packets

with hierarchies, and these can be used in queries that may specify projections, aggre-

gations or windows. For instance the following window w1 is defined over a stream s1, for

intervals of 0.005 on the ts attribute.

stream window w1 on s1

defined by {s1.ts.interval 0.005} is fixed

Other languages were designed for XML processing, where semi-structured data could

be viewed as object definitions. The NiagaraCQ language for XML streams, extended the

XML-QL query language with a construct for creating continuous queries and another

one for deleting them. The query construction allows indicating the execution interval,

as well as start and expiration times. In the web-event streaming data system OpenCQ,

the query language extended SQL with trigger and stop conditions, and was also targeted

for semi-structured data flows.
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Table 2.1: Comparative table of streaming data/event query languages.
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Relational-based languages. The wide adoption of SQL and relational-based declar-

ative languages in the database industry naturally led most streaming data and contin-

uous query proposals to extend this model.

The Tapestry query language TQL introduced the possibility of “installing” queries

that would be periodically executed, provided that the query is monotonic (i.e. results

do not decrease for new tuples in the input). To allow arbitrary queries, they intro-

duced rewriting algorithms to transform input queries into monotonic ones, for append-

only databases. AQuery (Lerner and Shasha, 2003) is one of several query languages

that extends relational algebra, in this case, for ordered data. It essentially views rela-

tion columns as arrays where order dependent functions (e.g. previous, first, last tuple)

can be applied in the query body. Although not exclusively thought for streaming data,

AQuery allowed window operators in its query algebra.

StreaQuel is the language used by TelegraphCQ (Chandrasekaran et al., 2003), ex-

tending SQL for continuous evaluation. Windows are specified with the WindowIs keyword,

inside a for loop. In the following example, the query requests the average closing price

for the MSTF stock symbol, every 5 days, for the last 5 days. The query expires after 50

days and ST is the starting time.

Select AVG(closingPrice)

From ClosingStockPrices

Where stockSymbol = ’MSFT’

for (t = ST; t < ST + 50; t +=5 ){

WindowIs(ClosingStockPrices, t - 5, t);

}

The CQL language (Arasu et al., 2006) supports many of the different types of win-

dows and operators of previous languages, and provides well-defined semantics for its

evaluation. It has been used in systems such as STREAM, or as a basis for commercial

engines as Oracle CEP. The window upper boundary is typically the current time, for

instance in CQL the following statement: S [RANGE T] denotes the relation consisting of

the elements of S whose timestamp falls in the latest T time units. For example S [RANGE

30 seconds] would result in a window consisting of the elements issued in the latest 30

seconds. More complex time windows and special cases (e.g. point-in-time window with

the NOW keyword, or limitless windows using UNBOUNDED) are also considered in CQL. Slid-

ing parameters are another usual feature of time-based windows. The slide specifies

how often the window is produced. For instance in CQL the following statement defines

a window that slides every L time units: S [RANGE T SLIDE L].

Tuple windows are also supported in CQL. For instance S [Rows 4] represents a re-
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lation with the last 4 elements of the stream S. A slide parameter can also be specified

for tuple-based windows. Apart from performing stream-to-relation transformations it

is often required to transform relations to streams. The main operators available for

this purpose are RSTREAM, ISTREAM and DSTREAM. The ISTREAM operator applied to a relation R

at time t, produces a stream that contains all tuples of R that are in R at time t but not

in t−1. This behavior informally specifies that the produced stream contains only the

inserted elements in a relation at each time. The DSTREAM operator applied to a relation

R at time t produces a stream that contains all tuples of R that are not in R at time t but

were there in time t−1. Therefore the resulting stream contains the deleted elements

of R at each time. Finally the RSTREAM operator applied to a relation R produces a stream

that contains all tuples of R.

Sensor Network Query Languages. Sensor networks, with reduced storage and

processing capabilities, are typically configured for data retrieval using programming

languages, such as nesC (Gay et al., 2003) or other subsets of C. However, there is a

trend for using declarative languages to specify data requirements. While these lan-

guages may be similar to the relational based ones described below, they exhibit some

distinct features.

COUGAR (Bonnet et al., 2001) was devised specifically as a sensor-based system, and

pioneered in the definition of an architecture that enables the use of declarative queries

for sensor query processing. Nevertheless, the language specification and semantics are

not described in the available publications. Another example of such query language is

the one of TinyDB (Madden et al., 2005), a system that implements acquisitional query

processing (i.e. data is acquired only if needed by the queries). The language extends SQL

with sampling constructs, but omits time or tuple windows. A more recent approach is

SNEEql (Galpin et al., 2011), which has a well defined, unified semantics for declarative

expressions of data needs over event-streams, acquisitional-streams, and stored data.

Apart from the window constructs, it allows specifying QoS expectations (e.g. acquisition

rate, delivery time), which may affect the query optimization process and translation of

the query to sensor network native code.

Complex event processing languages. Complex event processors add some oper-

ators to the filters, grouping, aggregators and windows that we have seen previously.

These additional operators are needed to allow defining queries that exploit the causal-

ity, temporal simultaneousness (conjunctive or disjunctive), and compositional relation-

ships of events, that we saw in Section 2.1.1. For instance in the Rapide (Luckham and
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Vera, 1995) language the pattern A(?i) and B(?i) matches events A and B having the

same attribute. Also, temporal relationships can be expressed between events, for ex-

ample A < B denotes an event A preceding B. Causality between events can also be

included in patterns, using the A → B notation.

Composite events can be constructed in languages such as GEM (Mansouri-Samani

and Sloman, 1997) using sequence operators: A ; B, meaning that event A occurs before

B, or conjunction and disjunction of events (A &B and A | B respectively). Event con-

junction represents the occurrence of both events in the same interval, while disjunction

in these languages is the occurrence of either of them. Negation is another construct

that has been defined in event-based languages such as CEDR (Barga et al., 2007). For

example, the expression UNLESS(E1,E2, t) matches the occurrence of event E1 if it is

followed by no E2 event in the next t time units. These operators can be combined in

event processing languages, for instance applying a negation to an event sequence, or

defining a conditional sequence pattern. For instance, in Cayuga (Brenna et al., 2007)

the expression E1NEXT{θ} E2 matches an event E1 followed by E2 if the predicate θ is

satisfied.

Procedural queries. In a different approach, Aurora-Borealis (Abadi et al., 2003)

relies on streaming data processing based on workflow operations. These are specified

using arrows and boxes created by the user, making it a procedural language, rather

than the declarative ones previously described.

2.1.3 System Implementations

In this section we provide a brief overview of several systems implementing streaming

data and event query approaches. We classified the systems into four groups, corre-

sponding to data stream management systems, complex event processors, sensor net-

work query processing systems and sensor middleware.

Data Stream Management Systems. Several Data Stream Management Systems

(DSMS) or systems managing continuous data, have been designed and built in the past

years. Most of them exploit the power of continuous query languages like those described

in the previous section, and they generally provide two types of data access mechanisms

for streams: pull and push-based. In pull-based access, the client periodically retrieves

the data from the DSMS, while in push-based access, it subscribes to a data resource

(typically the continuous results of a query) and receives notifications as data become
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available. Some of the key features of most DSMS include execution of multiple concur-

rent continuous queries, online processing of incoming data streams, data summariza-

tion, declarative query execution, query plan adaptivity, etc.

As we saw previously, Tapestry (Terry et al., 1992) introduced continuous query se-

mantics as incremental database queries, i.e. for each query execution, only the tuples

produced after the last execution are considered. In this way, the continuous query re-

sults could be seen as the merge over time of all the individual query answers. The

language used by Tapestry was essentially a dialect of SQL, whose queries were limited

to a single stream, and did not provide windowing or other streaming operators. This

idea has been expanded to architectures where new streams can be generated after ap-

plying operators such as windows, filters and aggregators to an initial stream of data, as

in Tribeca (Sullivan and Heybey, 1998) and most of the subsequent DSMS.

However, streaming data applications also require querying static or stored data,

and one of the challenges in this line is centered on the definition of coherent semantics

that allow this type of mixed data management. Using materialized views over streams

is one of the early approaches for combining stored and streaming data, as in the Chron-

icle model (Jagadish et al., 1995) algebra. However, it lacks window operators other than

the latest tuple. Later approaches, namely STREAM (Arasu et al., 2007), define the se-

mantics of query evaluation as extensions to relational algebra operators. To solve the

problem of blocking operators in the presence of infinite streams, STREAM uses stream-

to-relation operators that transform unbounded streams of tuples into finite sets that

can be evaluated by standard operators. Windows are one example of such operators,

either time-based or count-based.

Windows are not directly supported in early continuous query systems, although the

behaviour of simple windows can be simulated with other mechanisms. For example,

in OpenCQ (Liu et al., 1999) it is possible to define trigger-stop conditions on a standing

query, so that the query throws results only if the condition is met. These conditions may

include expressions comparing a value and a threshold (e.g. qty_on_hand + qty_on_order

< threshold) or periodic executions (e.g. 6:00 p.m. everyday). In NiagaraCQ (Chen et al.,

2000), queries may include timer-based execution parameters, meaning that the query is

fired with time-based conditions (e.g. every certain time interval, or a specific punctual

time). Another early alternative to windows can be found in Gigascope (Cranor et al.,

2003). Its query language GSQL relies on restrictions on blocking operators, so that

these must be constrained by non-decreasing ordered attributes.
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Beyond language expressiveness, DSMS’s research has worked heavily on scalability,

performance and query optimization. Hosting a large number of continuously running

queries efficiently requires several optimization techniques. For instance, NiagaraCQ

may scale to thousands of concurrent queries, thanks to incremental group optimiza-

tions based on query signatures. Aurora (Abadi et al., 2003), a worklow-based query

DSMS, and its successor Borealis (Abadi et al., 2005), includes monitor components that

compute statistics and evaluate QoS parameters. With this information it can apply

different types of optimizers at the local, neighborhood and global level, considering a

distributed streaming system environment.

TelegraphCQ (Chandrasekaran et al., 2003) adopts a heavily adaptive optimization

approach that includes Eddy routing operators that choose where to direct every input

tuple, based on a policy. The system allows querying over streams and tables, and relies

on windows for applying blocking operators such as joins, so that the unbounded nature

of the streams can be reduced in continuous evaluation.

The Stanford STREAM (Arasu et al., 2007) system also implements adaptivity at var-

ious levels, relying on a Profiler module that computes statistics and a Reoptimizer that

may change the query plans according to the current statistics and constraints.

Other optimization techniques are specific for some operators, such as user-defined

window aggregates in Stream Mill (Bai et al., 2006). Window aggregate queries can be

rewritten so that they can include explicit expiration policies that significantly reduce

the data to be processed. In the case of CAPE (Continuous Adaptive Query Process-

ing Engine) (Rundensteiner et al., 2004), it focuses on adaptivity in continuous query

processing at different levels. It uses adaptive operators such as PJoin that are mem-

ory efficient for join probing. It also relies on adaptive operator scheduling algorithms

that take into account QoS requirements at runtime. CAPE also considers plan migra-

tion strategies at runtime, which are chosen depending on several parameters including

selectivities, windows and data rates.

Finally, there have also been efforts for managing large massively parallel data

streams. StreamCloud (Gulisano et al., 2010) is a stream processing system for shared-

nothing clusters, which provides automatic paralellization of queries through a query

compiler. StreamCloud relies on an underlying DSMS (e.g. Borealis) and rewrites the

queries as parallel sub-queries, with load-balancers and input-mergers implemented as

conventional streaming operators (filter and union respectively).

Complex-Event Processors. These systems (CEP) emerged at the same time than

DSMS, and in many cases they overlap in terms of requirements and functionality. While
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many DSMS are also shipped as CEP, and the division is somewhat blurry, the focus

in the latter is on capturing events with more complex structures. On the other hand

streams are closer in structure to relational schemas and therefore the types of queries

and operators needed may differ. CEP also emphasizes on pattern matching in query

processing. This may include event order patterns, repetition of events over time, finding

sequences of events, etc. (Chandy et al., 2011).

As we saw in Section 2.1.2, CEP query languages include pattern expressions in

queries including precedence, conjunction and disjunction in a time interval and causal-

ity, among others. Rapide (Luckham and Vera, 1995) is an early example of such sys-

tems, and although meant primarily for event simulation, it presents some of the main

features of event processing in its definition language. Event processing languages such

as GEM (Mansouri-Samani and Sloman, 1997), allow defining complex events from ba-

sic ones through a series of operators. Basic events in GEM have a type, a timestamp,

a source (originator) and a set of data values. For instance, the following event of type

warning was generated by sensor1 at the indicated time and contains an attribute with

a text label and a value of −4.5.

warning "sensor1" [10:30 27/6/95]

(-4.5, "Temperature too low")

Time-based operators are commonly used for defining complex events. In GEM, for in-

stance, the next event expression represents an event occurring when an event A has its

timestamp in a given time interval.

A when ([10:00] < @A ) && ( @A < [12:00])

Complex events can be defined using other operators such as conjunction, disjunction,

precedence, causality, etc. These are present in more recent CEP, such as CEDR (Barga

et al., 2007), Cayuga (Brenna et al., 2007) or Tesla (Cugola and Margara, 2010). Most of

these CEP, including Cayuga, Tesla, DistCED, Sase and NextCEP, use non deterministic

automata for pattern detection and for representing the language semantics. For exam-

ple in Tesla, event definition rules are translated into automata models, and instances

of these models are produced during evaluation. Transitions that do not satisfy the rule

constraints are discarded, and only the automata instances that reach their final state

will match an existing event (Cugola and Margara, 2010).

Some of the previously mentioned systems: Aurora-Borealis, STREAM or TelegraphCQ,

have also been cataloged as CEP. Other, mostly commercial systems, are usually sold as
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CEP and include Oracle CEP1, Sybase CEP2, StreamBase3 and Esper4.

In the remainder of this thesis we will not insist on the differences between DSMS and

CEP, and use them as different technologies that provide query processing capabilities

for streaming data tuples or events. We will just make the distinction when there are

technical or particular features to consider or highlight.

Sensor Network Query Processing Systems. Sensor Networks are one of the main

sources of streaming data (Abadi et al., 2004). Sensor networks consist of multiple inter-

connected nodes that are able to sense and capture different kinds of data. It is evidently

necessary to provide means to query data collected by these networks.

While in DSMS and CEP data management and querying are usually centralized in

a query or event processor, sensor in-network processing distributes the query computa-

tion across different nodes. In the first case data is supposed to arrive to the system in

a known homogenized form while in the second, all nodes are configured to handle the

same type of data (e.g. in TinyDB, a single “sensors” table (Madden et al., 2005)).

In order to address these requirements, research has produced sensor network query

processing engines such as TinyDB5, COUGAR (Yao and Gehrke, 2002) and SNEE (Galpin

et al., 2009). These processors use declarative query languages for continuous data like

the ones we described earlier in this section. Declarative queries describe logically the

set of data that is to be collected, and leave to the engine to determine the algorithms

and plans that are needed to get the data from the different nodes of the sensor network.

These engines normally apply optimization techniques in order to efficiently gather the

data values from sensor nodes.

Sensor networks are characterized by strong resource limitations such as energy

consumption, computing power and storage capabilities. Architectures for query op-

timization in these constrained scenarios have surfaced (Galpin et al., 2008; Madden

et al., 2005), showing that even with such limitations it is still possible to use rich and

expressive declarative query languages.

For example, the SNEE system uses queries expressed in the SNEEql language that

are optimized for evaluation within a sensor network over acquisitional-streams by the

SNEE compiler. SNEE also enables query evaluation over event-streams either within

the sensor network (in-network query processing) or on computational hardware outside

1Oracle CEP:http://www.oracle.com/technetwork/middleware/complex-event-processing/overview
2Sybase CEP: http://www.sybase.com/products/financialservicessolutions/complex-event-processing
3StreamBase: http://www.streambase.com/
4Esper and Event Processing Language EPL: http://esper.codehaus.org/
5TinyDB Project: http://telegraph.cs.berkeley.edu/tinydb/
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the sensor network.

Sensor Data Middleware. Sensor data middleware is the software that mediates the

interactions between sensor networks and applications. Sensor query processing engines

as the ones previously mentioned are suited for managing queries at the local level, and

usually communicate through a gateway to a centralized or distributed middleware. In

this way, applications do not need to deal with the internals of network topologies or

other details, and focus on data-centric operations.

Centralized DSMS such as STREAM or TelegraphCQ may be used as the core of such

middleware, but may not scale out, having a single point of execution. Systems such as

Borealis circumvent this problem by introducing distributed query processing at the core

of its query engine (Abadi et al., 2005). However, this approach still requires previous

agreement on the data schemas.

Other proposals use Peer-to-Peer, hierarchical or other types of distributed data man-

agement, using heterogeneous schemas and formats, but relying on adapters, proxies or

wrappers for integration (Doan and Halevy, 2005; Gurgen et al., 2008). In these systems,

each node is responsible for managing and processing some of the sensor streams, usu-

ally due to geographical proximity. The distribution criteria may also obey load balanc-

ing principles, or or a hierarchical structure. Some of the queries may require processing

only in one of the nodes (local processing), for instance, when asking for the latest tem-

perature in a certain location. However, when it comes to integrating different sensor

streams, these systems interact through gateways or service interfaces.

The Open Geospatial Consortium Sensor Web Enablement (OGC-SWE) (Botts et al.,

2006) defines a set of XML data models for describing sensors and their data (see Sec-

tion 2.4), as well as a set of web services for publishing sensor data, locating data, and

receiving alerts. The SOS1 service main operations are listed below:

• GetCapabilities: provides metadata about the SOS service, including operations

available, filter capabilities (e.g. spatial, temporal, etc.) and observation offerings

(e.g. observation type, feature of interest, response format, etc.)

• DescribeSensor: provides metadata about the sensors

• GetObservation: provides data access to observations. The request may specify

filtering operations over the data (spatial, temporal, etc.).
1Sensor Observation Service: http://www.opengeospatial.org/standards/sos
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The OGC standards serve as a model that implementers can use as a base for in-

tegration and fusion of sensor data. A reference implementation of the framework was

developed in the SANY project (Schimak and Havlik, 2009). The framework can be seen

to provide support for relevant data source discovery and display information from dif-

ferent and diverse sensor data sources. However, data access patterns are limited by the

service interfaces and there is no support for declarative query languages. Data is pub-

lished according to their XML data models, which is not always possible with autonomous

data sources and there is support for non-mediated merging of sensor and stored data

but not for correlating it. Henson et al. (2009) have extended the sensor observation

service by semantically annotating the data.

Standardization of operations and specially of metadata and observation data is a

major improvement over earlier approaches based on XML-based schemas. For example

the agent-based IrisNet (Gibbons et al., 2003) system was based on XML for representing

sensor data and contextual metadata, and XPATH as a query language.

Other service oriented middleware, such as SStreamWare (Gurgen et al., 2008),

SenSer (Paulino and Santos, 2011) or Hourglass (Shneidman et al., 2004), expose mostly

filtering capabilities for retrieving observations. In Hourglass, every node may imple-

ment registry, orchestration (called circuits) and data producer interfaces. Through these

circuits, Hourglass allows defining workflows with XML files, but does not provide a rich

streaming query language as the ones we studied in section 2.1.2. SenSer provides a logi-

cal layer that allows collecting data from a sink, pipelining filter operators and archiving

data in a repository. A similar approach is followed in the OSGI-based1 SSstreaMWare,

which proposes a hierarchical structure of query processing nodes, according to their

geographical location. Queries, expressed in a SQL-like language, are evaluated by the

different nodes, communicating via web services.

SenseWrap (Evensen and Meling, 2009) uses the Zero configuration networking pro-

tocols (Zeroconf) to provide a lightweight service-oriented middleware for heterogeneous

sensors. This architecture focuses on sensor discovery through implementation of device-

specific DiscoverSensors components. Clients view the sensors through virtual services

that they can interact with using different protocol adapters (e.g. UDP HTTP, SOAP, etc.).

Global Sensor Networks (GSN) (Aberer et al., 2006) provides a peer-to-peer sensor

middleware that hides sensor deployment specificities behind the concept of virtual sen-

sors. Sensor proprietary formats, means of communication and data structures are hid-

den behind the virtual sensor abstractions, and require simple wrappers and configu-

1OSGi Alliance: http://www.osgi.org
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ration to be deployed in GSN. GSN peers can communicate with each other through

streaming web interfaces, creating virtual sensors that reuse data from other GSN

nodes. A Web Service interface and a REST API are also provided to pose queries to

the sensor data streams. An example of a URL query that requests wind speed val-

ues for the latest 10 minutes is given in Listing 2.1.3 (assuming the current time is

15/09/2011-15:00:00).

http://montblanc.slf.ch:22001/multidata?vs[0]=wind_sensor

&field[0]=wind_speed

&from=15/09/2011+05:00:00

&to=15/09/2011+15:00:00

In this example the GSN server (montblanc.slf.ch:22001) exposes a virtual sensor named

wind_sensor whose values are fed to the GSN system through some data adapter. This

URL query is equivalent to the previous ones except that the time window has to be set

explicitly. It is also possible to define a query as continuous and set sliding windows,

but only through configuration. More complex queries can be built using these URLs,

including selection constraints or joins with other sensors and stored tables.

As a summary, we provide in Table 2.2, a comparison of some of the main DSMS,

CEP and sensor middleware discussed previously. We emphasize the salient features of

each one, although it is not an exhaustive list. Note that there are solutions for dealing

with generic streaming data, most notably DSMS, and that for specific event-based and

query-pattern requirements, CEPs are well suited. However most recent commercial

products blend these two into comprehensive solutions, usually integrated with existing

stored database systems. In some cases, particularly for sensor networks, in-network

query processing is suitable for providing high-level abstractions for controlling the data

acquisition processes (e.g. rates, delay, etc.).

On the other end, access to clients is commonly provided through middleware service-

oriented solutions, where concerns of standardization, discovery and distribution are

some of the main challenges. In brief, access to streaming and sensor data is still hidden

by layers of heterogeneous services, data models, schemas and query languages for users

and applications.

2.2 Ontology-based Access to Relational Data Sources

The goal of ontology-based data access is to generate semantic content from existing rela-

tional data sources (Sahoo et al., 2009). There is a considerably large amount of work in
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Table 2.2: Comparative tables of DSMS, CEP and streaming sensor middleware.
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this area, as most stored data in the web is currently preserved in relational databases,

and as some data integration approaches are based on the existence of ontologies.

In this section, we discuss the main challenges and approaches for ontology-based

data access, including data generation and querying, establishment of mappings, and

different implementations.

2.2.1 Data Generation and Querying

Ontologies can be specified in different languages and standards including OWL or RDFS,

depending on the expressiveness needed or the required complexity of reasoning tasks.

Regardless of these considerations, RDF1 is widely used as a general modelling stan-

dard for encoding semantic data, in its diverse serialization formats (including RDF-XML,

TURTLE, etc.). Hence, systems producing RDF data from relational databases are often

labeled as RDB2RDF tools or frameworks.

Research on the subject has produced many approaches to building such systems.

We highlight two main alternatives: the virtualization and materialization approaches

(Ibrahim et al., 2005). In the virtualization approach queries are posed over an onto-

logical schema and a mediator component identifies the sources that will be needed to

produce the answer. Then a series of appropriate sub-queries are automatically created

for these sources (typically in SQL) and evaluated. The results of each of these queries

are retrieved, post-processed and transformed to the mediated schema and returned

to the caller application. The objective of these systems is to allow users to construct

queries over an ontology (e.g. in SPARQL, see Section 4.3.1), hiding the data structure

and internal details of the underlying data source.

This alternative allows answering queries on demand, even if the update rate of data

is high and the queries are potentially arbitrary. As the queries are rewritten dynami-

cally for each of the sources, it is possible to retrieve any portion of data exposed through

the mediated schema. However, the transformations on the queries and the processing

of the data from the sources to the mediated schema may be complex and incur in per-

formance issues. Another potential problem is data source availability, as the queries

are performed live; if the source is unreachable then the queries may not be able to be

completed. Even if the source is available, latency caused by networking or connection

problems may increase the query response time to unacceptable situations.

1Resource Description Framework: http://www.w3.org/RDF/
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The materialization approach differs from the virtualized one in that it extracts

and transforms the data from the sources in bulk-load mode, instead of performing on-

the-fly conversions each time a query is being executed. Instead, relevant data is first

identified, and extracted from the multiple data sources in a batch process operation,

similar to an ETL process (Extract-Transform-Load). The extracted and transformed

data is then stored in a data store or warehouse where it can be accessed by the external

applications. The data can be updated periodically depending on the requirements. Un-

der this approach, the time consumed in retrieving the data from the sources is moved to

the off-line phase of updating the centralized data warehouse. Therefore when the exter-

nal applications query the system, results can be accessed almost immediately. However

the data may be stale in occasions, and it may not be possible to access all possible pieces

of data, as the warehouse only stores selected materialized views of the original sources.

In both approaches, a mediator component is introduced as a major feature of the

integration architecture. For virtualization, this mediator is in charge of transforming

the original query into sub-queries for the sources and then transforming the results

back to the mediated schema. In materialization approaches, the mediator is in charge

of data transformation. These processes are performed thanks to mapping definitions

that establish relationships between the mediated and source schemas.

2.2.2 Mappings for RDB2RDF

Regardless of the choice of virtualization or materialization approaches, these systems

require rules (or mappings) that relate the original and target data models. These map-

pings describe the equivalences between terms in the relational schema and terms in

the ontology. They are normally encoded as rule expressions, or as part of mapping

languages especially devised for this purpose, although in some cases they are use-case

specific or directly hard-coded in a wrapper or adapter. We will focus on the first case,

considering the need for declarative mapping definitions that can be reused, shared and

interpreted by different engines and applications.

From an abstract point of view, there are three main alternatives for defining these

mappings (Ibrahim et al., 2005; Lenzerini, 2002): Global-as-view (GAV), Local-as-view

(LAV) and a combination of both, GLAV. In the LAV approach, each of the source schemas

is represented as a view in terms of the global schema. Consider a system I represented
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as:

I =<G,S, M >

Where G is the global schema, S is a source schema and M is the mapping between G

and S, then the mapping assertions in M will be a set of elements of the form:

s → qG

Where s is an element of S and qG is a query over the global schema G. This approach

is useful if the global schema is well established and if the sources suffer modifications

constantly. Notice that changes in the sources do not affect the global schema. However,

the query processing is not obvious, as it is not explicitly stated how to obtain the data

in the mapping definition. Query rewriting techniques such as query answering using

views can be used in this approach (Halevy, 2001). Examples of LAV based works are

DWQ (Calvanese et al., 1998), InfoMaster (Genesereth et al., 1997), Information Mani-

fold (Levy, 1998) and PICSEL (Goasdoué et al., 2000), among others.

The other approach, GAV, defines the mappings in the opposite way. The global

schema elements are represented as views over the source schemas. The mapping def-

inition explicitly defines how to query the sources to obtain the desired information in

terms of the global schema. Following the system representation I =< G,S, M >, in the

GAV approach the mapping assertions are elements of the form:

g → qS

Where g is an element of the global schema G and is expressed as a view qS, a query on

the source schema. The advantage is that the mapping itself already indicates how to

query the sources to obtain the data, so the processor can directly use this information

to perform the query rewriting. The main disadvantage is that in case of changes or

additions on the sources -e.g. a new source is added- then the global schema may suffer

changes and this may affect other mapping definitions. Examples of GAV based works

are SIMS (Arens et al., 1993), TSIMMIS (Garcia-Molina et al., 1997), Carnot (Huhns

et al., 1993), Gestalt (Ramakrishnan and Silberschatz, 1998), MOMIS (Beneventano

et al., 2007), IBIS (Calì et al., 2003a), or DIS@DIS(Calì et al., 2003b).

For the sake of completeness we can mention the GLAV (Global-Local-as-view) ap-
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proach, which is a generalization of the previous two. This formalism allows more ex-

pressive mappings than LAV and GAV combined, and it has been shown to reach the

limits of tractability of these description languages (Friedman et al., 1999).

R2RML Mapping Language. Concrete implementations of mappings have been pro-

posed in the community, enabling the description of RDF triples from relational databases.

Even though some of these efforts met a certain degree of usage, they all had their own

format and features. The need for a common standard prompted the W3C RDB2RDF

Working Group1 to define the R2RML2 language for describing mappings from a rela-

tional database to RDF graphs. R2RML allows creating custom mappings that take one,

several or all tables from a database, or even logical tables represented as SQL queries

as an input. From this logical table, a triple mapping (TriplesMap) in R2RML generates

triples with a subject defined by a SubjectMap. This SubjectMap defines how the URI

of the subject is generated (e.g. a constant value, with a template applied to a table

column, etc.). Then the predicate and object of the triples are defined by one or more

PredicateObjectMap elements.

For example, the following R2RML TriplesMap defines how triples can be produced

from a sensors relational table3. The table name is specified using the rr:logicalTable

property, although we could use a view with a SQL statement instead. This mapping has

a SubjectMap (identified as :sensorSubject) and two PredicateObjectMaps (:identifierPO

and locationPO).

:sensorsMap a rr:TriplesMap;

rr:logicalTable [rr:tableName "sensors"];

rr:subjectMap :sensorSubject;

rr:predicateObjectMap :identifierPO;

rr:predicateObjectMap :locationPO.

:sensorSubject a rr:SubjectMap;

rr:template "http://semsorgrid4env.eu/ns#data/sensor/id/{sensorid}";

rr:class ssn:Sensor.

Therefore for each tuple of sensors, all corresponding triples will be created with a

subject defined by the SubjectMap rr:template. It will form a URI by substituting the

sensorid column value into the string template. A special triple will be generated with

the rdf:type property and the fixed ssn:Sensor as object. In addition, for each tuple, two

more triples will be generated, one per PredicateObjectMap. These definitions are given

1http://www.w3.org/2001/sw/rdb2rdf/
2W3C Recommendation R2RML: www.w3.org/TR/r2rml
3We use RDF abbreviated namespaces for brevity.
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below. For example, for the first PredicateObjectMap, the triple predicate is fixed as

dc:identifier and the object will be the value of the sensorname column of the sensors

table.

:identifierPO a rr:PredicateObjectMap;

rr:predicateMap [ rr:predicate dc:identifier ];

rr:objectMap [ rr:column "sensorname" ].

:locationPO a rr:PredicateObjectMap;

rr:predicateMap [ rr:predicate dul:hasLocation ];

rr:objectMap [ rr:object dbpedia:Davos ].

2.2.3 RDB2RDF Implementations

Several systems exist to provide ontology-based access to stored data, mainly in the

form of relational databases, as described in Sahoo et al. (2009). A simple approach

is to first generate a syntactical translation of the database schema to an ontological

representation. Although the resulting ontology has no real semantics, it may be argued

that this is a first step to create an intermediate ontology model and could later be

mapped to a real domain ontology (Lubyte and Tessaris, 2009). SquirrelRDF (Seaborne

et al., 2007) takes this approach through a direct mapping of the relational database

schema. This mapping is generated using the table names, columns and keys so that

when the RDF is produced, SPARQL queries can be executed against the new repository.

Other approaches use not only the schema but also the data to generate a target ontology,

as in RDBToOnto (Cerbah, 2008), although it lacks a query mechanism to the database

data. Relational.OWL (Pérez de Laborda and Conrad, 2006) also builds a direct-mapped

ontology from the database schema, but in a second step maps it to a mediated ontology

using SPARQL.

Direct mapping proposals such as the one proposed by the W3C RDB2RDF working

group1 are examples of this approach, which yields automatic and immediate transfor-

mation to RDF. This type of mappings has been further studied in (Sequeda et al., 2012),

in particular the information and query preservation properties of mappings. Direct

mappings provide a default transformation mechanism from a relational database to

RDF, without needing to explicitly define mapping rules. The query preservation prop-

erty of the proposed direct mapping is related to the ability to translate every query over

the database to a query over the mapping result. In addition, the information preser-

vation property guarantees that the database can be reconstructed from the mapping

1W3C RDB2RDF Direct Mapping: http://www.w3.org/2001/sw/rdb2rdf/directMapping/
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result.

Although automatic generation of ontologies and mappings can be useful in simple

scenarios, for complex ones it is a limited approach. User expert knowledge may be-

come necessary for complex mapping definitions, but it is also necessary to provide well

defined languages that express those mappings.

Some approaches rely on configuration files that serve as GAV mappings, where the

relational data is extracted using SQL query expressions. The SPASQL implementa-

tion (Prud’hommeaux, 2007) is one example of such systems, in this case limited to the

MySQL DBMS. Triplify (Auer et al., 2009) also uses SQL views but relies on certain

conventions to generate RDF data: e.g. a column is intended to represent an instance

URI, column names of the views are used to generate the predicate URIs, view cells

must contain data values or references to entities in a view, etc. In Virtuoso (Erling

and Mikhailov, 2007), the mappings are given by a meta-schema based on Quad Map

Patterns that defines transformations from relational columns into triples.

Other RDB2RDF tools include the D2R platform (Bizer and Cyganiak, 2007), whose

mapping language is D2RQ. Similar features are provided by the commercial tool Spy-

der1, which adds parallel processing, high speed results transfer and wider support for

database platforms and formats. The R2O language (Barrasa et al., 2004), used by the

ODEMapster system differs from most other systems in that it does not use SQL for defin-

ing views, but provides its own set of declarative constructs independently of DBMS-

specific dialects. This system has evolved into Morph, one of the early implementors of

R2RML and its set of test cases2. Some of these systems have been lately adapted to

support R2RML, given its W3C recommendation status. In fact, many of these previous

efforts were used by the W3C RDB2RDF group to design R2RML.

Finally, besides simple RDB2RDF generation and querying, there are also some ap-

proaches that on reasoning for ontology-based data access. MASTRO (Poggi et al., 2008)

is a description logic reasoner for ontologies whose data is accessed through mappings

in an external source. The reasoner works over the DL-LiteA language, a fragment of

OWL-DL, and the mappings are specified through assertions that include SQL queries

over the database. Query rewriting techniques have also been studied to exploit SPARQL

queries, having a database for storage. These exploit an ontology TBox to rewrite an

initial query as union of conjunctive queries, using saturation-based algorithms (Cal-

vanese et al., 2005). Optimizations aiming at reducing the number of rewritten queries

1Revelytix Spyder: http://www.revelytix.com/content/spyder
2RDB2RDF Implementation report: http://www.w3.org/2001/sw/rdb2rdf/implementation-report/
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have also been produced (Pérez-Urbina et al., 2009), but these fall out of the scope of our

work. Along this line, Presto (Rosati and Almatelli, 2010) addresses the problem of query

rewriting on DL-LiteR , i.e. not including expressions of the form ∃R.B, what makes the

search for most-general subsumees computationally tractable. Prexto (Rosati, 2012) adds

extensional constraints into consideration, reducing the size of the rewritten query using

concept and role disjointness assertions as well as role functionality assertions.

None of these approaches has applied ontology-based access to data streams using

RDB2RDF mappings.

2.3 Extensions for RDF Stream Querying

The streaming data query languages and systems proposed and implemented in the last

years are to a large extent based on relational models and languages. Therefore they

are concerned with the same problems in terms of heterogeneity and lack of explicit

semantics that enable advanced querying and reasoning.

In this section we discuss the main proposals for extending SPARQL-the W3C recom-

mendation for querying RDF- to query data streams, and also some of the principles for

publishing sensor data as Linked Data, which is a widespread method for RDF publish-

ing on the Web.

2.3.1 SPARQL Extensions for Streams

Streaming data extensions for SPARQL include operators such as windows, the ability to

deal with RDF streams, and the possibility of declaring continuous queries.

Early approaches such as τSPARQL (Tappolet and Bernstein, 2009), TA-SPARQL (Ro-

dríguez et al., 2009) and stSPARQL (Koubarakis and Kyzirakos, 2010) used RDF as a

data model, extended with time annotations. The time-related metadata in these ap-

proaches is associated to a named graph, and indexed so that time-based queries can

be posed to the dataset. Temporal entailment and the notion of temporal RDF graphs is

mostly based on the work of Gutierrez et al. (2007). These approaches, however, do not

target continuous query processing but focus on time-based queries provided as SPARQL

extensions, compatible with a traditional stored RDF model.

Subsequent extensions, oriented towards streaming processing, introduce the con-

cept of stream graphs, which act like normal graphs but, because they hold timestamped

triples, window operators can be applied to them. Streaming SPARQL (Bolles et al., 2008),

34



2.3. Extensions for RDF Stream Querying

C-SPARQL (Barbieri and Della Valle, 2010) and CQELS (Le-Phuoc et al., 2011a) incorpo-

rate this idea, although with some differences in syntax and semantics, as we will see

later.

The extended grammar of Streaming SPARQL basically consists in adding the capabil-

ity of defining windows (time or triple-based) over RDF stream triples. While Streaming

SPARQL modifies the original semantics of SPARQL making it time-aware, C-SPARQL and

CQELS rely on the existing mapping-based semantics of SPARQL, but add the specific def-

initions for windows (analogous to CQL for the relational streams). The minor syntactic

differences can be seen in the following examples. For Streaming SPARQL, Listing 2.1

obtains the sensor temperature values sensed in the latest 10 minutes, every minute.

PREFIX fire:<http://www.semsorgrid4env.eu/ontologies/fireDetection#>

SELECT ?sensor ?temperature

FROM STREAM <http://semsorgrid4env.eu/data/Sensors.rdf>

WINDOW RANGE 10 MINUTE SLIDE 1 MINUTE

WHERE {

?sensor fire:hasTemperatureMeasurement ?temperature .

}

Listing 2.1: Streaming SPARQL query retieving the latest 10 minutes of temperature values.

Notice that the stream is explicitly stated using the STREAM keyword, and windows are

defined in the FROM construct, using the WINDOW keyword. The SLIDE parameter can be

specified to indicate the frequency of the window creation.

C-SPARQL operators, apart from windows, include aggregate functions, and also allow

combining static and streaming knowledge and multiple streams. The following example

of a C-SPARQL query in Listing 2.2 obtains the temperature average of the values sensed

in the last 10 minutes:

REGISTER QUERY AvergaeTempreature AS

PREFIX fire:<http://www.semsorgrid4env.eu/ontologies/fireDetection#>

SELECT DISTINCT ?sensor ?average

FROM STREAM <http://semsorgrid4env.eu/data/temperatures.trdf> [RANGE 10m STEP 1m]

WHERE {

?sensor fire:hasTemperatureMeasurement ?temperature .

}

AGGREGATE {(?average, AVG, {?temperature})}

Listing 2.2: C-SPARQL query retrieving the latest 10 minutes of temperature average values.
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In a first version, C-SPARQL aggregates followed their own syntax and an additive-

based semantics, which was different from the summarization aggregates of SQL (Barbi-

eri and Della Valle, 2010). In later years C-SPARQL renounced to this paradigm and has

aligned to SPARQL 1.1, mainly for compatibility reasons, as we can see in Listing 2.3.

SELECT ?sensor

MAX(?temperature) as ?avgTemperature

FROM STREAM <http://semsorgrid4env.eu/data/temperatures.trdf> [RANGE 30m STEP 5m]

WHERE {

?sensor fire:hasTemperatureMeasurement ?temperature .

}

GROUP BY { ?sensor }

Listing 2.3: C-SPARQL query retrieving the maximum temperature in the latest 30 minutes.

CQELS implements a native RDF stream query engine from scratch, not relying on a

DSMS or CEP for managing the streams internally. The focus of this implementation is

on the adaptivity of streaming query operators and their ability to efficiently combine

streaming and stored data.

SELECT ?locName ?locDesc

FROM NAMED <http://deri.org/floorplan/>

WHERE {

STREAM<http://deri.org/streams/rfid> [NOW]

{?person lv:detectedAt ?loc}

GRAPH <http://deri.org/floorplan/>

{?loc lv:name ?locName.

?loc lv:desc ?locDesc }

?person foaf:name ’’$Name$’’.

}

Listing 2.4: CQELS query retrieving the maximum temperature in the latest 30 minutes.

While the previous extensions to SPARQL were focused on windows and RDF streams,

EP-SPARQL (Anicic et al., 2011) adopts a different perspective, oriented to complex pat-

tern processing. Following the principles of complex event processing, EP-SPARQL ex-

tensions include sequencing and simultaneity operators. The SEQ operator intuitively

denotes that two graph patterns are joined if one occurs after the other. The EQUALS oper-

ator between two patterns indicates that they are joined if they occur at the same time.

The optional version of these operators, OPTIONALSEQ and EQUALSOPTIONAL, are also provided.

As an example, the query in Listing 2.5 obtains the companies with more than 50 percent

drop in stock price, and the rating agency, if it previously downrated it.
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SELECT ?company ?ratingagency

WHERE {

?company downratedby ?ratingagency

}

OPTIONALSEQ {

{ ?company hasStockPrice ?price1 }

SEQ { ?company hasStockPrice ?price2 }

}

FILTER (?price2 < ?price1 * 0.5)

Listing 2.5: EP-SPARQL sequence pattern example query.

Although EP-SPARQL lacks window operators, a similar behavior can be obtained by

using filters with special time constraints.

Other recent approaches focused on event processing based on the Rete algorithm for

pattern matching include Sparkwave (Komazec et al., 2012) and Instans (Rinne et al.,

2012). However, Sparkwave requires a fixed RDF schema. Instans adds SPARQL update

support to its features, but does not include windows on its query language because it

claims that they may lead to inconsistent results (duplicates, missing triples because

they fall outside of a window). This is not usually the case, as triples are normally not

assumed to represent events on their own.

2.3.2 Publishing Data Streams as Linked Data

In addition to querying RDF streams using SPARQL extensions, several systems have

been devised to provide access to data streams on the Web in the form of Linked Data.

The principles for publishing Linked Data provide simple guidelines for this task, namely

(i) Use URIs as names for things, (ii) Use HTTP URIs to enable lookups, (iii) Provide useful

information (RDF) when dereferencig URIs, (iv) Include links to other URIs (Berners-Lee,

2006).

In particular, we focus on sensor data publication in this section, as a specific type of

streaming data. Early approaches, including the architectures described in (Lewis et al.,

2006) and (Huang and Javed, 2008), rely on bulk-import operations that transform the

sensor data into an RDF representation that can be queried using SPARQL in memory,

lacking scalability and real-time querying capabilities.

In (Wei and Barnaghi, 2009) the authors describe preliminary work about annotat-
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ing sensor data with RDF, using rules to deduce new knowledge. Semantic annotations

are also considered for the specific task of adding new sensors to observation services

in (Bröring et al., 2009). This work points out the challenges of dynamically registering

sensors, including grounding features to defined entities, to temporal, spatial context.

In (Jeung et al., 2010), the authors describe a metadata management framework based

on Semantic Wiki technology to store distributed sensor metadata. The metadata is

available through SPARQL to external services, including the system’s sensor data en-

gine GSN, that uses this interface to compute distributed joins of data and metadata on

its queries.

In (Babitski et al., 2009) a semantic annotation and integration architecture for

OGC-compliant sensor services is presented. The approach follows the OGC-sensor Web

enablement initiative, and exploits semantic discovery of sensor services using annota-

tions. In (Henson et al., 2009) an SOS service with semantic annotations on sensor data

is defined. The approach consists in adding annotations, i.e. embed terminology form an

ontology in the XML O&M and SensorML documents of OGC SWE, using either XLink

or the SWE swe:definition attribute for that purpose. In a different approach, the frame-

work presented in (Le-Phuoc et al., 2010) provides sensor data readings annotated with

metadata from the Linked Data Cloud.

While all these systems allow publishing sensor data on the web, they either lack

streaming capabilities in their query languages or service interfaces, or provide little

or no explicit semantics in the data, as in the RDF and SPARQL extensions we saw in

Section 2.3.1.

2.4 Sensor Ontology Modeling

Ontologies provide a formal, usable and extensible model that is suitable for represent-

ing information, in our case sensor data, at different levels of abstraction and with rich

semantic descriptions that can be used for searching and reasoning (Corcho and García-

Castro, 2010). Moreover in a highly heterogeneous setting, using standards and widely

adopted vocabularies facilitates the tasks of publishing, searching and sharing the data.

In the previous sections we explored the challenges of querying and managing sen-

sor data, and how semantics can be used to enrich this type of data, as well as allowing

interoperability and reasoning to varying extents. In all cases, it is necessary to provide

semantic models and vocabularies for this type of data. In this section we explore some of

the most relevant works related to the use of ontologies for modeling sensor devices, sys-
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tems, platforms, capabilities, metadata, measurements, observations and other related

concepts.

2.4.1 Ontologies for Sensor Data and Metadata

The task of modeling sensor data and metadata with ontologies has been addressed by

in recent years, and several sensor ontologies have been proposed, some of them focused

on sensor descriptions, and others in sensor measurements (Compton et al., 2009a).

Sensor metadata is typically static -i.e. it seldom changes over time- and includes

information such as sensor types, descriptions, procedures, technical capabilities, value

ranges, etc. This semantic metadata can be used for several purposes, including en-

riched search, discovery of datasets, or sensor configuration. On the other hand sensor

observation data is characterized by higher data volumes and continuous updates, and

includes the values captured by the sensors, for a certain feature.

Early ontology proposals for describing wireless sensors were presented in (Avancha

et al., 2004; Eid et al., 2007) and others, as summarized in Compton et al. (2009a). How-

ever in these approaches the focus was on sensor meta information, while the description

of observation was overlooked. Besides, some of these approaches lack ontology design

best practices of reuse and alignment with standards and reference ontologies. Newer

models, including the OntoSensor ontology (Russomanno et al., 2005), are based on the

concepts defined in the OGC1 SensorML2 standard as a basis. The OGC has led a task-

force for standardizing sensor metadata, although focused on a syntactic representation

that lacks eplicitly stated semantics. The sensor description classes and properties of

OntoSensor, include the concepts of Sensor, Sensor Capabilities, Platform, Observable

and Measurand. It also has extensions to the SUMO upper ontology, and service exten-

sions have been proposed for it (Kim et al., 2008). It is one of most complete ontologies in

terms of coverage of sensor metadata, but it does not take into account observation data,

not even following the OGC Observations and Measurements (O&M) standard3. Similar

proposals such as the SWAMO ontology (Witt et al., 2008), which is also focused on the

description of sensors, are based on the concepts defined in the OGC SensorML standard.

A more recent proposal of (Barnaghi et al., 2009), proposes extending ontology models

to also represent observations captured by sensor networks, following the OGC Obser-

vations and Measurements (O&M) standard. The ontology also covers features of sensor

1Open Geospatial Consortium www.opengeospatial.org/
2SensorML: http://www.opengeospatial.org/standards/sensorml
3OGC Observations & Measurements: http://www.opengeospatial.org/standards/om
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nodes such as power supply, operation modes and typical values. However it does not

include deployment or configuration concepts, and moreover it does not follow the design

principles of modularization and reuse of existing vocabularies.

In (Eid et al., 2007) the authors describe the sensor data and hierarchy ontology

SDO, which is divided in different interlinked modules, is defined as an extension to

the SUMO ontology1. Extensions to such upper level ontologies are interesting form

the point of view of integration with other vocabularies and potential reuse. The MMI

(Marine Metadata Interoperability) device ontology2 is another initiative to model sen-

sor devices, and although centered on the marine domain can be used in other contexts.

Even though it has been mapped to other RDF vocabularies in the MMI community, it

lacks modeling for data and observations.

The CSIRO sensor ontology is presented in (Compton et al., 2009b), and apart from

sensor descriptions and properties, includes the ability to represent sensor composition

and components, making it it possible to represent virtual sensors as well. However,

data and observations concepts are not fully detailed in the ontology. These ontologies

have also been used to define and specify complex events and actions that run on an

event processing engine (Taylor and Leidinger, 2011).

These and other ontologies are reviewed in (Compton et al., 2009a). The evaluation

covers the ability to describe: sensor types and hierarchies, sensor data and measure-

ments, sensor systems, composition and structure, etc., and identifies shortcomings in all

ontologies, particularly regarding the ability to describe configurations, response models

or operating conditions to a satisfying level.

2.4.2 The SSN Ontology

Based on all these previous approaches , and through the W3C SSN-XG group3, the se-

mantic web and sensor network communities have made an effort to provide a domain

independent ontology, generic enough to adapt to different use-cases, and compatible

with the OGC standards at the sensor level (SensorML) and observation level (O&M).

The result, the SSN ontology (Compton et al., 2012), is based on the stimulus-sensor-

observation design pattern (Janowicz and Compton, 2010) and the OGC standards. The

SSN ontology is aligned to the upper level DOLCE Ultra Lite ontology, to enhance com-

patibility and matching with other existing ontologies, and as a W3C group initiative,

1SUMO ontology here
2https://marinemetadata.org/community/teams/ontdevices
3www.w3.org/2005/Incubator/ssn
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has followed a collaborative development process.

The SSN ontology (see Figure 2.7) can be used to describe sensors, and how they func-

tion and process the external stimuli. Besides, it can be centered on the observed data,

and its associated metadata, or in the systems and platforms of a sensing deployment.

These different perspectives are reflected in the SSN modules. The core Skeleton module

includes concepts used in almost every use-case, such as sensors, the observations that

they produce, including observed properties of certain features of interest.

The Data module is focused on the data values recorded by the sensors, while the De-

vice and Measuring Capability modules deal with technical device properties. Form the

point of view of the Deployment and System modules, we get a view of the organization

and composition of sensors and devices. Depending on the use-case and requirements,

some of these modules may be needed and others may not, but in general the Skeleton

concepts are used in most applications (Compton et al., 2012).

Figure 2.7: SSN ontology main classes and modules.

As an example, consider a wind-monitor sensor in a weather station deployed at a

field site. The sensor is capable of measuring the wind speed on its specific location.

Suppose that another sensor attached at the same station reports air temperature every

10 minutes. Using the SSN ontology we can represent both as instances of ssn:Sensor1,

1We use URI prefixes in the inline text for clarity, e.g. ssn.
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each with a different URI (Listing 2.6). Using the ssn:onPlatform property we can link

each sensor to a weather station platform, e.g. Wannengrat7 platform, where both are

installed. The platform is geo-spatially located, using the WGS84 vocabulary1. In the

example, the location coordinates (latitude and longitude) of the platform are provided,

as a geographical point. We can also include other information such as a responsible

person, initial date of the deployment, etc.

swissex:sensorWind1

rdf:type ssn:Sensor;

ssn:onPlatform swissex:platformWannengrat7;

ssn:observes cf-property:wind_speed.

swissex:sensorTemp1

rdf:type ssn:Sensor;

ssn:onPlatform swissex:platformWannengrat7;

ssn:observes cf-property:air_temperature.

swissex:platformWannengrat7

ngeo:hasGeometry [ rdf:type wgs84:Point;

wgs84:lat "46.8037166";

wgs84:long "9.7780305" ]].

Listing 2.6: Representation of sensors on a platform station and its location using the SSN

ontology

Finally, in the example we use the ssn:observes property to indicate the type of ob-

served property. Because the SSN ontology is domain-independent, the actual values

of the observed property are to be taken from specific vocabularies, such as the Cli-

mate & Forecast properties ontology2 in this case. Thus, for the wind sensor we use the

cf:property:wind_speed term to represent the wind speed observed property.

In terms of the SSN ontology both the wind and temperature measurements can be

seen as observations, each of them with a different feature of interest (wind and air),

and each referring to a different property (speed and temperature). In the SSN ontology,

instances of the Observation class represent such observations, and are linked to a cer-

tain feature instance through a featureOfInterest property (see Figure 2.7). Similarly the

observedProperty links to an instance of a property, such as speed. Evidently more infor-

mation about the observation can be recorded, including units, accuracy, noise, failures,

etc. Notice that the process of ontology modeling requires reuse and combination of the

SSN ontology and domain-specific ontologies.

1Basic Geo WGS84 Vocabulary: http://www.w3.org/2003/01/geo/
2Climate & Forecast property ontology: www.w3.org/2005/Incubator/ssn/ssnx/cf/cf-property.html
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2.5 Sensor Data Approximation and Classification

As a final section for this state of the art, we focus on the different existing techniques for

data processing that are used as a basis for more advanced tasks such as data analysis,

efficient storage, and pattern mining. Raw data captured by sensors may be useless un-

less it is placed in context, and usually requires pre-processing before being published or

being available for querying. We address two main tasks in this section: approximation

and compression of raw data, and classification of sensor data.

The former is a basic task used for efficient data storage and for generating a compact

representation for further processing. It is relevant because it provides more useful

representation for the data to be published as RDF or made available through SPARQL

queries. The latter is a key task for identifying relevant metadata and make sense out

of, otherwise useless, raw values.

2.5.1 Data Approximation and Compression

Sensor data is typically represented as time series, which are usually too large to be pro-

cessed by analysis, mining and classification algorithms. There are a number of methods

for sensor data approximation, that can be used to extract relevant features, patterns or

for data compression. High level representations reduce the dimensionality of the data,

in order to reduce the complexity of indexing and comparison algorithms, using different

techniques.

In general, data compression aims at representing raw data values as a set of func-

tions (Sathe et al., 2012). A raw data values series D = {d1, ...,dn} can be split into a

sequence of sub-series D i = {d1i , ...dki }, where each data point is a tuple (t,v), with t

representing time and v the measured value. The approximation is given by F = { f i |
f i approximates D i}, i.e. a set of functions, each of which approximates a sub-series D i.

The approximation is usually associated to an error calculated with respect to the

raw data. This error is expected to be minimized by the compression algorithms. Ap-

proximations are useful for different purposes, for example efficient storage, avoiding

storing all data values but only the function parameters instead. It is also useful for

data analysis algorithms, which would not be computationally feasible for very large

amounts of raw data.

We will now see the most common techniques for approximating time series, includ-

ing segmentation, linear approximations, symbolization, and others.
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Time Series Segmentation. One of the simplest functions for data approximation is

linear segmentation. The original series D is represented as a sequence of segments,

each representing a sub-series D i as a linear function ax+b. However simple this tech-

nique may look like, there exist many alternative approaches for segmenting the original

series, such that the approximation error is minimized.

Time series segmentation may follow four main approaches (Keogh et al., 2004):

• Top-down: It recursively divides the series in two segments, until all segments are

approximated within a given maximum error boundary.

• Bottom-up: Basic segments are created initially, and then the contiguous segments

are merged if their fusion increases the error the least. These segments are merged

until no segment merge is possible without reaching a maximum error boundary.

• Sliding window: A segment grows until it reaches some error boundary. Then, for

the next data values existing after the new segment, the same process is repeated.

Each of this non-overlapping sets of points constitutes a window.

• Bottom-up window: A combination of the bottom-up approach and the sliding win-

dow approach. It performs the bottom-up algorithm within a buffer of preset size.

Hence it does not require the whole dataset offline for computation.

Linear Approximations. Piecewise linear approximations have been widely used as

time series representation, because of the simplicity of computation, while preserving

acceptable error margins. The simplest linear representation uses constant segments

for representing a subset of data points.

For instance in Figure 2.8, we use PAA (Keogh et al., 2001) constant segments to rep-

resent the original data (e.g. the average of the points in that interval). We show how the

original data series can be approximated with constant segments, with different num-

ber of segments. Obviously, if we use more segments, the series is better approximated,

but we require to store more information. These techniques (PCA (Keogh et al., 2004),

APCA (Chakrabarti et al., 2002), etc.) are useful for data compression but do not tell us

much about the trends in sensor data, e.g. if it has sudden peaks or other interesting

variations in the series.

Alternatively if we approximate using linear segments (Piecewise Linear Represen-

tation, PLR), we can already see the trends of the time series by observing the angles

that they form. For instance the series in Figure 2.9, uses 2 segments to represent the

original 10 data points. Notice that the number of points for a segment can be variable

44



2.5. Sensor Data Approximation and Classification

Figure 2.8: Constant piecewise approximation.

(adaptive approximations). Algorithms such as (Keogh et al., 2004; Keogh and Smyth,

1997) have been devised for this purpose.

Figure 2.9: Piecewise linear approximation.

Generally simple to compute, either in batch mode and online using sliding window

algorithms, these methods offer accurate approximations of the original data. These rep-

resentations have been widely used for tasks including similarity search, fuzzy queries,

dynamic time warping, clustering and classification (Keogh et al., 2004).

Symbolization. While the mentioned approximations reduce dimensionality, some ap-

proaches introduce a further step that consists in symbolization of the time series. These

techniques, such as SAX (Lin et al., 2007), have shown to be space and time efficient for

indexing, classification and clustering, and also for additional tasks such as motif dis-
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covery and visualization (Kasetty et al., 2008). After applying a PAA constant approxi-

mation over the original time series, SAX divides the amplitude space in sections, and

assigns a symbol to each one. The division is made such that the probability of a data

point being assigned to any symbol is the same. These symbolizations can be used to

compute distance measures that help in classification and clustering tasks (Lin et al.,

2007). Other works have considered also the slopes of linear approximations such as the

STS distance (Möller-Levet et al., 2003) for clustering time series.

Alternative Approximation Techniques. Other alternative and/or complementary

approaches have been proposed in the literature, and although we mention them briefly,

a more detailed overview can be found in (Ding et al., 2008; Sathe et al., 2012).

• Fourier Transform: These approaches use a feature extraction technique on time

series, using the fact that a signal can be described as a combination of sine and co-

sine functions. Using a transformation such as Discrete Fourier Transform (DFT),

only the coefficients of the approximation are needed to be stored (Agrawal et al.,

1993). These coefficients can be indexed for search, comparison and distance com-

putation, for which many extensions have been proposed (Faloutsos et al., 1994;

Korn et al., 1997).

• Wavelets: Using the Discrete Wavelet Transform (DWT) a series can be repre-

sented as a combination of other types of functions apart from sine and cosine (Kin-

Pong Chan et al., 2003). With DWT it is possible to capture local features and not

only local features of the time series, and is a well-known compression technique

used in other domains including imaging and audio.

• Correlation-aware compression: Correlations among different time series may be

exploited for higher compression. Intuitively, highly correlated series may present

redundancies that can be used by compression approaches such as GAMPS (Gandhi

et al., 2009) or SBR (Deligiannakis et al., 2004) to group and jointly compress them.

• Multi-model compression: In some scenarios, using the same model for the whole

time series is not adequate. Different segments of the data may have completely

different characteristics, rates or value ranges. Dynamic approaches such as (Pa-

paioannou et al., 2011) consider burstiness, data rates, ranges, for choosing the

most appropriate model for a particular segment of the stream, using the compres-

sion ratio as the main comparison criterion.
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A comprehensive comparison and evaluation of these representation approaches, as

well as distance measures has been presented in (Ding et al., 2008), showing that despite

the variety of methods available, they have similar efficiency in terms of Tightness of

Lower Bounds.

2.5.2 Time Series Classification

There is a large body of research aimed at analyzing and mining time series data, for

different purposes. Particularly, for the task of classification, different techniques such

as decision trees, neural networks and Bayesian classifiers have been used (Xing et al.,

2010). The classification problem can be stated as follows: Given an unlabeled time se-

ries s, assign it to a class label l, from a set of predefined class labels L.

Classification approaches have been grouped into the following three categories ac-

cording to Xing et al. (2010): distance-based, feature-based and model-based.

Distance-based. This approach uses distance functions to compare the similarity of

two time series. These distance measures can be used to perform a classification using

an existing method such as k-nearest neighbors (k-NN). Given a set of already classified

series, and an unclassified series s, k-NN finds from this set the k closest series to s.

The class label with most occurrences from these k series will be assigned to s. The k

parameter can be tuned depending on the use case.

In this type of classification, choosing an appropriate distance function is key for

obtaining results. Basic distance measures such as euclidean distance, may result sur-

prisingly effective in many scenarios, while very simple to compute (Keogh and Kasetty,

2003). However, distance measures such as the euclidean, are limited to same-length

series, and they only consider one-to-one matches in the time axis. Small misalignments

may result in large distances that do not reflect the real similarity of the data values.

Distance measures with more elastic matching for the time axis, such as Dynamic

Time Warping (DTW), have been proved effective for similarity matching (Ding et al.,

2008). DTW consists in aligning two series flexibly, comparing a point of a series with

a small buffer of other points on the other series. The best alignment is the one that

results in smaller distance. The size of the buffer affects the efficiency of this method,

while a large one may result in a better alignment, it is computationally more expensive.

This distance measure has also been coupled with k-NN classifiers, proving an effective

combination for a number of time series classification problems (Geurts, 2001; Xi et al.,

2006). Nevertheless, k-NN requires an important number of preclassified series to work

47



2. STATE OF THE ART

well. Otherwise, the comparison set of series may not be representative enough. For

example we may have a large number of preclassified series of label a, but few labeled

as b. Then the classifier may not have sufficient samples to identify future b series.

These techniques have space and time computation limitations in some scenarios,

and some optimizations including numerosity reduction have been implemented (Xi

et al., 2006). Moreover, although effective in many scenarios, they usually offer little

explanation on why a series belongs to a particular class (Ye and Keogh, 2009).

Feature-based. Feature-based approaches try to find properties that are representa-

tive of a type of series, in order to classify them. Most of these approaches use a high

level representation e.g. symbolization or discretization methods, before extracting the

features (Xing et al., 2010) while others work extracting representative sub-sequences.

SVM (Support Vector Machine) (Cristianini and Shawe-Taylor, 2000) uses a kernel

function to transform a series into a feature vector. Then in this feature space, SVM finds

the maximum-margin hyperplane to separate the classes that those feature vectors rep-

resent. There are variants of this approach, including choosing different kernels (Osuna

et al., 1997). However, SVM classification often suffers from little interpretability of the

classification for users. Other feature extraction techniques include FeatureMine (Lesh

et al., 1999), that uses heuristics to identify sub-sequences in the series, such that they

are representative of one class, frequent, and that avoid redundancy.

A simpler feature based extraction consists in representing every series element as a

feature on a vector. However this results very inefficient in large series, and unfeasible

in most sensor time series, because these are mostly numerical. For this reason, several

numerosity reduction techniques have been used to transform the series data into a

feature vector. These techniques include the approximations in Section 2.5.1. Other

techniques intend to find representative portions of a series, that can be associated with

a certain class. Then, if these portions are found in other series, then it can be classified

in the corresponding class. Shapelets (Ye and Keogh, 2009) are one example of such

representative sub-sequences, such that they separate the training set in two different

parts, based on the distance to the shapelet. Although the search space for shapelets is

huge, there are techniques that reduce it, for instance avoiding computing all distances

form a candidate to a time series (early abandon), and calculating an upper bound for

the information gain (entropy pruning).

Model-based. Model based classification is based on the assumption that classification

classes can be generated by a certain model. these models take a number of parameters,
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such that they are able to generate the sequences of the classes. Then, the goal is to

learn these parameters from a training dataset, so that new time series can be assigned

the model that is able to generate the sequence more precisely. Examples of such model-

based classifiers include Naive Bayes, Markov Model and Hidden Markov Model (Xing

et al., 2010).

2.5.3 Characterizing Unknown Sensor Data

The approximation and classification techniques described above, have been applied in

different use cases, and in particular for sensor data processing, pattern recognition and

mining in general. However, in the emerging Sensor Web sensor data sources may be

unknown, in the sense of lack of metadata and provenance information (Corcho and

García-Castro, 2010). These sources might not be described enough, or provide insuffi-

cient metadata to be usable at all.

Some of the key pieces of information about data sources in the Sensor Web, is the

nature or type of observation being recorded. In terms of the SSN ontology or the OGC

O&M models, this is the type of the observed property, e.g. relative humidity, percentage

of carbon dioxide, barometric pressure, etc. Another essential information is the feature

of interest, e.g. the air at some location, the water at some river, etc. While in closed

systems this metadata is provided manually by the data providers, in the Web, there

are no guarantees for its accuracy or its provision at all. While there is a large body of

work on time series classification as we saw in Section 6.3.2, and stream mining (Gaber

et al., 2005), few approaches tried to use these techniques for characterizing sensor data

sources with semantically-aware models.

Some approaches enable metadata enrichment of data streams, such as in (Legeay

et al., 2007), producing XML documents. Metadata enrichment for data fusion has also

been covered, for instance in (De Mel et al., 2011), although it covers only the use of ex-

isting metadata as an input, and not using the sensor observations as well. A conceptual

framework for metadata enrichment has also been proposed in (Moraru and Mladenic,

2012), which is targeted at automatically producing a semantic sensor data catalog. Al-

though this model is comprehensive and explicitly looks for instances of essential meta-

data such as the observed property and feature of interest, does not provide hints on how

this can be implemented, e.g. using mining techniques, etc. Finally, the work of (Bar-

naghi et al., 2012), describes a technique for generating perception metadata form raw

observations. It relies on the SAX symbolization for finding data patterns that can be
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later used to be matched to perception abstractions.

2.6 Discussion

In this chapter we described the most relevant approaches in the different areas that

this thesis is built upon.

Concerning the first challenge of querying streaming data through ontology-based

languages, we have first explored the different processing models and languages in the

streaming data and event processing related work. (Section 2.1). We evidenced the ad-

vances in this area, considering extensions for the relational model, and the inclusion of

continuous query processing paradigms. In addition, many of the resulting systems deal

with scalability and performance constraints, typical of applications of this technology.

However, these approaches lead to the emergence of streaming data silos, each running

a particular data model, technology, accessible through a certain query language. Al-

though there are technological initiatives for a common standard in certain areas, such

as the OGC-SWE, these are based on syntactic agreements of format, and lack any ex-

plicit semantics. Moreover, this model is closed and prevents easily extending the model

or aligning it to another.

Although ontology-based access and querying addresses these challenges, as

seen in Section 2.2, the existing approaches are targeted to static stored data only, dis-

regarding streaming data sources. As an alternative, several proposals have surfaced

concurrently to this thesis, with the goal of extending RDF and SPARQL for stream-
ing data processing (Section 2.3). As we have seen, these proposals in some cases

implement a query processor from scratch (e.g. CQELS) or are implemented on top of a

DSMS (e.g. C-SPARQL). Nevertheless, none of these approaches is flexible enough to pro-

vide SPARQL streaming query access to a variety of existing DSMS, CEP or even sensor

middleware.

As we have seen, some of these systems have equivalent streaming operators, and

sensor middleware systems provide only limited service interfaces (e.g. GSN, Cosm),

which are equivalent to simple query interfaces. To our knowledge, none of the previ-

ous approaches allow querying such a wide range of stream processors, using RDF and

SPARQL extensions.

Despite the differences in these highly heterogeneous data sources, in terms of tech-
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nology and data structure, we have seen that it is possible to use ontologies as a rich

model that is reusable and can be adapted to domain-specific scenarios. Specifically for

sensor data, we have explored the existing alternatives for both sensor and obser-
vation ontology modeling in Section 2.4. However, in the context of the Sensor Web,

where metadata may be incomplete, faulty or simply missing, these ontological represen-

tations need mechanisms that allow their enrichment. In particular, we have seen meth-

ods for approximating and classifying time series data, that can help characterizing
raw measurements. Although these principles have been useful for pattern extraction

and querying-by-example, they have not been used for deriving semantic metadata that

characterizes a type of sensor measurement.

51



2. STATE OF THE ART

52



Chapter 3

Hypotheses and Contributions

In this chapter we state the work hypotheses that we want to validate, under certain

assumptions and limitations. From these hypothesis, we draw the thesis objectives and

discuss the associated conceptual, methodological and technological contributions pro-

posed in this work.

3.1 Problem Statement

This work aims at providing theoretical foundations and technical solutions for accessing

sensor data streams through semantic technologies. From the analysis of the state of the

art in Chapter 2, we have identified two main problems that are specifically addressed

by this work:

P1. Accessing streaming sensor data with continuous queries using ontology models to

represent the sensor observations.

P2. Characterizing sensor data using the recorded time series, capturing the semantic

metadata of the sensor observations.

For the first problem, the following research questions are addressed in this work:

• How can we use ontology models to query real-time data streams originated from

sensors? Ontologies have been used successfully to query heterogeneous static

relational data sources. However, sensor streaming data requirements differ from

static ones, as they require continuous and recency-aware query processing and

data delivery. Our goal is to explore ontology-based access to data streams.
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• Can we access heterogeneous DSMSs, CEPs and sensor data middleware effectively

using ontologies as a data model? Considering the widespread adoption of DSMSs,

CEPs and web middleware for managing sensor data, and the heterogeneity of the

data access mechanisms that they provide, it is needed to provide means of query-

ing these systems under a coherent data abstraction. Using ontologies as such a

model, we aim at establishing a method for rewriting queries from ontologies to

data stream schemas, and translating the results accordingly.

• Can we develop SPARQL extensions for streams suitable for querying streaming data

coming from DSMSs and CEPs? SPARQL is the de-facto standard for querying RDF

data. In case of using DSMSs and CEPs as underlying processing engines, SPARQL

language extensions for recency-aware and continuous query operators need to be

defined in terms of operators available in these systems.

For the second problem, regarding the characterization of semantic properties of sen-

sor data, we consider the following research questions:

• What data representations are suitable for extracting sensor data features that char-

acterize a set of data streams? Different data representations and dimensionality

reduction techniques can be used to represent sensor time series. Our goal is to

explore and propose representations that are useful for extraction of characteristic

features of sensor observations.

• Which data mining classification and mining techniques can be used for data char-

acterization? Using an appropriate representation, distance measures and classi-

fication techniques, we aim at proposing data analysis and mining methods that

allow classifying sensor data from given time series.

• How can we represent semantic properties of sensor data using ontologies? Using

the extracted metadata information, the existing sensor metadata can be enriched

with semantic properties that correspond to the metadata learned with the char-

acterization techniques.

Both research problems deal with sensor data from different perspectives. For the

first one we explore how we can use semantic technologies to query the observations that

they produce. For the second we focus on the enrichment of its metadata by extracting

and mining information from raw data observations.
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3.2 Hypotheses

We formalize the work hypothesis that follow from the research challenges discussed in

Section 3.1. For the research problem P1, we elaborated the following hypotheses:

H1. Sensor streaming data can be treated as instances of concepts from a comprehen-

sive ontology model, such as a combination of the SSN ontology with domain-specific

ontologies.

H2. SPARQL queries can be extended with streaming operators, and used to continu-

ously query streaming data, in terms of the ontology concepts and properties.

H3. Ontology-based queries to streaming data can be rewritten into queries in terms

of relational and event streams, and the query results can be returned as instances in

terms of the ontologies. The use of existing relational-to-RDF (RDB2RDF) mappings can

be extended to streaming data for this purpose.

H4. Ontology-based queries for streams can be expressed as abstract expressions that

can be transformed into queries for relational streams and complex event processors, or

sensor middleware service requests.

H5. Ontology-based query rewriting for streams can be applied for both push and pull

data delivery, incurring in an acceptable overhead in query latency.

For the second research problem P2, we identified the following hypothesis:

H6. Sensor data series can be analyzed in order to find patterns in them, which char-

acterize its type and makes it recognizable among other types of series.

H7. Sensor data time series representations can be analyzed, so that semantic proper-

ties such as the type of data, can be learned using mining clustering and classification

techniques, with acceptable precision.

3.2.1 Assumptions

The hypothesis are stated considering the following assumptions:

55



3. HYPOTHESES AND CONTRIBUTIONS

A1. Ontological models that represent the domain of interest are available or can be

developed using state-of-the-art ontology engineering practices, and are integrated with

standard sensor network ontologies, like the SSN ontology.

A2. Data stream management systems and complex event processors that will execute

the rewritten queries, are able to compute continuous queries over data streams in real

time.

A3. Sensor and streaming data providers already host and manage their data with

DSMSs, CEPs or web based data repositories.

A4. Mappings from relational or event streams to ontologies, can be defined by domain

experts and ontology engineers with or without helper tools.

A5. For sensor data characterization, a representative and sufficiently accurate train-

ing set is assumed to be available.

3.2.2 Limitations

The goals of this PhD thesis are bound to the following limitations:

L1. The ontology-based query rewriting is restricted to medium sampling rates of sen-

sor data, typical of domains such as environmental monitoring.

L2. The expressivity of ontology-based queries that can be executed over a given data

stream is limited to the expressivity of the queries supported by underlying DSMSs, CEPs

or web middleware services.

L3. For arbitrary streaming data sources with custom query and data formats, adapters

must be implemented in order to use the proposed rewriting principles.

L4. The approach for ontology-based queries over streams only provides simple entail-

ment1, but other query rewriting techniques can be plugged in to support other entail-

ment regimes.

1SPARQL entailment regimes:http://www.w3.org/TR/sparql11-entailment
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L5. Arbitrarily noisy sensor data series with hardly recognizable patterns cannot be

used for accurate characterization.

L6. Low number of sensor time series in a training set produce low precision results

for data characterization.

L7. Data characterization is not computed in real-time, but offline.

3.3 Contributions

The main contribution of this work is a novel set of methods and techniques for access-

ing and querying streaming sensor data from heterogeneous sources, using ontologies

to represent both sensor data and metadata. This body of work stems from the investi-

gation of ontology-based query rewriting techniques, extensions for streaming operators

and windows and the use of declarative mappings to capture data from non-ontological

sources. This contribution addresses the first research problem in Section 3.1, and its

specific conceptual contributions are:

• The formalization of SPARQL with streaming extensions (SPARQLStream) in terms

of relational streaming algebra expressions.

• A method to rewrite SPARQLStream queries as algebra expressions using declarative

mappings that relate ontological schemas to stream schemas.

• A method to translate relational or event stream results to SPARQL query results

or triples.

We also provide technological contributions that enable ontology-based access to data

streams, namely:

• An implementation of SPARQLStream for continuous queries, and pluggable to an

underlying stream management system.

• A query rewriting and data translation implementation, for DSMS and CEP, and

sensor web middleware, using declarative mappings written in R2RML. In partic-

ular we provide sample implementations for SNEE, Esper, GSN and Cosm.

• An implementation of pull and push data delivery mechanisms for querying stream-

ing data using the ontology-based query rewriting approach.
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For the second research problem of Section 3.1, related to the characterization of

sensor data, our contributions are:

• A representation of sensor time series that captures gradient information that is

useful to characterize types of sensor data.

• A method for classifying sensor time series and determining the type of data, using

data mining techniques.

• A method for extracting sensor metadata features from the time series and repre-

senting them as semantic properties.

A technical contribution for this problem, is an implementation of the semantic meta-

data extraction approach, for potentially unknown sensor data sources.
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Chapter 4

A SPARQL Extension for
Querying Data Streams

In order to allow ontology-based access to data streams, we require a general data model

able to represent both the conceptualizations present in ontologies, and the streaming

and temporal aspects of the data. This model also needs a corresponding query language

able to cope with these features. As we have seen in Section 2.3, RDF streams have been

introduced as a suitable data model in the literature, while extensions for SPARQL have

been proposed as query languages for such type of data. However, all of these extensions

assume that streams are natively represented in RDF, while in many scenarios, under-

lying DSMS, CEP engines and streaming data middleware are used to manage and store

data dynamically. We propose SPARQLStream, a query language that extends SPARQL for

querying streaming RDF data. SPARQLStream allows querying and exposing the data in

terms of the high-level concepts of an ontology, while internally the data is managed us-

ing structures or schemas that are understandable by the underlying DSMS, CEP engine

or streaming data middleware1.

In this chapter we enumerate key features for ontology-based streaming data query-

ing, then describe the RDF stream model used by SPARQLStream, and the syntax and se-

mantics of the query language. In particular, we describe the semantics of the language

in terms of relational stream algebra expressions. Afterwards, we discuss about query

optimization techniques applicable to query rewriting of these queries. Finally we show

how the query results are translated to triples or SPARQL variable bindings, closing the

query interaction.

1We will use the term streaming data sources for referring to these three types of systems.
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4.1 Features of a Semantically-enabled Streaming Query
Language

In this section, we identify some of the most relevant features for querying streaming

data sources, using ontologies as a data model. Considering the overlapping aspects of

stream and event processing (Chandy et al., 2011), in the following we do not emphasize

their differences but consider more general requirements that are applicable in both

cases (see Section 2.1 for more details on both types of query processing).

Representing Data with a Streaming Data Model. Queries over data streams re-

quire a data model that is capable of dealing with dynamic and potentially unbounded

online data, representing the evolution of some feature over time (Babcock et al., 2002).

This notion contrasts with classical stored or static data that represents a snapshot of a

certain feature in a given moment.

Time-aware data models can be as simple as classical tuples, where one of its at-

tributes stores a timestamp. However, this may not be enough as there might be dif-

ferent time-based attributes representing different notions such as: observation-time,

storage-time, sampling-time, etc. This may lead to ambiguity when constructing queries

over this type of data models. Moreover, to enable ontology-based queries, we adopt a

data model where clear explicit semantics can be encoded in concepts and properties.

RDF is a successful and standardized model that complies to this need, so we need an

RDF-based model extended with a native abstraction of the notion of the change
of the values over time.

Processing Continuous Queries. The notion of continuous querying has been long

studied in data stream processing (Arasu et al., 2006), and an analogous mechanism is

needed for semantically-aware query languages, where events can be specified as graph

patterns that are evaluated as the data changes with respect to time. Then, registered

queries may also produce continuous results that describe new information in a dynamic

way. Hence a continuous query execution is needed to support processing live
streaming data.

Formulating Declarative and Expressive Queries. SQL for relational databases

and SPARQL, for RDF, are declarative query languages that have been developed and

standardized, and are being widely used in research and industry. These queries spec-

ify what data is requested and not how it is obtained. This allows a simple definition
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of query requirements and hides internal -and possibly different- implementation and

optimization details that are orthogonal to the expected answers.

Query expressiveness is characterized based on the operators available in the query

language to extract the needed information. Extracting subsets of useful and meaningful

information from the streaming data sources is one of the main goals of querying. In

order to achieve this goal, a rich set of operators is required, such that it is possible to

specify:

• Data filters, selecting the desired information by applying conditions, e.g. a data

value higher than a given threshold.

• Projections, selecting only a subset of attributes

• Computed attributes, resulting from applying a function over other attributes, e.g.

an arithmetic operation over observed data values.

• Aggregation, e.g. the average value of a certain observed property value.

• Sliding Windows, operating only over a subset of the data, limited by the window

boundaries. For instance, selecting the latest 10 minutes of observation values.

These are some of the most common data operators required in streaming query pro-

cessing, although we do not exclude others that may be useful in particular scenarios.

However, these are minimal data selection requirements identified by the streaming and

event processing communities (Arasu et al., 2006; Stonebraker et al., 2005). Stream pro-

cessing over an ontology-aware model such as RDF, is easily coupled with declarative
and expressive languages to state query requirements. Although there are propos-

als such as CQL (Arasu et al., 2006), similar extensions are desirable for an RDF-based

language as SPARQL.

Integrating Streaming and Static Data. Even though we are focused on streaming

data and events, these are usually linked to contextual information contained in stored

and static repositories. Moreover, in the case of ontology-based data, these links to stored

data sources may require mixing different vocabularies in the query, representing differ-

ent concepts, which may have a streaming nature or not. For example, a query may

request streaming weather observations in terms of a climate ontology, while asking for

its location in terms of a geo-location ontology in a stored dataset.

Mixing these types of data sources in a single query, allows combining data,
providing context, or comparing live data with historical information (Stone-

braker et al., 2005). Here we do not discuss the distributed or federated nature of the
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data source, which can be reflected in the query as well (Acosta et al., 2011; Buil-Aranda

et al., 2011), as it falls out of the scope of our work.

Generating New Information. Queries not only request for existing information but

may also produce new one. For example in the case of events, a query may periodically

detect the presence of a flood in a region, judging by the wind speed conditions and the

sea wave height. For ontology-based queries, this new information can be represented in

terms of high level concepts that correspond to a domain ontology. In subsequent steps

this new information can be reasoned upon, or stored in a knowledge base, but the key

requirement here is to be able to specify how to construct this new data with the query

language. In some cases this type of new information can be modeled as an event, built

from lower level conceptualizations.

Hence, we need a declarative way of expressing derived information from in-
coming data streams, as a built-in feature of the query language.

Reasoning. One of the main advantages of ontology-based data sources is the possibil-

ity of reasoning over them, exploiting the semantic relationships between the elements

of a dataset. While query languages such as SPARQL do not impose reasoning in the eval-

uation semantics, it is possible to use different entailment regimes -other than simple

entailment- that allow complex inferences on the resulting data. A whole new sub-area,

under the Stream Reasoning (Della Valle et al., 2009) denomination, has appeared to ad-

dress these challenges, using techniques such as incremental materialization or query

rewriting.

A query language for ontology-based streaming processing may need considering

reasoning entailment rules for query evaluation.

4.1.1 Discussion

We analyzed the main features of an ontology-based streaming query language, and the

rationale behind them. In the remainder of this chapter, we will present a query lan-

guage designed to tackle them, although conditioned to the limitations stated in Chap-

ter 3. We adopt a data model based on RDF, the W3C standard for semantic web data

interchange, but extended to support the streaming data model requirements. Ac-

cordingly, we use SPARQL 1.1 as a basis for the SPARQLStream language, leveraging on its

declarative and expressive features and operators, and also adding extensions aim-

ing at supporting continuous queries and recency-based constructs such as windows.
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The proposed model and query language also allow mixing static and streaming
data and expressing new information in terms of derivative queries using modifiers such

as SPARQL CONSTRUCT. In turn, we will leave the handling of data imperfections to under-

lying streaming data engines, and restrict reasoning semantics to simple entailment.

4.2 RDF Stream Model

A key element for the SPARQLStream language is the data model used to represent RDF

streams. We present in this section the formalization of RDF triples and graphs, and

then the extensions for representing stream graphs.

4.2.1 RDF triples and graphs

An RDF triple t is a tuple 〈s, p, o〉 where s, p, o are respectively the subject, predicate and

object, such that:

〈s, p, o〉 ∈ (I ∪B)× I × (I ∪B∪L)

where I, B and L are sets of IRIs, blank nodes and literals, respectively.

4.2.2 RDF Stream Graphs

The RDF semantics presented here is taken from the W3C RDF semantics1. An RDF

stream S is defined as a sequence of pairs (T,τ) where T is a triple 〈s, p, o〉 and τ is

a timestamp in the infinite set of monotonically non-decreasing timestamps T. More

formally, the stream S is defined as follows:

S = {(〈s, p, o〉,τ) | 〈s, p, o〉 ∈ ((I ∪B)× I × (I ∪B∪L)),τ ∈T},

Each of these pairs (T,τ) can be called a tagged triple. The extensions presented here

are based on the formalization of Pérez et al. (2009) and Gutierrez et al. (2007).

An RDF stream can be identified by an IRI, so that is possible to reference a particular

stream of tagged triples, also called an RDF stream graph 〈S, gS〉, where S is an RDF

stream and gS the IRI.

RDF streams can be materialized -i.e. tagged triples are physically stored in a repository-

or virtual. In the latter case the RDF streams can be queried but their storage is not nec-

1RDF semantics:http://www.w3.org/TR/rdf-mt/

63

http://www.w3.org/TR/rdf-mt/


4. A SPARQL EXTENSION FOR QUERYING DATA STREAMS

essarily as RDF tagged triples, but under another data model such as a relational stream

or an event stream. This is a fact that is transparent for query users, who are typically

unaware of the internal representation of the real data streams.

Stream graphs can be merged straightforwardly, under the assumption that all times-

tamps τ in both graphs are sequenced in the set of infinite timestamps T. The resulting

merged graph will contain the union of the tagged triples of both stream graphs. In case

timestamps are not synchronized, a merge operation produces an inconsistent stream

graph.

Similar works on temporal-aware RDF extensions also provided mappings and trans-

lation methods to produce an equivalent normal RDF graph. For instance, (Rodríguez

et al., 2009; Tappolet and Bernstein, 2009) provide mapping of the tagged triples model

to standard RDF. It uses named graphs to provide temporal context to triples, i.e. a

named graph is given time information, and all triples contained in it are subject to

these constraints.

Nevertheless, we leave the definition of RDF streams in an abstract form for the mo-

ment, regardless of possible concrete implementations. In section 4.5 we provide details

of the semantics of queries over these stream graphs, in terms of streaming relational

algebra, even if these are virtual, i.e. they are not stored or materialized, but consumed

from underlying non-RDF streaming data sources.

4.3 SPARQLStream Syntax

SPARQLStream was first introduced in (Calbimonte et al., 2010b), and has been inspired by

previous proposals of streaming-oriented extensions of SPARQL, mainly C-SPARQL (Bar-

bieri et al., 2010a), and also by continuous streaming query languages such as CQL or

SNEEql (Brenninkmeijer et al., 2008). It must be noted that SPARQLStream emerged con-

currently with other proposals -as seen in Section 2.3- and hence shares many features

with them. SPARQLStream is based on the concept of virtual RDF streams of triples that

can be continuously queried, and whose elements can be bounded using sliding windows,

as in C-SPARQL, and adopts the streaming evaluation semantics of SNEEql, adapted to

an RDF based model.

SPARQLStream is based on SPARQL 1.1, and as such is able to cope with aggregates,

which are an essential feature in streaming data processing. Furthermore it introduces

time-based windows and triple-based windows, although we show that the latter may
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lead to unexpected results. Additionally, SPARQLStream provides window-to-stream oper-

ators that enable the generation of new streams. We present the syntax of the language

below.

4.3.1 SPARQL Syntax

The SPARQL language is a pattern matching based language. We define a subset of it in

terms of triple and graph patterns, as in (Chebotko et al., 2009; Pérez et al., 2009). A

triple pattern tp is a triple (sp, pp, op) such that:

(sp, pp, op) ∈ (I ∪V )× (I ∪V )× (I ∪V ∪L)

where V is the infinite set of variables.

A graph pattern gp is a combination of triple patterns and graph patterns, following

the abstract syntax below:

gp →tp |

gp AND gp |

gp OPT gp |

gp UNION gp |

gp FILTER expr

where AND, OPT, UNION and FILTER correspond to SPARQL conjunction, OPTIONAL, UNION

and FILTER operators. In FILTER, expr is a boolean expression in terms of I ∪V ∪ L,

and including logical operators and other constructs defined in (Prud’hommeaux and

Seaborne, 2008).

A SPARQL query is composed of these graph patterns and is of one of four query

forms: ASK, SELECT, CONSTRUCT, DESCRIBE. The most common query form, SELECT, produces a

result of variable bindings matching the graph pattern; a CONSTRUCT produces a new RDF

graph with the query solutions; ASK produces a boolean value that is true if a solution

exists; and DESCRIBE produces an RDF description of resources in the solution. A select

query is defined as:

query→ SELECT v1, ...,vn WHERE gp

where v1, ...vn is a list of variables, subset of the variables of the graph pattern gp. This

is the basic syntax of SPARQL. There are other constructs such as solution modifiers (e.g.
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DISTINCT, ORDER BY, LIMIT, etc.) that are applied after pattern matching. These and other

modifiers can be found in the SPARQL Query Language specification1.

A salient feature of SPARQL 1.1 is the inclusion of aggregate expressions that compute

functions over groups of solutions. These are a common requirement in streaming data

processing, where summarization of highly dynamic data helps providing a better under-

standing of recurring situations. This is achieved by optionally adding a GROUP BY solution

modifier followed by the list of variables over which the solutions will be grouped, and

by allowing aggregate functions in the projection list:

query→ SELECT f AGG(v1)|v1, ... WHERE gp [GROUP BY groupvars]

Notice that the selection variables alternatively allow applying functions of the type

f AGG , such as MAX, MIN, AVG or SUM. The groupvars list of variables is a subset of the vari-

ables of gp, which is used to group the solutions. For example, the following SPARQL 1.1

query returns the maximum air temperature value reported by each sensor.

SELECT (MAX(?temperature) AS ?maxtemp) ?sensor

WHERE {

?obs ssn:observedBy ?sensor.

?obs ssn:observationResult ?res.

?res aemet:hasAirTemperatureValue ?val.

?val qu:numericValue ?temperature

}

GROUP BY ?sensor

Listing 4.1: Example of a SPARQL 1.1 aggregate query

Notice that the SPARQL 1.1 complete syntax includes renaming and other minor syntactic

features that are described with full details in the specification.

4.3.2 SPARQLStream Extensions

The SPARQLStream syntax follows closely that of SPARQL 1.1, adding window constructs

for RDF stream graphs and additional solution modifiers. In SPARQLStream each virtual

RDF stream graph is identified by an IRI, so that it can be used or referenced elsewhere

in the query. To denote that a particular stream graph is used in the query, its IRI has to

be referenced in the FROM clause, preceded by the NAMED STREAM keywords:

FROM NAMED STREAM <Stream_IRI>

1SPARQL 1.1 http://www.w3.org/TR/sparql11-query/
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Notice that it is possible to add more stream graphs in the same query by adding more

FROM clauses. Then the query dataset is the union of those graphs.

Time window definitions of the form [start TO end SLIDE slide] can be applied to

stream graphs by appending them after the stream IRI: The start and end are expres-

sions that indicate the lower and upper bounds of the time window, usually expressed in

terms relative to the current time (expressed as NOW).

For instance the expression NOW - 2 MINUTES denotes the latest 2 minutes. The window

[NOW- 2 MINUTES TO NOW-1 MINUTES ] denotes an interval elapsed in the last 2 minutes, but

excluding the last minute. Because streaming queries are usually interested in the lat-

est values, the upper bound of the window is commonly the current time, in which case

the TO end part of the window can be omitted altogether. The interval expressions are

expressed relative to the current time because these queries are meant to be run contin-

uously, hence a fixed interval is less meaningful.

Finally the optional SLIDE specifies how often the window will be evaluated (e.g. every

minute). Note, if the size of the slide is smaller than the range of the window, then the

windows will overlap in successive evaluations, if it coincides with the size of the window

then every triple will appear in one and only one window, and if the slide is larger than

the range, then the windows sample the stream.

For instance the following time window includes the triples in the last minute of the

http://example.com/mystream stream graph, and the window is computed every minute.

Notice that the expressions of the window include time units: YEARS, MONTHS, DAYS, HOURS,

MINUTES, SECONDS, MILLISECONDS.

FROM NAMED STREAM <http://example.com/mystream> [NOW-1 MINUTES SLIDE 1 MINUTES]

As an example, the query in Listing 4.2 requests the maximum temperature and the sen-

sor that reported it in the last hour, from the http://aemet.linkeddata.es/observations.srdf

stream graph.

SELECT (MAX(?temp) AS ?maxtemp) ?sensor

FROM NAMED STREAM <http://aemet.linkeddata.es/observations.srdf> [NOW-1 HOURS]

WHERE {

?obs a ssn:Observation;

ssn:observationResult ?result;

ssn:observedProperty cf-property:air_temperature;

ssn:observedBy ?sensor.

?result ssn:hasValue ?obsValue.

?obsValue qu:numericalValue ?temp.
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}

GROUP BY ?sensor

Listing 4.2: SPARQLStream query the maximum temperature and the sensor that measured it in
the last hour

Note that it is possible to use SPARQL 1.1 features such as aggregates along with win-

dows. The triple graph patterns and other operators are applied to the bag of triples

delimited by the time window, and the query can be continuously executed, so that each

time it will produce a bag of results, in this case, variable bindings. As more tuples are

streamed, this will produce a continuous stream of windows or stream of sequences of

results.

To produce the inverse result of windows, SPARQLStream also allows generating streams

of triples from windows, with what are called window-to-stream operators. These oper-

ators, namely RSTREAM, ISTREAM and DSTREAM produce a continuous stream that can be later

reused or queried. They are applied after the SELECT or CONSTRUCT clauses, and their output

is respectively a stream of variable bindings or triples. The difference between the three

operators resides in the data that is output. With ISTREAM, only the data that was not

in the previous window is added to the output stream. With DSTREAM, only the data that

was in the previous windows but not in the new one is streamed. With RSTREAM all data is

added to the stream.

For example, the query in Listing 4.3 generates a stream with the sensors where the

temperature was previously higher than 40, but not anymore.

SELECT DSTREAM ?sensor

FROM NAMED STREAM <http://aemet.fi.upm.es/observations.srdf> [NOW-1 HOURS]

WHERE {

?obs a ssn:Observation;

ssn:observationResult ?result;

ssn:observedProperty cf-property:air_temperature;

ssn:observedBy ?sensor.

?result ssn:hasValue ?obsValue.

?obsValue qu:numericalValue ?temp.

FILTER (?temp > 40)

}

Listing 4.3: SPARQLStream query that generates a stream of sensor identifiers where the temper-
ature recorded has been previously higher than 40 but not anymore
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4.3.3 Comparison of SPARQLStream with other Languages

Other extensions for SPARQL considering streaming and time extensions have appeared

in the literature as detailed in Chapter 2. Some of these proposals have been devel-

oped concurrently to SPARQLStream. Now we briefly compare their features and main

characteristics. Table 4.1 provides a summary of this comparison. While τSPARQL and

Table 4.1: Comparative table of SPARQLStream and other SPARQL extensions for streams.

TA-SPARQL introduced time-aware operators as extensions for SPARQL, these were ori-

ented towards static and stored RDF, and not for streaming and continuous queries.

τSPARQL provides temporal wildcards to denote time relations, for example intervals

where a triple pattern is valid, or time relationships between intervals. TA-SPARQL pro-

vides an alternative syntax to time-based filters over a named graph that contains the

temporal context. However, none of these approaches is designed for streaming query

processing.

In terms of operators, Streaming SPARQL is limited in its lack of aggregates, com-

pared to C-SPARQL, CQELS and SPARQLStream. These three have also converged towards

a SPARQL 1.1-based specification, including aggregates, property paths, among others.

SPARQLStream also adds window-to-stream operators, non-existing in other languages.

It notably lacks triple based windows, mainly because they may incur in misleading

results. A window in terms of triples (e.g. the latest 5 triples) is not as useful as a

window in terms of an event or higher level abstraction (e.g. the latest 5 observations).

Finally, EP-SPARQL is different from the other proposals as it includes sequence and

co-occurrence pattern operators, typical of CEP. In our work we do not consider these

operators, although we can foresee their addition as an extension for our approach.
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4.4 SPARQLStream Semantics

Having defined the syntax of the SPARQLStream extensions, we now define their seman-

tics, but for completeness we first provide a summary of the SPARQL semantics.

4.4.1 SPARQL Semantics

A mapping-based semantics of SPARQL has been proposed in (Pérez et al., 2009), which

we present here. Given a SPARQL query q over an RDF graph, a query solution can be

represented as a set Ω of mappings m, each of which assigns terms of RDF triples in the

graph, to variables of q. A mapping m : V → I∪B∪L, has a domain dom(m) which is the

subset of V variables over which it is defined.

The evaluation of a graph pattern gp over a dataset D, denoted as [[gp]]D is defined

as:

[[tp]]D ={m | dom(m)= var(tp)∧m(tp) ∈ D}

[[gp1 AND gp2]]D =[[gp1]]D 1 [[gp2]]D

[[gp1 OPT gp2]]D =[[gp1]]D 1 [[gp2]]D

[[gp1 UNION gp2]]D =[[gp1]]D ∪ [[gp2]]D

[[gp FILTER expr]]D ={m | m ∈ [[gp]]D ∧m satisfies expr}

where tp is a triple pattern and var(tp) is the set of variables in tp, and gp1,gp2 are

graph patterns. The operations between sets of mappings (1, 1,∪,\) are given by:

Ω1 1Ω2 ={m1 ∪m2 | m1 ∈Ω1,m2 ∈Ω2 are compatible}

Ω1 ∪Ω2 ={m | m ∈Ω1 ∨m ∈Ω2}

Ω1 \Ω2 ={m ∈Ω1 | ∀m′ ∈Ω2,m∧m′ are not compatible}

Ω1 1Ω2 =(Ω1 1Ω2)∪ (Ω1 \Ω2)

Compatibility of mappings is defined as follows: mappings m1 and m2 are compati-

ble if ∀x ∈ dom(m1)∩dom(m2), then m1(x)= m2(x).

This semantics is based on the set of operators identified in SPARQL 1.0. The SPARQL 1.1

specification allows additional constructs, including aggregates as we saw in Section 4.3.1.

The evaluation of group-by and aggregate functions in a graph pattern gp is given be-
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low1.

[[gp GROUP BY exprlist]]D =Groupby(exprlist, [[gp]]D)

[[ AGG f agglistgp]]D =Agg f ([[gp]]D ,agglist)

where exprlist is a list of expressions {expr1, ..., exprn} by which the solutions are

grouped. agglist is the list of expressions to which the aggregation function f is ap-

plied. The semantics of the Groupby and Agg f are given below.

Groupby(exprlist,Ω)={ListEval(exprlist,m)→
{m′ | m′ ∈Ω,ListEval(exprlist,m)= ListEval(exprlist,m′)} | m ∈Ω}

Agg f (keyvals,agglist)={(key,F(Ω) | key→Ω ∈ keyvals)}

where ListEval is a function that evaluates a list of expressions over a mapping:

ListEval(exprlist,m)= {e i | ∀expr i ∈ exprlist, e i = expr i(m)}

expr(m) is the value resulting from the expression expr, replacing the variables by the

terms given by m. keyvals is a set of partial functions from keys to solutions: {key1 →
Ω1, ...,keyn →Ωn}, and F(Ω) applies the aggregation function f of Agg f to the groups of

solutions as follows:

F(Ω)= f ({ListEval(agglist,m) | m ∈Ω})

The aggregation function f is one of MAX, MIN, AVG, SUM, COUNT or other similar func-

tion that reduces a list of values (following the SPARQL 1.1 semantics).

4.4.2 SPARQLStream Extensions Semantics

The extensions provided by SPARQLStream are formalized below, as in (Calbimonte et al.,

2010b, 2012a). We define a stream of windows as a sequence of pairs (ω,τ) where ω

is a set of triples, each of the form 〈s, p, o〉, and τ is a timestamp in the infinite set

of timestamps T, and represents when the window was evaluated. More formally, we

define the triples that are contained in a time-based window evaluated at time τ ∈ T,

1We follow the semantics described in the SPARQL 1.1 specification: http://www.w3.org/TR/sparql11-query
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denoted ωτ, as

ωτts,te,δ(S)= {〈s, p, o〉 | (〈s, p, o〉,τi) ∈ S, ts ≤ τi ≤ te}

where ts, te define the start and end of the window time range respectively, and may

be defined relative to the evaluation time τ. Note that the rate at which windows get

evaluated is controlled by the SLIDE defined in the query, which is denoted by δ, affecting

only the concrete values of ts, te.

We define the three window-to-stream operators as

RSTREAM((ωτ,τ))= {(〈s, p, o〉,τ) | 〈s, p, o〉 ∈ωτ}
ISTREAM((ωτ,τ), (ωτ−δ,τ−δ))= {(〈s, p, o〉,τ) | 〈s, p, o〉 ∈ωτ,〈s, p, o〉 ∉ωτ−δ}

DSTREAM((ωτ,τ), (ωτ−δ,τ−δ))= {(〈s, p, o〉,τ) | 〈s, p, o〉 ∉ωτ,〈s, p, o〉 ∈ωτ−δ}

where δ is the time interval between window evaluations. The ωτ−δ represents the win-

dow immediately before ωτ. Note that RSTREAM does not depend on the previous window

evaluation, whereas both ISTREAM and DSTREAM depend on the contents of the previous win-

dow.

4.4.3 Comparison of SPARQLStream Semantics with other Languages

SPARQLStream semantics are based on SPARQL 1.1, and the rationale behind its formal

specification is that windows lead to bounded triples that fit into standard SPARQL op-

erators, following the mapping-based semantics of Pérez et al. (2009). This idea draws

from CQL and also the formal definition of subsequent DSMS languages such as SNEEql.

It was first formalized in this way in the C-SPARQL semantics (Barbieri et al., 2010b), al-

though the aggregations semantics later changed towards SPARQL 1.1, as already noted

in Chapter 2. In addition, C-SPARQL defines the semantics for triple-based windows ωp

(called physical):

ωp(R,n)= {(〈s, p, o〉,τ) ∈ωl(R, ts, te) | c(R, ts, te)= n}

Where ωl is a time window, c is the cardinality of the triples of R in a time interval.

CQELS semantics follow a similar definition, although leaves the window specification

open to different modes. These models are different to Streaming SPARQL, which rede-

fines the SPARQL semantics altogether to allow window definitions in any triple pattern,
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instead of the RDF stream graphs windows of the other approaches. EP-SPARQL addi-

tional operators of sequence and temporal co-occurrence require additions to the query

semantics, and can be found in (Anicic et al., 2011).

4.5 Rewriting SPARQLStream Queries

In the previous sections we have provided the syntax and semantics of SPARQLStream.

These are abstract formalizations independent of how the streaming data is internally

managed, e.g. as materialized native RDF streams or as virtual RDF streams. In this the-

sis, we are focused on the case where streaming data is already managed by DSMS, CEP

or streaming data middleware technologies. In this section we provide the operational

semantics of SPARQLStream through query rewriting, when the data source is not an RDF

stream but a sensor network-based or an event-based stream, and given mappings that

relate one model to the other. In this case we need to transform the SPARQLStream queries

into requests that can be processed by the corresponding heterogeneous streaming data

sources.

In this section we formalize the semantics of SPARQLStream in terms of algebra ex-

pressions of relational streams, given mapping definitions that relate ontology models

to relational stream schemas. The main goal of this formalization is to provide theo-

retical foundations for transforming a set of queries over an ontological schema, into

expressions that can be serialized as streaming query languages used to access the data

sources. We analyze the query rewriting based on abstract mapping definitions that later

can be implemented in languages such as R2RML as we will see in Chapter 5. This work

is based partially on the formalization of (Calvanese et al., 2005), and extends those of

(Calbimonte et al., 2010b, 2012a).

4.5.1 Relational to RDF Mappings

The definition of mappings we use, is based on relational-to-RDF mappings. A relation

r is defined by a relation schema with attributes ~a. Each attribute has a name and a

datatype from a set of basic datatypes. For instance the relation schema Sensorname,description

represents a sensor with a name and description attributes.

RDF triples are instead represented as subject-predicate-object tuples, as detailed in

Section 4.2. Mappings from a relation schema r to RDF triples can be defined as functions

of the form µ(r~a)= {(s, p, o) | s ∈ I ∪B, p ∈ I, o ∈ I ∪B∪L}:
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The function µ generates s, p, o, the triple subject, predicate and object of the triple

respectively.

4.5.2 Definition of Mappings for Query Rewriting

Query rewriting requires mapping assertions that describe how to construct triple in-

stances in terms of an ontology model, from a given relational stream schema, as we saw

in the previous section. We use the same abstraction for a stream s, whose schema can

be defined analogously, as a set of attributes ~a. Then, a mapping assertion µ is defined

as a function over a stream s :

µ(s~a)→ ( f s
µ(s~a), f p

µ (s~a), f o
µ (s~a))

where s is a logical stream with attributes~a = {a1,a2, ...,am} , each of them with a certain

data type. Notice that this logical stream can be a view over several real streams (e.g.

as virtual GSN streams), however in the rest of this section we will not discuss this case

and will just assume that the logical stream has a number of attributes, and one of them

is the timestamp. The mapping µ explains how to construct a triple, with the subject

IRI or blank node generated by f s
µ, the predicate IRI generated by f p

µ and the object IRI,

blank node or literal generated by f o
µ .

These functions can generate IRIs, blank nodes or literals in different ways, using

the attributes ~a, for instance by concatenating the values of the attributes, by simply

copying the attribute value as is, or even using a constant value (e.g. a constant pred-

icate IRI is a common function for f p
µ ). Notice that these functions, if ill defined, may

violate the RDF model (e.g. a subject function generating a literal value), in which case

the generated triple is ignored1.

As an example, consider a stream s1 with attributes ts, speed representing the

timestamp and wind speed values respectively. A simple mapping that generates an

observation of type aemet:WindSpeedObservation2 for each tuple of s1 is given below:

µ1(s1ts,speed)→( f s
µ1

(s1ts,speed),rdf:type,aemet:WindSpeedObservation)

Notice that f o
µ1

and f p
µ1 are constant functions and are directly represented using the

1We assume the conventions adopted by the W3C RDB2RDF Working Group.
2For simplicity we use RDF URI prefixes in the examples, e.g. aemet denotes

http://aemete.linkeddata.es/ontology#
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corresponding constant value (rdf:type and aemet:WindSpeedObservation). The functions

for the generation of URI values can be simply a concatenation of strings and values of

attributes of s. For instance the function f s
µ1

(s1ts,speed) can be defined as prefixing the ts

attribute with a constant string:

f s
1 (s1ts,speed)= CONCAT(’http://aemet.linkeddata.es/observations/windspeed/s1’, s1.ts)

Alternatively, the object of the triple can be the subject generation function f s
µ′ of

another mapping µ′:

µ(s~a)→ ( f s
µ(s~a), f p

µ (s~a), f s
µ′(s~a 1cond s′~a′))

In this case the function for generating the triple object uses a parent triple mapping

µ′ with another stream s′ and attributes ~a′, applied to the combined tuples of s, s′ that

match the condition cond.

As an example, consider the following additional mapping assertions, that generate

more triples from each tuple of s1:

µ2(s1ts,speed)→( f s
µ1

(s1),ssn:observationResult, f s
µ3

(s1))

µ3(s1ts,speed)→( f s
µ3

(s1),rdf:type,aemet:WindSpeedResult)

In µ3 we generate a new triple of type aemet:WindSpeedResult with a different subject de-

fined by f s
µ3

. The triple generated in µ2 has the particularity of linking the subject of the

mapping µ1, with the subject of µ3, through the constant predicate ssn:observationResult.

In this particular case we omitted the join condition as the stream is always s1 for all

mappings, but it can be represented as s11s1.ts=s1.ts s1 if we take ts as a tuple identifier.

We can add more mapping assertions to this example, including more complex triple

generation rules, and literal objects:

µ4(s1ts,speed)→( f s
µ3

(s1),ssn:observationValue, f s
µ5

(s1))

µ5(s1ts,speed)→( f s
µ5

(s1),qu:numericalValue, f o
µ5

(s1))

µ4 links the subjects of µ3 and µ5 through a constant predicate. In µ5 we generate a triple

object using a function, defined in terms of the attributes of s1. For instance f o
µ5

(s1) can
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be simply the value of speed:

f o
µ5

(s1)= s1.speed

Given a set of mappings M over a set of streams s j, it is possible to follow two ap-

proaches for accessing the data of s j in terms of the ontology mapped by M:

(i) Materialization: generating all possible triples and exposing them through a SPARQL

endpoint, or

(ii) Virtual RDF streams: executing a query rewriting algorithm from incoming SPARQLStream

queries, to queries in terms of the streams si.

The first approach is straightforward but is unsuitable for continuous query process-

ing as it requires all incoming data to be materialized at each time. The second one

requires an algorithm for query rewriting, and a SPARQLStream aware endpoint. We will

discuss our approach in the following sections.

4.5.3 Rewriting to Algebra Expressions

Our query rewriting approach can be executed against DSMS, CEP or streaming middle-

ware, and therefore we do not bind our approach to any particular technology. Specif-

ically, we describe the rewriting in terms of abstract algebra expressions, following the

work of (Chebotko et al., 2009).

First we define the function f indMapping that, given a triple pattern tp and a set

of mappings M, returns the mapping µ whose stream s may contain triples that match

tp. µ is found among the mappings of M, as described in Section 4.5.2. For example,

given the mappings M = {µ1,µ2,µ3} of Section 4.5.2 and the triple pattern tp:

tp = (?obs rdf:type aemet:WindSpeedObservation )

the stream s1 of mapping µ1 may contain tuples that are able to produce triples match-

ing tp. Therefore f indMapping(tp, M)=µ1. Variables in tp are prefixed with ′?′ in this

notation.

Notice that the mapping provides information about: 1) from which stream s, the

triples will be generated, and 2) which attributes of the stream s are needed to produce

the subject, predicate and object of the triples that match tp. This is specified by the
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functions f s, f p, f o of mapping µ, as described in Section 4.5.2. We formalize this in the

semantics of the evaluation of tp.

Given a triple pattern tp = (sp, pp, op), the semantics of its evaluation over a set of

relational streams referenced by a set of mappings M, is given by eval(tp, M), which is

an algebra expression defined as:

eval(tp, M)= ρ f s→sp, f p→pp, f o→opπ f s, f p, f o (s)

where ρ is the relational rename operation and π is the relational projection opera-

tion. s is the stream referenced by the mapping µ= f indMapping(tp, M) and f s, f p, f o

are the functions of µ that generate the projection expressions for producing respectively

the subject, predicate and object, for every tuple of s.

For the previous example, the evaluation of tp1 is given by:

eval(tp1, M)= ρ f s→sp, f p→pp, f o→opπ f s(s1.ts), f p(), f o()(s1)

The resulting algebra expression projects the s1.ts attribute, applying the f s func-

tion to create the subject. The functions f p
µ1 and f o

µ1
in this case are constants, so the

predicate and object are the same for all tuples of s1. For the evaluation of more complex

graph patterns, the semantics are given by more complex algebra expressions that are

described below.

Given a graph pattern gp = gp1 AND gp2, the evaluation over mappings M is de-

fined as:

eval(gp, M)= eval(gp1, M)1 eval(gp2, M)

For a graph pattern gp = gp1 OPT gp2 the evaluation over M is given by:

eval(gp, M)= eval(gp1, M) 1 eval(gp2, M)

For a graph pattern gp = gp1 UNION gp2 the evaluation over M is given by:

eval(gp, M)= eval(gp1, M)] eval(gp2, M)

For a graph pattern gp = gp1 FILTER expr the evaluation over M is given by:

eval(gp, M)=σexpr(eval(gp1, M))
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As an example consider the following query pattern gp:

gp = (?obs rdf:type aemet:WindSpeedObservation ) AND

(?obs ssn:observationResult ?res) AND

(?res ssn:observationValue ?val) OPT

(?val qu:numericValue ?speed)

By applying the evaluation rules, we find the corresponding mapping for each triple,

and then apply the rules for the AND and OPT graph patterns and we obtain the following

algebra expression:

eval(tp, M)=π f s (s1)1
(
π f s, f o (s1)1

(
π f s, f o (s1) 1π f s, f o (s1)

))
4.5.4 Rewriting Window Operators

In the previous section we presented the evaluation semantics of a graph pattern query

with respect to a set of mappings, in terms of relational algebra expressions. For the

additional constructs of SPARQLStream, mainly windows and window-to-stream operators,

we provide similar descriptions of the evaluation semantics.

For a triple pattern tp, in a stream graph G with a window bounded in {ts, te} and a

slide δ: gp = tp WINDOW ts,te,δG the evaluation over M is given by:

eval(gp, M)=ωts,te,δ(eval(tp, M))

In this case, ωts,te,δ is the window operator that takes only those tuples whose times-

tamp is in the ts, te interval. In general, the ω operator is the innermost operator in the

algebra expression, being applied directly over the relational streams.

In the case of window-to-stream operators, they are applied as solution modifiers as

the DISTINCT construct, and its application is straightforward.

For example, if we modify the previous query pattern to include a window:

gp = (?obs rdf:type aemet:WindSpeedObservation ) AND

(?obs ssn:observationResult ?res) AND

(?res ssn:observationValue ?val) OPT

(?val qu:numericValue ?speed) WINDOW G ts,te,δ
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Then, the evaluation of gp can be represented as the following algebra expression:

eval(tp, M)=ωts,te,δ(π f s (s1)1
(
π f s, f o (s1)1

(
π f s, f o (s1) 1π f s, f o (s1)

))
)

This expression can be represented as a tree (Figure 4.1), where the leaf nodes are the

streams and the other nodes are the relational streaming operators.

Figure 4.1: Tree representation of the evaluation of a SPARQLStream query rewritten as an alge-
bra expression.

4.5.5 Rewriting other Operators

Query rewriting can be defined for other operators such as aggregates. An aggregate

query pattern is rewritten as follows:

(Agg f aggrlist gp group by exprlist, M)=exprlist′ G f (aggrlist′)(eval(gp, M))

Where G is a grouping aggregator relational operator. The exprlist′ is the list of

expressions for grouping, corresponding to the original exprlist. Rewriting is only pos-

sible if the aggregation functions f in the original query have their equivalents in the

relational expression.

In the case of solution modifiers for window-to-stream transformation (ISTREAM,DSTREAM,RSTREAM),

these only add a corresponding modifier operator on top of the algebra expression tree.

Other modifiers, such as duplicate removal follow the same principle.
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4.6 Query Optimization

In the previous section we described the formal semantics of SPARQLStream based on

query rewriting to algebra expressions. However, the resulting expressions can be in-

efficient at the time of execution. Therefore, it is important to consider using logical

equivalences on these expressions, taken from well known relational static optimization

techniques.

Push-down projection Expressions resulting from query rewriting have projections

already very close to the stream relations, because they are produced at the time of

translating a triple pattern. However, other projections, such as the one resulting from

the SELECT clause in a SPARQLStream query, or the ones in the tree that resulted from var-

ious optimization steps, can be subject to the classical pushdown rule (Abiteboul et al.,

1995). The intuition behind this optimization rule is that by pushing down the projection

operator, we exclude earlier the attributes that are not needed for the evaluation. This

can be applied in unary operators and also in binary operators such as join and union.

For the join (see Figure 4.2), the projection is distributed to the join children, although

the new projected attribute list is the union of the original ones ~a and those present in

the join condition cond.

Figure 4.2: Push down projection.

In the case of the union, the distribution of the projection is straightforward (Fig-

ure 4.3), it is applied to all children of the union.

Figure 4.3: Push down projection in a union.
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Push-down selection Selection operators are commonly generated by FILTER opera-

tors, or triple patterns with a fixed object or subject, and may appear anywhere in the

algebra expression tree. Another common optimization heuristic is to push down selec-

tions, with the intuition that they will produce less intermediate results. In Figure 4.4,

the selection is pushed down to a union operator, distributing the operator to the union

children. In case of joins, the pushdown is not always possible, if it conflicts with the join

condition.

Figure 4.4: Push down selection.

Self-join simplification While in SQL queries and similar relational query languages,

self joins are rare, or the result of a bad query/database design, in query rewriting they

can appear often. For instance, when two or more triple patterns match a mapping with

the same logical stream, they will produce a join on that stream. These self-joins, if

detected, can simplify the resulting algebra expression, eliminating the join altogether

(Figure 4.5). However, the self-join can only be eliminated if the join condition is an

equality on a unique key.

Figure 4.5: Self-join simplification.

Empty-join simplification After the query optimization process, it is possible that

some branches of the algebra tree are simplified (e.g. after a self-join elimination), re-

sulting in empty relations on a leaf node. If one of the children of a join is an empty

relation, then the whole join is empty as well, as illustrated in Figure 4.6. This simple

optimization step can quickly eliminate the need for sending unnecessary joins to the

underlying query processor.

Push-down window The window operator ω can drastically reduce the number of

intermediate tuples to be processed, as it limits the evaluation to a subset defined by
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Figure 4.6: Empty join simplification.

the window boundaries. We push down the window operator as near as possible to the

leafs, in order to cut down the number of tuples at the earliest stage of the evaluation, as

depicted in Figure 4.7. This optimization step is possible for time-based windows, which

are specified at the stream graph level. Therefore it is necessary that the mappings

specify to which stream graph the generated triples will belong.

Figure 4.7: Push down window.

Empty selection A special case that is quite common in query rewriting is the pres-

ence of constants in the triple mappings. In these cases the subject or object is a projec-

tion of a constant function, that can be used in query optimization. If there is a selection

filter whose condition cannot possibly match the constant value, the resulting relation is

empty and it can further simplify the algebra tree.

4.7 Query Results Translation

In Section 4.5 we proposed a query rewriting formalization of the semantics of the eval-

uation of SPARQLStream. The results of the rewritten queries, which are bags of tuples,

need to be transformed into results that conform to the SPARQLStream query form: SELECT,

CONSTRUCT or ASK. We show that in fact, for the SELECT query type the results do not need

any transformation, and for the other two, the modifications are minimal.
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4.7.1 Projected Expressions

In a SELECT query, the rewritten algebra expression is expected to project the expressions

that constitute the answer of the query. An expression can be simply a variable, or even

an aggregate or a function. Each of these expressions is renamed to a variable name that

matches a corresponding SPARQLStream variable. SELECT queries return results as vari-

able bindings (var → value), where var is the variable name and value is the data value

retrieved form the expression evaluation. For example, in Figure 4.8, the projected vari-

ables in the SPARQLStream query are v1 and v4 (which is a complex projection expression

that depends on other variables, namely v2 and v3). These two variables are exposed

by the rewritten algebra expression using a renaming operation (e.g. v1 → e1) over the

expressions e1 and e2, which represent the computed values in the algebra expression.

Figure 4.8: Projected expresions in query results

4.7.2 Construct and Ask

In the case of a CONSTRUCT query, the projection of the algebra expression provides the

variable bindings of the construction template. Then, the only transformation needed

consists in replacing the projected variables in the construction template, instead of

producing variable bindings. This is an implementation step that does not affect the

generation of the algebra expression.

Finally, for the ASK query, the absence of a solution will throw a false value as a result,

and otherwise the boolean true value. In some query languages a conditional operation

can be set up to simulate this behavior, or otherwise it can be implemented out of the

algebra expression by checking the result size.

4.8 Discussion

In this chapter we presented the SPARQLStream language, its syntax and semantics. We

also presented its operational semantics in terms of relational stream algebra. This
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contribution provides a formal specification of how SPARQLStream queries can be rewrit-

ten into languages based on relational models. We will explore in the next chapter the

query rewriting process in detail, and see that DSMS, CEP and sensor middleware can be

queried using particular instantiations of the stream relational algebra.

Moreover, we detailed how the query rewriting uses mapping definitions that de-

scribe how a triple in a virtual stream graph, can be produced from tuples of a relational

stream. The formalization proposed in this chapter with respect to mappings, can be

implemented using standard mapping languages, such as R2RML, as we will see in the

next chapter.

The mapping-based rewriting described in this thesis, differs from other existing

RDF SPARQL streaming approaches, in that it relies on existing stream query process-

ing engines, while allowing high flexibility of mappings from relational streams to RDF

streams. This flexibility is a key asset that allows using SPARQLStream combined with a

wide range of query processing technologies, as detailed in the next chapter, going be-

yond existing approaches that are either attached to a predefined schema and engine, or

others that need to re-implement a query evaluator from scratch.

Finally, we presented static optimization techniques, taken from relational algebra,

that can be applied to SPARQLStream rewritten queries. These optimizations may not

be necessary in an implementation that already performs them internally, but because

SPARQLStream query engines range from advanced DSMS to very simple sensor middle-

ware, we stress their importance. A low-expressiveness language of a sensor middleware

seldom includes advanced operators such as joins and unions, so these optimizations may

allow a query to be executable at all. We did not discuss in detail other possible dynamic

optimizations, based on heuristics, cost-based models and adaptivity, that could be use-

ful in more complex scenarios, when part of the query evaluation is performed by the

underlying query processor and the other is performed by the SPARQLStream execution

engine.
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Chapter 5

Querying Semantic Sensor
Networks

Making use of streaming data, produced by sensor networks and other dynamic data

services, is a challenging task, considering its intrinsic heterogeneity. Data models and

schemas from different streaming data sources may be different, the data types and

structures are not always compatible, and even the data values often use different rep-

resentations. Furthermore, even with agreements on the data types and structures,

higher-level models and concepts can be useful to represent events and situations de-

rived from raw streaming data.

Ontologies have been successfully used as conceptual models that represent a certain

domain. They provide explicit semantic information that can be exploited by data con-

sumers, and they can used to describe queries declaratively. In this chapter we explore

techniques that allow querying raw streaming data from different types of streaming

data sources, exposed in terms of high-level ontological concepts and terms, through a

SPARQLStream query façade with streaming capabilities.

First, we show how ontologies can be used to represent streaming data, such as

sensor observations and the context of their measurements, and how we can describe

mappings that relate these ontological concepts to raw streams. Then, using these map-

pings, we propose techniques that allow ontological queries - e.g in SPARQLStream- to be

rewritten as queries in terms of the raw streams. These techniques rely on the theo-

retical foundations of the language semantics and query transformation presented in

Chapter 4.
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5.1 Design of an Ontology-based Stream Query Processor

In this section we provide the design principles of of an ontology-based streaming data

processor that exposes the data in terms of rich ontological models, using query rewrit-

ing. We provide details that span from the specification of mappings from relational to

ontological models, to query processing and evaluation.

5.1.1 Ontologies for describing Streaming Data

In order to pose queries to streaming data sources in terms of ontologies, it is first neces-

sary to define the vocabularies describing these models. This modeling is usually largely

specific to the domain and use-case, but there are common elements that can be captured

in high level ontologies. Ontology modeling falls outside of the scope of this work, but we

can summarize the elements that are generally included in streaming data queries:

• Time-related concepts: these usually include the time when an observation was

made, or when it was recorded. Although these are usually specific points in time,

they can be intervals as well.

• Location: geographical coordinates, global, or relative to a reference point, indicat-

ing where an action, event or observation takes place.

• Observer: the entity, device or person that produced or authored the observation

data.

• Feature: the entity or phenomena or subject of the observation data.

• Property: related to the description of the type of observation or specific property

that is measured or observed.

• Provenance: describes the origin or sequence of events, actions or sources of the

data.

• Quality: indicates the quality of the streaming data, which can be related to trust,

uncertainty, noise, etc.

While some of these elements may be supported to a limited degree in some stream-

ing queries and data models, they correspond to key requirements and are part of the

current challenges in streaming semantic modeling.
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5.1.2 Declarative Mappings from Streams to Ontologies

Rich ontology models, require to be mapped to the low-level schemas of streaming data

sources, in order to be queried. These mappings may use different approaches such as

GAV, LAV or GLAV to represent the correspondences between the different models. They

also may require dealing with different types of native streaming schemas, because these

may vary depending on the underlying streaming or event processing system.

Declarative mapping specify what are the equivalences between model schemas, and

describe them in implementation agnostic ways. We presented a formal specification of

such type of mappings in Section 4.5.2, but it would need to be written as a concrete map-

ping language. Moreover, it is desirable that a mapping language follows a standard, so

as to allow reuse, wider adoption and avoid redefinition of languages and steep learning

curves. We propose using R2RML, the W3C Recommendation for RDB2RDF mapping

language (seen in Section 2.2.2) for specifying this type of mappings, even if the under-

lying data sources are not relational databases but DSMS, CEP or sensor middleware.

5.1.3 Querying in terms of Ontologies

We presented in Section 4.1 the requirements of ontology-based streaming query lan-

guages, which are suited for this task. In Chapter 4 we presented SPARQLStream, an

example of such language, which follows these guidelines:

• Extending SPARQL with window operators in stream graphs.

• Extending SPARQL with window-to-stream operators.

• Allowing combining static and dynamic triple and graph patterns.

• Allowing aggregation and grouping operators.

• Allowing construction of streams of new instances.

• Querying RDF streams continuously

These features allow querying data streams as if they were instances of high-level

ontologies, that represent Events, Observations, including temporal, spatial and contex-

tual concepts.

5.1.4 Rewriting queries to native streaming languages

In the case of query-rewriting to underlying native query languages, such as the case of

SPARQLStream, it is required that clear semantics are provided, so as to fully understand
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how the original queries are transformed into requests that the streaming or event pro-

cessor can evaluate.

However, the target query language expressiveness may be different, depending on

the features available in the underlying system. For instance, a sensor middleware may

not expose the same rich operators available in a fully blown complex event proces-

sor. Therefore it is required that the evaluation semantics are formally specified in an

abstract way, and that this formalization can be instantiated in a target language, con-

verting the abstract operator in syntactically correct queries or requests. In case that

the query cannot be rewritten, the rewriting is not possible and an error explaining the

causes is expected. It is possible that in some cases, operations unavailable in the tar-

get language can be implemented out of the query processor as post-operations. Simple

unions, formatting and simple functions are candidates for these operations.

5.1.5 Delegation of Query Execution

Depending on the type of query processing engine: DSMS, CEP or streaming middleware,

and the query capabilities available, the delegation of query execution may differ greatly.

Given the lack of wide-spread standards in querying streams and events, the query in-

terfaces are normally different in terms of query language, access and protocol. Given

this heterogeneity, it is required that ontology-based query processing can delegate exe-

cution to different systems in a pluggable way, by means of query adapters and execution

adapters.

These adapters, are not required to transform all the data but are expected to handle

the system-specific details of query languages and query access and protocols, following

a mediation adapter model (Wiederhold and Genesereth, 1997). These include the ability

to:

• Set up a stream

• Pose a snapshot query to streams

• Pose a continuous query to streams

• Retrieve snapshot query results

• Retrieve query results continuously

• Subscribe to query results
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All these operations should be executed in the adapter and must not be exposed

directly to the client. The plug-in nature of adapters should allow adding support to new

type of systems in a transparent way to the querying clients.

5.1.6 Query Results Delivery

As a final requirement, the delivery of results should be provided in different ways,

depending on the type of query interaction. These may include:

• Delivering instant results to a snapshot SELECT, CONSTRUCT or ASK query.

• Delivering continuous results to clients, at request or pull-mode.

• Delivering requests to the client in push-mode through notifications.

• Results delivery as bindings or RDF depending on the type of query, and in different

formats depending on the request.

5.2 Mapping Streams to Ontologies

Our proposal for ontology-based data access to streaming data relies on the use of on-

tologies, to model the incoming information, and mappings that relate the raw stream

schemas to those shared ontologies. Streaming sources such as sensor networks produce

raw and often unstructured data streams, as the example in Listing 5.5. It shows two

sensors (wan7 and imis_wfbe) that have different schemas, although they both measure

wind speed.

wan7: {wind_speed_scalar_av FLOAT,timed DATETIME}

imis_wbfe: {vw FLOAT,timed DATETIME}

Listing 5.1: Heterogeneous sensor stream schemas

There is no commonly-agreed metadata that indicates that these sensors measure

wind speed. Consequently if we want to query these observations, we need to know the

names of the sensors and the names of all the attributes that correspond to the semantic

concept of wind speed. This error-prone task simply turns unfeasible when the number

of available sensors is large.

Using an ontology network such as the one in Figure 5.1, based on the SSN ontology

seen in Section 2.4.2, we can represent sensor data measurements in terms of higher

level concepts. For instance consider the sensor observation in Listing 5.2.
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Figure 5.1: The SSN Ontology combined with domain ontologies, geo and temporal voabularies
forming an ontology network.

swissex:WindSpeedObservation1

rdf:type ssn:Observation;

ssn:featureOfInterest [rdf:type sweetAtmoWind:Wind];

ssn:observedProperty [rdf:type sweetSpeed:WindSpeed];

ssn:observationResult [rdf:type ssn:SensorOutput;

ssn:hasValue [qudt:numericValue "6.245"^^xsd:double]];

ssn:observationResultTime [time:inXSDDatetime "2001-10-26T21:32:52"^^xsd:dateTime];

ssn:observedBy swissex:Sensor1.

Listing 5.2: Wind speed sensor observation in RDF

Each observation (e.g. swissex:WindSpeedObservation1) is linked to a certain feature of

interest, e.g. the wind phenomenon at that location (an instance of sweetAtmoWind:Wind,

from the SWEET ontologies1). Similarly, the ssn:observedProperty indicates the property

of the feature of interest that has been observed. The observation values captured by the

sensor are represented as instances linked to a ssn:SensorOutput through the ssn:hasValue

property. The data values, instances of some data type (e.g. xsd:double), can be linked

to the observation values using specialized properties from vocabularies that represent

quantities (e.g. qudt:numericValue from the QUDT ontology2).

We can map the observations from the original sensor data schemas, to an RDF rep-

resentation according to the ontology described above, using the R2RML language. As

an example, the following mappings indicate how to generate SSN observation values

1In this example the NASA SWEET ontologies are used for representing environmental domain specific
properties: http://sweet.jpl.nasa.gov/ontology

2Quantities, Units, Dimensions and Types: http://www.qudt.org/qudt/owl/1.0.0/
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from the sensor schemas in Listing 5.5. For every tuple in the wan7 sensor, an instance of

the ObservationValue class is created according to the R2RML definition in Figure 5.6 (see

Listing 5.3, the mappings are expressed themselves in RDF).

Figure 5.2: Mapping from the wan7 sensor to a SSN ObservationValue.

The mapping definition indicates first from which sensor it will get the data, in this

case wan7, with the rr:tableName property. The triples, each one with a subject, predicate

and object, will be generated as follows:

• The subject of all triples will be created according to the rr:subjectMap specification.

The URI is built using a template (rr:template rule), which concatenates a prefix

with the value of the timed column.

• The subject will be an instance of ssn:ObservationValue.

• The triples will belong to the virtual RDF stream swissex:WannengratWindSpeed.srdf.

• The predicate of each triple is fixed, in this case qudt:numericValue.

• Finally the object will be a xsd:double, whose value will be retrieved from the

wind_speed_scalar_av attribute from the wan7 stream.

:Wan7WindMap a rr:TriplesMap;

rr:logicalTable [rr:tableName "wan7"];

rr:subjectMap [rr:template "http://swissex.ch/data#Wan5/WindSpeed/ObsValue{timed}";

rr:class ssn:ObservationValue;

rr:graph swissex:WannengratWindSpeed.srdf];

rr: predicateObjectMap

[rr:predicateMap [rr:constant qudt:numericValue];

rr:objectMap [rr:column "wind_speed_scalar_av"]];.
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Listing 5.3: Mapping a sensor to a SSN ObservationValue in R2RML

More triple mappings could be specified in a more complex definition, for example

including several properties and object instances, not only data values.

5.3 Ontology-based Streaming Data Query Architecture

Having defined an ontological representation for sensor observations, we can query the

data values (the actual measurements), using the mappings described in Section 5.2.

Since data values are accessible through DSMS, CEP or sensor middleware, we require

query rewriting mechanisms to transform our semantic queries (e.g. in SPARQLStream)

to queries in terms of the underlying data models. After executing the queries, a data

translation process is performed to transform the incoming tuples into triples that will

become the final result set.

Our architecture is composed of the ontology-based sensor query service and the data

layer (Figure 5.3). The DSMS, CEP or sensor middleware are placed in the data layer, and

provide an underlying streaming data querying interface, which is heterogeneous and

hidden by the ontology-based query service. This component receives queries specified

in terms of an ontology (e.g. SSN ontology network) using SPARQLStream (see Chapter 4).

Since the SPARQLStream query is expressed in terms of the ontology, it has to be rewritten

into queries in terms of the data sources, using the techniques described in Section 4.5,

and the mappings written in R2RML. As a result we expose virtual RDF streams that

can be queried with SPARQLStream. The results are either triples or variable bindings

that are generated from the original data stream, through a translation process. This

process is executed by three main modules: Query rewriting, Query processing and Data

translation.

Query rewriting uses the R2RML mappings to produce streaming query expressions

over the sensor streams. These are represented as the algebra expressions extended

with time window constructs, so that logical optimizations (including pushing down pro-

jections, selections, and join and union distribution, etc.) can be performed over them

(see Section 4.6). These can be easily translated to a target language or stream request,

such as a REST API, as we will see later.

Query processing is delegated to the DSMS, CEP or middleware, which ingests the

translated query or request built from the algebra expression, and can be performed
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Figure 5.3: Ontology-based sensor query rewriting, processing and data translation.

by explicitly requesting the incoming data from a query (pull) or by subscribing to the

new events (triples) that are produced by a continuous query (push). Note that different

streaming query processors may have different expressivities and a SPARQLStream may

not be possible to rewrite to a limited query evaluator.

The final step of data translation takes the pulled or pushed tuples from the stream-

ing data engine and translates them into triples (or tuples, depending on whether it is a

CONSTRUCT or SELECT query respectively), which are the final result.

The architecture presented assumes the existence of mappings, and that these are

already assigned to the source and the current query to be rewritten and executed. How-

ever, in practice there may exist different mappings available, in open or closed repos-

itories that can be maintained by a community. Whichever the case, it is necessary to

indicate at some point which is the mapping definition to be used for a given data source.

In our approach, this is achieved by assigning a set of mappings, to a datasource. This

datasource identifies a given streaming data source and mapping an R2RML mapping. This

operation results in the creation of a virtual RDF stream resource that can be queried

with SPARQLStream. This constitutes a pre-query configuration step that can be executed

once, before multiple SPARQLStream queries to the newly created data resource.

Notice that following this approach, it is possible to expose the same data source with

different mappings, thus creating a set of virtual resources from the same dataset.
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5.4 Query Rewriting Process

The query rewriting process of SPARQLStream to algebra expressions, and some of the

static optimizations possible at this level have been presented in Chapter 4. While in

previous works the task of relating ontology-based queries to streaming query processors

has been addressed using implementation specific approaches, we opted for a general

specification of abstract semantics that can be later instantiated in concrete languages,

depending on the current data source used. Query rewriting is composed of two stages,

the rewriting, which uses the mappings associated with the datasource to produce an

algebra expression, and the optimization, which further refines this expression using

optimization rules. An abstract representation of these steps is depicted in Figure 5.4.

Figure 5.4: Rewriting modules: rewriting a SPARQLStream query to algebra expression, and
optimizing the expressions.

5.4.1 Rewriting to Algebra Expressions

The query rewriting operation takes as an input a SPARQLStream query and a datasource

that represents a virtual RDF stream dataset. The result of the operation is an abstract

algebra expression, as described in Section 4.5, that uses the mapping used in to create

datasource in the configuration step.

At this point the query rewriting process can already detect if the input SPARQLStream

query can be answered or not. for example, if the query includes ontology terms that are

not present in the mappings, the query cannot be answered altogether. Or, if the data

source is not available or has been deleted, the query execution is dropped. The result of

this operation is not directly useful to the end-user, as it explains in abstract terms the

semantics of the query, as operators over relational streams. This representation is used
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for the subsequent steps.

5.4.2 Query Optimization

Static query optimization takes an algebra expression expr and produces a new one that

is semantically equivalent, but after applying the optimization steps described in Sec-

tion 4.6. As we have already mentioned, this step may simplify the query algebra tree

so that it will produce less intermediate results, avoid redundancies in some queries and

avoid unnecessary execution of some of the branches of the tree.

Some query processors with limited expressiveness (e.g. sensor middleware) may

actually need this type of external optimizations in order to run the queries at all. For

instance a processor that does not allow joins may benefit from query optimization when

self joins are eliminated or simplified. However, when even after optimization a query

is not expressible in the target language, then partial execution of the query can be

externalized, and adaptive query optimization can be used in this case.

Although other cost-based and adaptive optimizations can be envisioned after this

step, we did not consider them at this stage, as one of the limitations of this work, and

appears as an interesting future direction.

5.5 Query Instantiation and Delegation

An abstract query algebra expression is instantiated by a Query Adapter specific to the

underlying query processor.This operation will produce a targetquery in a concrete lan-

guage.

A query adapter provides the means to plug a new type of query language, that

can represent the full or at least a subset of the abstract streaming algebra supported

by an RDF streaming query language such as SPARQLStream. An execution adapter, in

turn, provides the access and protocol specific means to connect to the query evaluator,

issue the query and get the results back. At this stage, depending on the available

features of the target query, it can be decided whether the SPARQLStream query can be

answered by the underlying processor. If the target query cannot be instantiated (if it

lacks some feature, e.g. joins of streams), then there is no possible execution and the

query processing ends.

Different expressivity, query language capabilities and execution models exist in the

different target systems, which may result in different query instantiation and delega-

tion mechanisms. We detail the most common cases in the next subsections.

95



5. QUERYING SEMANTIC SENSOR NETWORKS

5.5.1 DSMS Query processing

In the case of DSMS, the query is instantiated as a declarative query, which in most of the

current implementations derives from SQL or the most widely known streaming query

languages CQL. The queries are typically evaluated by a data manager (which can be

distributed in different sub-managers as well, depending on the implementation), and

produce series of results. Depending on the type of query, the results will be available

for pull and push delivery, which again, are available depending on the concrete imple-

mentation.

DSMS typically execute continuous queries, so the query adapter must allow register-

ing queries that can be periodically executed. To do so, it must keep track of the queries,

identified with a queryid. Using this identifier, we can retrieve results for the correspond-

ing query, create subscriptions or remove the query from the evaluator. We will detail

the query evaluation and data retrieval in Section 5.6.

There is a particular case where the DSMS implements in-network query processing:

different nodes of a system are in charge of the execution of a query at the same time that

capture the actual data values. This approach emerges from the intuition that querying

closer to the data may result efficient, especially in terms of processing, as the network

nodes may have limited computational capabilities and scarce energy.

In this case, the SPARQLStream query, rewritten and optimized to an algebra expres-

sion, will be transformed into a query that can be further decomposed and whose opera-

tors may be distributed in the network nodes following cost-based models (Brenninkmei-

jer et al., 2008). The notion that the data is queried in a distributed fashion and that the

actual query operators are performed in the network nodes, is completely hidden from

the user.

5.5.2 Complex Event Processing

CEP have similar features than DSMS and in fact, some vendors ship products that in-

tegrate the functionalities of both of them. Nevertheless, in CEP the focus is on identifi-

cation of patterns that can be identified as concrete events over time. These events are

characterized by means of queries that include patterns. The complexity of these pat-

terns in some CEP may exceed the expressiveness of the corresponding RDF streaming

query language, such as SPARQLStream. For example, temporal sequences of events are

hard to define in SPARQLStream, (e.g. indicating that “this event happened just after this

other event”). These could also be considered as future extensions for RDF streaming

query languages, but for the vast majority of use-cases, the temporal windowing and
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streaming of events generated from query expressions are suitable enough.

The possibility of specifying GLAV mappings using R2RML, by declaring logical streams

in the left-hand side of the mapping, can lead to using these CEP-specific features in our

approach. Because the logical streams in the mappings are completely delegated to the

native CEP, our approach can be easily extended in such cases.

5.5.3 Middleware Query Processing

In many real-world scenarios, direct access to databases, DSMS or CEP is limited or re-

stricted so that it is not possible to apply any of the aforementioned processing alterna-

tives. Instead of direct access, however, it is fairly common to provide streaming data

in form of services over the web. These are managed by streaming data middleware

servers such as GSN or Cosm: the processor used by such middleware is opaque to the

service users, they are only provided with an interface with typically very limited query

capabilities.

For example, they may only allow receiving the latest values, given the name of a

stream. This would roughly correspond to a simple project-all-attributes operation from

a stream. Other services may allow projecting specific attributes, creating simple filters

or even doing aggregates.

In these cases, query parameters and operators, typically expressed in an ad-hoc

syntax, are sent over the network as service parameters. The query adapter for these

queries must be aware of these system-specific query forms and be able to instantiate

an algebra expression into them. The most common types of these interfaces are SOAP-

based services and REST services, which need to be supported by the execution adapter.

Also, the results protocol and formats must be supported by the execution adapter, which

come usually as XML or JSON instances.

5.6 Query Evaluation

After the instantiation and delegation of the query to the underlying DSMS, CEP or mid-

dleware, as seen in the previous section, the query is evaluated. This part of the process

is almost entirely handed over to the external query processor in our approach, which

benefits from the specialized and efficient software available for this purpose. However,

from the point of view of the execution adapter, there are different possible interactions,

depending on the type of query that is being issued and the type of data retrieval that is

required, as seen in Figure 5.5. We discuss these variants in the following subsections.

97



5. QUERYING SEMANTIC SENSOR NETWORKS

Figure 5.5: Query processing: query instantiation, one-off execution, pull and push data deliv-
ery.

5.6.1 Snapshot Queries

In the simplest case, the execution adapter launches a one-shot query, also known as

“fire and forget”. It is executed strictly once and the results are returned immediately.

This is similar to traditional relational database queries, and captures a snapshot view

of the data at the moment when it was launched.

In this case the evaluation adapter performs a executeQuery(targetquery), with the

targetquery parameter representing the rewritten and instantiated query. This results

in a snapshot query execution, and its results are immediately returned as tuples. The

tuples are transformed, if necessary, to the expected SPARQLStream results format, as

bindings or RDF, as described in Section 4.7. Notice that the execution adapter is re-

sponsible for sending the target query, waiting for results and receiving the results back

and managing all the protocol and formatting issues, depending on the type of system

that we are dealing with.

5.6.2 Continuous Queries

Continuous queries are a powerful way of periodically monitoring the data, looking for

patterns and constantly generating results, which is an intrinsic feature of streaming
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systems. In this case, the evaluation adapter must first register a continuous query with

the registerQuery(targetquery) operation. This operation results in the registration of the

query in the system, which will be executed according to the query requirements. For

instance a window query with a slide of 10 seconds, will recompute a window with that

periodicity. The registerQuery operation does not return results but only an identifier of a

data resource that references the continuous results that will be generated by the query.

In subsequent steps, the evaluation adapter may poll for results using the registered

query identifier, or create subscriptions that enable data notifications from the query

processor, each time that there are results for the target query.

5.6.3 Pull-based Data Retrieval

The results of continuous queries can be pulled periodically, if the client explicitly re-

quests it with a pullData(resource) operation. The resource parameter is an identifier

that represents the continuous query registered with the registerQuery operation. Typ-

ically, the evaluation adapter will poll periodically with pullData requests, which may

result in empty results if no data matching the query was produced. Also, the result pro-

duced by the continuous query may grow with time, and it is up to the query processor to

deicde when these results expire or are purged. The client has the ability of Pulling only

some subsets of the data, according to the time they were produced, or limiting them by

cardinality (e.g. only the latest 10 values, only the latest 10 minutes of values).

5.6.4 Push-based Data Retrieval

Instead of pull-based delivery, the client may request a subscription to the results of

the continuous query, by emitting a subscribe(resource) operation. In this case the query

processor will send results to the subscriber each time there is data matching the query.

This is done via a notify operation sent every time there are relevant results. This is a

convenient way for the evaluation adapter to handle real time result delivery, although

it can be complex to implement in web scenarios where publisher-to-subscriber commu-

nication is complicated.

5.7 Implementing Ontology-based Streaming Query Rewrit-
ing

The architecture presented in the previous section, has been implemented for different

DSMS, CEP and sensor middleware, as we describe in the following sections.
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5.7.1 Query Processing

In the previous section we described the query rewriting process, which generates al-

gebra expressions that are generic and can be serialized in different query languages.

While in previous works the processing was limited to specific platforms (Calbimonte

et al., 2010b), we have now implemented adapters for systems with different character-

istics, namely SNEE (DSMS), Esper (CEP), GSN and Cosm (middleware), showing the

generality of our approach.

SELECT ?windspeed ?tidespeed

FROM NAMED STREAM <http://swiss-experiment.ch/data#WannengratSensors.srdf>

[NOW-10 MINUTES TO NOW-0 MINUTES]

WHERE {

?WaveObs a ssn:Observation;

ssn:observationResult ?windspeed;

ssn:observedProperty sweetSpeed:WindSpeed.

?TideObs a ssn:Observation;

ssn:observationResult ?tidespeed;

ssn:observedProperty sweetSpeed:TideSpeed.

FILTER (?tidespeed<?windspeed)

}

Listing 5.4: SPARQLStream query requesting wind speed higher than tide speed.

As an example, we will consider the SPARQLStream query in Listing 5.4, which in-

corporates time windows, filters and two different observations. Suppose that we have

mappings that relate the SSN-based ontology network concepts to the streams wan7 and

wan6 of Listing 5.5.

wan7: {wind_speed_scalar_av FLOAT,timed DATETIME}

wan6: {tide_speed FLOAT,timed DATETIME}

Listing 5.5: Wind and tide speed sensor stream schemas

We show a sample mapping for the wan7 sensor in Figure 5.6. This mapping gen-

erates not only the ObservationValue instance but also a SensorOutput and an Observation

for each record of the sensor wan7. Notice that each of these instances constructs its

URI with a different template rule and the Observation has an observedProperty property

to the sweetSpeed:WindSpeed property. Suppose a similar mapping for wan6, only that has

sweetSpeed:TideSpeed as observed property.

The query translation process will use these mappings to generate an algebra repre-

sentation. As the query terms are matched against the mapping definitions, both sensors
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Figure 5.6: Mapping from the wan7 sensor to a SSN Observation.

are included in the expression, first applying the window to both sensors, and projecting

the required fields to build the URIs and values. Then both are merged in a join, as they

are both part of the query, but the join includes the condition that compares the values of

the wave and tide speed. The result is depicted in Figure 5.7. This can be later serialized

into a query and executed by a query engine.

Figure 5.7: Algebra expresison after query rewriting.

The query engines may accept query languages or requests through APIs, and in

both cases are straightforward to represent as the expressions discussed above. In the

following subsections we discuss four implementations of this approach: the SNEE DSMS,

the sensor web middleware platforms GSN and Cosm, and the complex-event processor
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Esper.

SNEE. SNEE (Galpin et al., 2009) is a streaming data query engine able to integrate

stored relational sources and capable of in-network query evaluation, delegating parts

of the query plan to the sensor nodes. It uses the SNEEql language, which has a well

defined semantics for queries over event streams, acquisitional streams and stored data.

Constructing SNEEql sentences from the algebra expressions we showed in the previous

sections is straightforward. For example, the query in Listing 5.6 is produced for the

expression in Figure 5.7:

SELECT wan7.wind_speed_scalar_av AS windspeed, wan7.timed AS windts,

wan6.tide_speed AS tidespeed,wan6.timed AS tidets

FROM wan7[FROM NOW-10 MINUTES TO NOW], wan6[FROM NOW-10 MINUTES TO NOW]

WHERE wan7.wind_speed_scalar_av>wan6.tide_speed

Listing 5.6: SNEEql translated query

Although SNEE is interesting from the point of view of its ability to perform in-

network query processing, some features like union of windows or joins between streams

are only partially supported in the current prototype.

Global Sensor Networks (GSN). In the GSN sensor middleware, GSN server in-

stances can be queried through web-services or RESTful URL interfaces. The ontology-

based sensor query processor can generate GSN API1 URLs from the algebra expres-

sions, which are executed by the GSN server. Back to our example in Figure 8, the GSN

URL API does not support joins between streams, unless there is a virtual sensor that

already joins them (complex queries can be defined with virtual sensors in GSN through

configuration). Therefore the query is not translatable, but it can be split into two sim-

pler queries and then join the results. We show one of this simpler SPARQLStream queries

(Listing 5.7) and its translation to a GSN URL. We used this implementation in the

Swiss-Experiment use case of Section 7.2.

SELECT ?windspeed

FROM NAMED STREAM <http://swiss-experiment.ch/data#WannengratSensors.srdf>

[NOW-10 MINUTE TO NOW-0 MINUTE]

WHERE {

?WaveObs a ssn:Observation;

ssn:observationResult ?windspeed;

1http://sourceforge.net/apps/trac/gsn/wiki/web-interfacev1-server
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ssn:observedProperty sweetSpeed:WindSpeed.

}

Listing 5.7: Simplified SPARQLStream query

Listing 5.8: Generation of a GSN API URL

http://montblanc.slf.ch:22001/multidata?vs[0]=wan7&

field[0]=wind_speed_scalar_av&

from=15/05/2011+05:00:00&to=15/05/2011+15:00:00

Cosm. While GSN is used in several projects and research initiatives, other wide-open

sensor data systems are emerging, such as Cosm, which offers data management of

real-time data from sensors. The data hosted in Cosm is organized as tagged environ-

ments or feeds, each one having one or more datastreams, which represent an indi-

vidual measuring device, and the actual values, called datapoints. Cosm data can be

queried through a RESTful API, although the complexity of these queries is low, com-

pared to those in GSN. For instance, it is not possible to perform joins nor selections or

aggregates, but it remains an interesting data source for open and large-scale use. The

API allows retrieving the latest datapoints of a certain datastream, or the datapoints

in a time interval specified as part of the request. For example the following request:

http://api.pachube.com/v2/feeds/14321, returns data from the environment with id=14321,

including the list of its data streams. A time-based query can be specified for a particular

datastream, like in the following example:

http://api.pachube.com/v2/feeds/14321/datastreams/4?start=2011-09-02T14:01:46Z&end=2011-

09-02T17:01:46Z

Listing 5.9: Cosm request

In this case the datastream has an id=4, and the time boundaries are given by the

start and end parameters. To query these Cosm streams with our approach, we specify

the environment id as the stream name in the R2RML mapping, and the datastream id

as an attribute name.

Esper. Esper is a commercial event processing engine that supports streaming data

and continuous queries. It provides a rich declarative query language, EPL, with support

for a number of streaming data operators, including time windows. Although the query

syntax is slightly different from SNEEql or CQL, the ideas are similar. For instance,

Listing 5.10 is the translated EPL query for the Listing 5.7 expression.
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SELECT wind_speed_scalar_av, timed FROM wan7.win:time(10 min)

Listing 5.10: EPL translated query

One of the features of Esper is that it supports both pull and push based delivery

of query results. While all the previous implementations we explored dealt only with

pull mechanisms, we implemented a push adapter for Esper. In fact the query rewriting

phase as such does not change at all (only the serialization to the EPL syntax has to be

handled, as mentioned above), but it is mainly the data translation phase that changes.

Each time that Esper notifies about a new event, this data is translated to tuples (or

triples) and a new event is raised to the subscriber, containing the new tuples (or triples)

as argument.

5.8 Discussion

We presented an architecture for ontology-based querying for streaming data sources us-

ing SPARQLStream. Our approach is based on the query rewriting techniques introduced

in Chapter 4, which requires mappings from streams to ontological concepts. We pro-

posed using R2RML for representing such mappings, and showed feasibility evidence for

a wide range of existing streaming data engines such as DSMS, CEP and sensor middle-

ware.

Our approach can be compared to existing systems that enable streaming or time-

aware SPARQL query provision. We summarize the characteristics of SPARQLStream com-

pared to these systems in Table 5.1. Of these τSPARQL and TA-SPARQL are not de-

signed for continuous processing, and as such do not meet the needs of streaming data

processing. CQELS implements an RDF stream native query processor, but as such it

re-implements functionality already existent in already available processors, and can-

not be plugged to existent streaming engines, unless through an adapter which would

incur in overhead. EP-SPARQL is also an implementation from scratch, although based

in logic programming. C-SPARQL also relies in an internal DSMS, although it is limited

to certain implementations and does not provide flexible mapping-based rewriting, but

fixed schemas.

Although SPARQLStream provides flexibility in the number of supported underlying

platforms, based on declarative mappings and query rewriting, it comes at a cost. This
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is mainly due to the overhead of query rewriting and data translation from the incoming

data source. The cost is highly variable depending on the type of data model, format

and protocol used to communicate with the DSMS, CEP or middleware associated. Also,

the expressiveness of the streaming data language may limit the range of SPARQLStream

queries that can be rewritten and executed in the target processor.

Table 5.1: Comparative table of SPARQLStream ontology-based system and alternative ap-
proaches.

Finally, we note that some of the approaches developed concurrently to SPARQLStream

have additional features, that could also be incorporated in the future. For instance

sequencing patterns, or reasoning. While sequencing may require only a corresponding

operator in the target language, reasoning needs meta-level knowledge, as explored in

query rewriting-based reasoning for SPARQL (Pérez-Urbina et al., 2009). An logical trend

for these SPARQL extensions would be to converge towards a common standard, although

for different needs, the very distinct types of implementations may remain necessary.
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Chapter 6

Sensor Metadata and Data
Characterization

With more and more sensors deployed every day, and the increasing number of its ap-

plications, it becomes expensive and difficult to manage the data produced by these nu-

merous and heterogeneous sensor nodes. An example of this scenario is the Swiss Ex-

periment1, a multi-disciplinary project and platform that enables real-time experiments

through a large-scale federation of environmental sensor networks. The data collected

from the Swiss Experiment sensors includes measurements of temperature, CO2, mois-

ture, etc., mainly in the Swiss Alps. However, the data is heterogeneous as it comes from

different geographical locations, with different time spans (e.g. observations collected

during 1 year, 3 months, etc.), as well as varying sampling rates (e.g. per minute, per

10 minutes). Moreover, the metadata for these sensor types is not always complete and

coherent. As an example, to indicate that a sensor measures temperature (i.e. the ob-

served property), different sensors use various tag names, like “temperature”, “temp”, “t”,

“msptemperature”, “tp”, etc. These user-generated pieces of metadata are inherently noisy,

and constitute a big challenge for sensor data management and analysis, because the

semantics of the data are hidden behind these textual tags. This is a major obstacle for

any correlation, search, aggregation or fusion task on sensor web data.

In less-controlled scenarios than the Swiss Experiment, the problems of heterogene-

ity are even more noticeable. For instance in the Cosm web platform, users also use tags

as metadata for their sensor streams, identifying which types of measurements they are

1Swiss Experiment: http://www.swiss-experiment.ch/
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publishing. Projects like the Air Quality Egg1, aiming at promoting air-quality participa-

tory sensing, enable almost any citizen to publish measurements at web-scale. However,

the user-provided metadata is often incomplete. For instance, a tag may denote a lo-

cation (e.g. “madrid”), or an observed property (e.g. “co2”) or even a project name (e.g.

“airqualityegg”) or a unit of measurement, etc. In many cases these tags are misleading

or they are not provided at all, making it very hard for other users to query or make use

of this data.

Even though there are techniques for representing semantically-enriched sensor meta-

data using standardized vocabularies and ontologies (Compton et al., 2009a), these often

require manually mapping or annotating the sensor streams. However, many of the sen-

sor metadata properties can be extracted from the actual data values of the sensor data

sources, by looking at patterns and behavior of the sensor time series. In this chapter we

propose an approach for sensor data analysis that infers semantic properties such as the

type of observed property, using the raw sensor observations as input. We summarize

the main contributions of our approach as follows:

• We propose novel method for representing time series as distributions that repre-

sent the slopes of a linear approximation of the initial numeric sensor measure-

ments.

• Based on the statistics of the observation slopes, we infer the type of observed

property of the sensor measurements. We use a supervised classification method

that exploits the similarity of the slopes distributions. Additionally, we study the

classification using smaller subsets of the data.

• We provide a mechanism for enriching sensor metadata, based on the SSN Ontol-

ogy (Compton et al., 2012), with the metadata inferred from the observation slopes.

• We build an architecture for linking raw sensor measurements to high-level se-

mantics, and validate our method using two real-life environmental sensor datasets.

6.1 From Raw Measurements to Semantic Metadata

Sensor data is typically represented as time series, describing the evolution over time

of a certain observed property. Raw sensor data without any metadata that describes

1AirQuality Egg http://airqualityegg.wikispaces.com/
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it, has limited use as it is hard to discover, integrate or interpret. While in controlled

environments the sensor metadata can be reasonably well managed and controlled by

the data owners, in the context of the sensor web, where any citizen is able to produce

and publish data, it becomes a more difficult task. While semantic metadata has been

shown to be effective for managing large sensor metadata repositories (Babitski et al.,

2009; Henson et al., 2009; Wei and Barnaghi, 2009), current proposals require expensive

manual curation and tagging (Calbimonte et al., 2011d). However, these approaches do

not look into the data values, from which we can derive some of these metadata proper-

ties using analysis and mining techniques.

We depict in Figure 6.1 our architecture for deriving semantic metadata from sen-

sor data measurements. The approach includes characterizing sensor time series and

extracting their observed property types to enrich sensor metadata, and consists of four

main layers:

• At the sensor deployment layer, sensor nodes provide initial measurements in

terms of real-time numerical values, e.g. air temperature, relative humidity, etc.,

in terms of a given unit of measurement. These measurements are collected as

streams of data values.

• In the semantic sensor analysis layer, we first use linear approximations to rep-

resent subsets of the sensor data streams, and calculate the slopes of the linear

segments, from which we derive slope distributions. Based on the sensor slopes,

we are able to compute similarity between sensor data series, inferring the ob-

served property types through classification. Our approach needs only a small

partial subset of the data to characterize a data stream.

• From the analysis layer, we integrate the new inferred information into the se-

mantic metadata. Using the SSN Ontology as a basis, and combined with domain

specific ontologies, this enriched metadata is made available for further processing,

querying or reasoning.

• In the application layer, users can build tools and visualizations to query such

sensor data and receive results that include the new metadata computed by the

analysis layer.

The deployment layer is usually built using sensor or stream data management sys-

tems. These systems centralize the data captured by the devices and provide storage,
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Figure 6.1: An architecture for inferring semantic sensor metadata from raw measurements.

query interfaces and streaming operators. An example of these semantic streaming

query interfaces is SPARQLStream, described previously in Chapter 4. As for the se-

mantic metadata, we built upon previous work on semantic management of sensor net-

works (Calbimonte et al., 2011d), centered on the use of the SSN Ontology (see Sec-

tion 2.4.2 for details), coupled with domain ontologies and vocabularies for quantities

and units of measurements. For the analysis of the time series, we propose a representa-

tion based on the slopes of a linear approximation of the data, as described in Section 6.2.

Then these representations can be used to compare and find similarities among new and

existing time series, classifying them according to the detected observed property type,

etc. As a result, we are able to complete and query the sensor metadata, as detailed in

Section 6.3.
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6.2 Representing Sensor Data with Segment Slopes

In some types of sensor data, such as environmental time series, similar patterns can

be observed periodically over time. These patterns can be characteristic to a type of

sensor data, and therefore may help an observer to recognize it. If we represent a time

series using a linear representation, such as the one in Figure 2.9, the patterns of the

data can be associated to the angles of the linear segments or its corresponding slope.

For instance, a steep slope indicates a sudden increase of the measured property. The

intuition is that if these slopes are repetitive over time, we can build slope distributions

that can be representative of a type of time series. Using slopes makes it possible to find

similarities between time series that not necessarily have the same value ranges but

similar behavior, e.g such as the air temperature in two different locations.

Figure 6.2: Piecewise linear approximation, construction of the convex hull for the points com-
prised between beg i and endi.

6.2.1 Background: Piecewise Linear Representation

As seen in Section 2.5, we can use linear segments to approximate a time series (Piece-

wise Linear Representation, PLR), and analyze the trends by observing the angles that

the segments form (Section 2.5.1). Notice that the number of points for a segment can be

variable (adaptive approximations). We used the algorithm of (Buragohain et al., 2007)

for the construction of piecewise linear histograms.

Consider we have a time series of n data points X = x1, x2, ..., xn, and we want to fit it

in m << n segments. The algorithm maintains a set B of buckets bi = hi,beg i, endi, l i, r i,hi,

where hi is a convex hull of data points, and (beg i, l i), (endi, r i) are the coordinates

of the segment that best fits the convex hull (the segment that bisects the thinnest

bounding rectangle of hi (Buragohain et al., 2007)). The slope of bi can be calculated

as slope(bi) = r i−l i
endi−beg i

. The algorithm adds elements to B from X , until there are no

buckets available, and then it starts to merge those adjacent buckets bi and bi+1 that
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combined produce the smallest increase in total error. Merging is reduced to a convex

hull merge of hi and hi+1. The algorithm iterates until all elements of X have been

placed in a bucket. The resulting set of segments of each bucket bi is the linear approxi-

mation of X .

For instance in Figure 6.2, the convex hull hi encloses 8 data points and its minimum

rectangle is bisected by the thick black segment defined by the points (beg i, l i), (endi, r i).

This is the linear representation for these 8 points. During the computation of the linear

representation, if merging hi with the next hull hi+1 reduces the approximation error,

they will form a new single hull with its own bisecting segment. Once we apply this PLR

algorithm we have the time series represented as line segments, each with a distinctive

slope.

6.2.2 Slope Distributions

To build the slope distributions, we first compute a linear approximation of the time

series, using the algorithm described in Section 6.2.1. It is possible to create linear

approximations of different accuracy, depending on the number of segments per unit of

time. For instance for a time series of 30 days, if we use 4 segments per day, their slopes

will reflect coarse-grained changes in the data during each day. Time series of originally

different sampling times, can be represented using the same segment/day rate, in order

to be comparable. Obviously, if the original sampling interval is greater than the number

of segments/day, the representation with that rate is not possible.

Once the linear representation is built, we can compute the slopes and analyze them.

The slope or gradient space, bounded in the [∞,−∞] interval for the possible angles

[π2 ,−π
2 ], can be divided in sectors, each represented with a symbol α j from an alphabet A

and we can assign each segment to its corresponding symbol. We propose using the seg-

ment representation discussed in the previous section, to compute slope symbolizations,

which characterize a time series as a sequence S of symbols si from an alphabet A that

correspond to a type of slope.

In this way, we characterize a time series by the type of variations present in the

sensor data, regardless of the data values. For example if we divide the angle space in

4 sectors (labeled a,b, c,d), at intervals of π
4 , we can match each segment slope with one

symbol. For instance in Figure 6.3 we have 4 segments, whose symbolic representation

is adac, by matching each slope with a symbol.

Having this symbolic representation of the slopes, it is possible to compare them
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Figure 6.3: Slopes symbolization. The angle space in this example is divided in 4 sectors, each
of π

4 . According to which division the segments falls in, it is assigned a symbol.

to check if two series have similar slope patterns. One simple way to do so, is to gen-

erate symbol distributions, or histograms that count how many symbols of each type

exist in a time series. So a distribution of a sequence S can be defined as a set DS

of elements dα j = |{si ∈ S, si = al pha j
} |, for all symbols in A. For the previous exam-

ple, it would be a vector 2,0,1,1, which can be normalized by the total elapsed time,

so that we can compare series encompassing different time spans. A simple distance

measure is the euclidean distance, defined for two distributions DS1 ,DS2 of length n as:

deucl(DS1 ,DS2)=
√∑n

i
(
dS1 i −dS2 i

)2

While most symbolizations are computed using the magnitudes of the linear seg-

ments, we use the angles, because these provide information about the trend of the time

series, regardless of the scale.

6.2.3 Choosing the angle divisions

Although we can arbitrarily choose how to divide the angle space (e.g. 4 sectors of π
4 as

in the previous example), the actual angles may be more concentrated in some intervals

than others. For instance time series with highly changing angles such as wind speed,

may have steeper gradients than a more stable series. Taking into account this fact,

we propose to analyze the training data sets to determine an angle division that better

represents the actual distribution of angles in the training set. We opted for dividing

the angle space such that every division holds the same number of angles of the training

data. For instance, we plotted in Figure 6.4 a histogram that represents the distribution

of angles in a training dataset of AEMET meteorology time series. As it can be seen the

angles are concentrated near 0 and are scarcer when approaching to π
2 and −π

2 .

Using this distribution information, we can divide the angle space in divisions that
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Figure 6.4: Distribution of the angles between
[−π

2 , π2
]
, for the AEMET training set.

hold the same number of angles of the training data. Notice that we can choose the

number of divisions as an input parameter.

6.3 Deriving Semantic Metadata

After establishing how the data is segmented and symbolized, we can use the symbol

distributions for data analysis tasks to help understanding the semantics of the data.

Given a time series, if it does not contain appropriate metadata, the potential user of

this data can use already analyzed time series with their metadata and compare the

new one with them. We show how this can be done using our symbolization and a simple

classification scheme, even with a partial subset of a time series.

6.3.1 Semantic Descriptions

A semantic description of an observation is a collection of statements that includes the

observed property (e.g. humidity, pressure), feature of interest (e.g. the air at some

location), unit of measurement, among others. For instance, using the vocabulary of

the SSN Ontology Compton et al. (2012), we describe a wind speed observation in List-

ing 6.1. The observation, identified as swissex:WindSpeedObservation1, has been observed

by sensor swissex:SensorWind1 and reported a value of 6.245. The sensor observed property

type cf-property: wind_speed (speed of the wind feature) is defined in a domain specific vo-

cabulary (in this case the Climate and Forecast vocabulary defined by the W3C SSN-XG

group1). Additional metadata about this observation are omitted for brevity.

1C&F vocabulary: http://purl.oclc.org/NET/ssnx/cf/cf-property
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swissex:WindSpeedObservation1 rdf:type ssn:Observation;

ssn:featureOfInterest cf-feature:wind;

ssn:observedProperty cf-property:wind_speed;

ssn:observationResult

[rdf:type ssn:SensorOutput;

ssn:hasValue [qudt:numericValue "6.245"^^xsd:double]];

ssn:observedBy swissex:SensorWind1;

Listing 6.1: Wind Speed observation in RDF according to the SSN ontology

Concretely, the cf-property:wind_speed property indicates that this is an observation

of wind speed, and it has further semantic information in the Climate & Forecast on-

tology, as seen in Listing 6.2. It states that it is a property of the wind (cf-feature:wind)

and is a property of the more general speed quantity (qu:speed). In order to extract this

information, the type of observed property from an unannotated dataset, we propose

the classification scheme in the next subsection. The goal is basically to identify the

ssn:observedProperty for a time series.

cf-property:wind_speed rdf:type dim:VelocityOrSpeed;

rdfs:label "wind speed";

ssn:isPropertyOf cf-feature:wind;

qu:propertyType qu:scalar;

qu:generalQuantityKind qu:speed.

Listing 6.2: Wind Speed property according to the Climate and Forecast vocabulary

6.3.2 Data Classification

Given two sets of time series, a training set already annotated according to the type

of data that is captured, and an unannotated test set, we are interested in finding the

observed property for the second set. Assume we have a collection D of symbol distribu-

tions D1, ...,D i, ...,Dn as a training set, each of them corresponding to a time series tsi,

already classified with a type observed property (e.g. “wind speed”). The classification

task consists in finding the best property for time series tstest in the test set.

We can use a simple k-nearest neighbor scheme, which has been successfully used for

time series classification Lin et al. (2007); Xing et al. (2010). First, the time series tstest is

segmented and symbolized. Then, we generate a symbol distribution Dtest, as described

in Section 6.2.2, which can be compared iteratively with each of the distributions D i

in D. From the k distributions closer to Dtest, we select the observed property of the

majority.
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6.3.3 Using Partial Data Subsets

This classification technique may use all the complete time series for computing the sym-

bolization and the slope distribution. However, for types of data with recurring patterns

such as the ones present in environmental and meteorological data, using a smaller sub-

set of data can be enough to extract the feature that helps detecting the type of observed

property. In that case for the construction of the linear representation of the data, we

simply choose a subset of the original data: X = x1, x2, ..., xn, with a different n′ such that

n′ < n.

6.3.4 Querying using the Analysis Results

After executing the classification, we can use the extracted information to complete the

sensor metadata, that is then available for querying. In Listing 6.4 we show a simple

SPARQL query that asks for sensors that measure air temperature.

SELECT ?sensor

WHERE {

?sensor a ssn:Sensor;

ssn:observes cf-property:air_temperature.}

Listing 6.3: Query all sensors that measure air temperature

The streams produced by sensors can be seen as streaming datasets, whose meta-

data can also be queried. The stream, identified by a URI, can be seen as an unbounded

dataset of observations, some of which are actually used to compute the slope symboliza-

tions and classification described above. The observed properties obtained for the sensor

(e.g. cf-property:air_temperature) are therefore the observed properties of the stream ob-

servations. We can also query for more general types of data, for instance, the generic

temperature property. In Listing 6.4 we ask for all stream URIs of sensors that measure

some type of temperature.

SELECT ?stream ?observedProperty

WHERE {

?sensor a ssn:Sensor;

ssn:observes ?observedProperty.

?stream ssn:isProducedBy ?sensor.

?observedProperty qu:generalQuantityKind qu:temperature.}

Listing 6.4: Query all streams of sensors that measure air temperature

Furthermore, we can expose the similarity measurements computed between the

time series, so that users can also query this information. As an example, in Listing 6.5
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we use the Similarity Ontology1(sim) to represent the computed distance between two

series, using our slope representation. Then we can query, for instance the top 5 series

similar to a given time series.

swissex:slopeSim1_2 a sim:Similarity;

sim:subject swissex:timeseries1;

sim:object swissex:timeseries2;

sim:weight 0.32;

sim:method swissex:SlopeDistributionDistance.

Listing 6.5: Slope distribution similarity between two time series

This type of queries allows users not only to use the final results of a classification

task, but also to query more detailed information including the precision of the compu-

tations. This information can be used to validate this metadata or provide insight about

the analysis process and the relationship of a sensor stream with other streams. In the

case of the early detection of the observed property of a time series, the user may be inter-

ested in knowing, for example, how many days of data are typically used for classifying

those sensors that measure wind speed 6.6.

SELECT ?sensor ?dur

WHERE {

?sensor a ssn:Sensor;

ssn:observes cf-property:wind_speed.

?timeseries ssn:isProducedBy ?sensor.

?timeseries swissex:duration [qu:numericalValue ?dur].}

Listing 6.6: Query the number of data days used for classifying wind speed sensors

6.4 Discussion

We presented in this chapter an approach for characterizing potentially unknown sen-

sor data streams. In particular we identify the type of data from sensor data sources,

using a symbolic representation of the time series slopes. We have shown how this repre-

sentation can be used for enriching semantic sensor metadata. We have shown specific

use cases of time series data classification, providing similarity measures, and meta-

data aggregation that can be queried in terms of high-level standard ontologies. In

Section 8.4 we will show our evaluation of this approach with real-life datasets of the

Swiss-Experiment project and AEMET, in terms of precision and recall.

1The Similarity Ontology: http://purl.org/ontology/similarity/
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Chapter 7

Experimentation with
SPARQLStream

The query rewriting and data translation approach described in Chapter 5, using the

SPARQLStream query language detailed in Chapter 4, has been successfully used in sev-

eral projects an implementations. Each of these projects presented different require-

ments and technological challenges. We discuss three of them in the following sections:

SemSorGrid4Env, Swiss Experiment and Ciudad2020.

7.1 SemSorGrid4Env

The main objective of the SemSorGrid4Env1 project was to specify, design, implement,

evaluate and deploy a service-oriented architecture and middleware which allows appli-

cation developers to build semantic-based sensor network applications for environmental

management (Gray et al., 2011a).

One of the specific goals of SemSorGrid4Env was to design and implement an ontology-

based data integration service for streaming and stored data. The integration service in-

teracts with other components of the SemSorGrid4Env architecture (Gray et al., 2011a)

through web service interfaces (see Figure 7.1).

The resulting Integration and Query Service (IQS) provides the following functional-

ity:

• Create an integrated data resource exposed through an ontological schema, given

a set of streaming data resources and a mapping document.

1Semantic Sensor Grid for Rapid Application Development for Environmental Management, FP7: http:
//www.semsorgrid4env.eu.
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Figure 7.1: SemSorGrid4Env architecture components (Gray et al., 2011a).

• Query integrated data resources using a SPARQL extension for streaming data

(SPARQLStream), while the service internally accesses the underlying data sources.

• Provide data access to the continuous data queries registered for the integrated

data sources.

• Register the created data resources in the SemSorGrid4Env Registry (Karpathio-

takis et al., 2011; Koubarakis and Kyzirakos, 2010).

• Provide metadata for the integrated data resources in the form of property docu-

ments as specified in the architecture (Gray et al., 2010).

The system developed consists of two main components. The first is a software li-

brary1 that is capable of translating SPARQLStream queries into data stream queries in

the target language SNEEql in terms of the underlying stream schemas, and then execut-

ing these queries and returning the results as SPARQL bound variables. This component

is called Semantic Integrator, whose core is implemented following the query rewriting

principles described in Chapter 5. The other component is a service layer on top of the

Semantic Integrator: the Integration and Query Service (IQS), which provides a web

service interface according to the SemSorGrid4Env architecture specification.

1Code: https://code.google.com/p/semanticstreams/
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7.1.1 Semantic Integrator

The integrator receives queries specified in terms of the classes and properties of the

ontology using SPARQLStream. In order to transform the SPARQLStream query, expressed

in terms of the ontology, into queries in terms of the data sources, a set of mappings must

be specified in R2RML. This target of the query rewriting process is the continuous query

language SNEEql, which is expressive enough to deal with both streaming and stored

sources. Note that query execution in sources such as sensor networks may include in-

network query processing, pull or push based delivery of data between sources, and other

data source specific settings. The result of the query processing is a set of tuples that the

data translation process transforms into ontology instances.

Query Rewriting: During query rewriting, the following phases can be identified:

• Query Parsing. First the incoming SPARQLStream query, specified in terms of

an ontological schema, is parsed using an extended version of the ARQ SPARQL

parser1. Consequently the result of this phase is an extension of the ARQ SPARQL

abstract syntax tree. This tree can be easily explored to find the elements that will

later be mapped and translated.

• Mapping Reading. The stream-to-ontology mapping is read and the relevant

mappings to the SPARQLStream input query are extracted. These mappings are

provided as an input to the translation phase. The handling of the R2RML mapping

language is provided by the Morph RDB2RDF tool2.

• Rewriting. The rewriting phase uses the SPARQLStream syntax tree and the rele-

vant mapping definitions to construct streaming relational algebra trees. These al-

gebra expressions can be optimized using standard static optimization techniques,

as in Chapter 5.

Query Processing. In this stage the Semantic Integrator delegates query execution

to the distributed query processing service (Calbimonte et al., 2011a). In order to be able

to be used by the Query Executor sub-component, a wrapper class must be implemented

for the specific engine. Currently it is a wrapper of a SemSorGrid4Env web-service im-

plementation of the streaming data service. Alternatively, the SNEE engine is supported

natively through its Java API.

1http://jena.sourceforge.net/ARQ/
2Morph: https://github.com/jpcik/morph
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Data Translation. After the results are returned by the Query Processing component,

they are translated again to instances of the ontologies referenced in the original query.

This process requires again the mappings of the translation phase and results are re-

turned as SPARQL bound variables.

7.1.2 Integration and Query Service

The functionality exposed by the IQS is specified by the Integration, Query and Pull

Data interfaces of the SemSorGrid4Env architecture (Gray et al., 2009). The available

methods for the integration interface are:

• IntegrateAs: Creates a data resource which presents the global view over a set of

data sources. Takes as an input a data resource name (e.g. a sensor data source)

and a mapping document (i.e. an R2RML file). The result is a new data resource to

which SPARQLStream queries can be posed.

• AddSource: Add one or more data sources to the set of known data sources. Takes as

input the names of the resources to add.

• RemoveSource: Remove one or more data sources from the set of known data sources.

Takes as input the names of the resources to remove.

The operations for the Query Interface:

• GetSPARQLPropertyDocument: Returns the core property document values associated

with the service implementing this message. The property document contains se-

mantically annotated metadata about the query resource.

• DestroyDataResource: Destroy the named data resource; future messages directed at

the resource must yield a fault indicating an invalid resource. Therefore the data

resource is no longer available for querying.

• SPARQLExecute: Directs a query document to a data resource. Takes as an input the

name of the resource to be queried (e.g. a SPARQLStream service endpoint) and the

query to be executed. This operation launches a one-off query, and returns the

results immediately.

• SPARQLExecuteFactory: Creates a relationship between a data resource representing

the result of a query and the data access service by which it will be accessed.

This operation will create a continuous query (e.g. a SPARQLStream query) whose
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results will be accessible in a data resource accessible for pull access. The operation

returns the name of the data resource associated to the continuous results.

Finally the operations of the data interface:

• GetDataResourcePropertyDocument:Retrieves the PropertyDocument for the pull stream

response resource.

• GetStreamItem: Retrieves a specified count of stream items from the pull stream ser-

vice from a specific point in the available history. Takes as input the data resource

name, data format, number of maximum results and an offset.

• GetStreamNewestItem:Retrieves the most recent stream items in the pull stream re-

sponse resource up to the specified count.

Figure 7.2: IQS Integration and Query Service operations interactions.

The service implementation is based on the capabilities of the Semantic Integrator

library described in Section 7.1.1. Examples and details of the whole process of query

translation and execution is provided in Chapter 4 and in (Calbimonte et al., 2011a).

7.1.3 Use-case: Coastal Sensors for Flood Warning

One of the use cases of SemSorGrid4Env includes a flood response planning application

that uses data from sensor networks continuously monitoring the sea-state in the south-
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ern coast of England. For this application, the sensor readings need to be put in context

by integrating them with other sources of data about the surrounding environment.

A key challenge in this context is integrating data from heterogeneous sources, both

in terms of the data modality (i.e. streaming and stored) and its representation (i.e. the

schema used). We addressed this problem by using the IQS service and the Semantic

Integrator described previously (Section 7.1.1). Through the Integration interface, the

semantic integrator supports the creation of a virtual data source in which the data from

multiple physical data sources appear to co-exist in a single data model. The virtual data

source can be queried through the Query interface and query answers retrieved through

either the Data Access or Subscription interfaces, as described in Section 7.1.2.

One example SPARQLStream query is presented in Listing 7.1. It characterizes an

over-topping event over an ontological observation model based on the SSN Ontology1

for sea-state readings. The event is characterized by the measured wave height being

greater than the associated storm threshold value for a specific sensor.

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>

PREFIX CoastalDefences: <http://www.semsorgrid4env.eu/ontologies/CoastalDefences.owl#>

SELECT ?location ?waveHeight ?stormThreshold ?observedTime

FROM NAMED STREAM <http://semsorgrid4env.eu/ns#waveStream.srdf>[NOW]

WHERE {

?WaveObs rdf:type ssn:Observation;

ssn:observationResult ?waveHeight;

ssn:observationResultTime ?observedTime;

ssn:observedProperty ?waveProperty;

ssn:featureOfInterest ?defence.

?defence CoastalDefences:hasLocation ?location;

CoastalDefences:hasStormThreshold ?stormThreshold.

?waveProperty rdf:type CoastalDefences:WaveHeight.

FILTER(?waveHeight > ?stormThreshold).

}

Listing 7.1: SPARQLStream query that characterizes an over-topping event in terms of an obser-
vation ontology.

1SemSorGrid4Env ontologies: http://www.semsorgrid4env.eu/ontologies/
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7.1.4 Rewriting Examples for Coastal Sea Sensors

Most of the real SemSorGrid4Env data sources are low throughput environmental sen-

sor streams, with update rates that range around 5 or 10 minutes. We have worked

with a series of streams, which can be classified in three groups: meteorological, wave

streams and tide streams. For each sensor location, a different extent name exists. So

for instance, a tide stream for a deployment in Hernebay is named envdata_hernebay_tide.

We provide the stream schema of a meteorological sensor in Listing 7.2.

envdata_folkestone: {

Timestamp integer,

DateTime string,

TAir float,

WDir float,

GustSpeed float,

WindSpeed float,

AirPressure float }

Listing 7.2: Example of a meteorological stream schema.

The Timestamp attribute represents the stream tuple time, used for stream ordering

and windowing. The rest of the attributes contain the observation values. For instance

TAir represents the measured air temperature value, or the WindSpeed represents the

wind-speed value measured in that location (i.e. the Folkestone meteorological sensor

station). We detail some example queries in SPARQLStream and its corresponding rewrit-

ten query in SNEEql.

Time-based window query This simple SPARQLStream query (Listing 7.3) requests

the wave height observed values (i.e. observations with observed property cd:WaveHeight)

of the last 10 minutes, observed by the Milford station sensor.

PREFIX sb: <http://www.w3.org/2009/SSN-XG/Ontologies/SensorBasis.owl#>

PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX cd: <http://www.semsorgrid4env.eu/ontologies/CoastalDefences.owl#>

PREFIX ssg: <http://semsorgrid4env.eu/ns#>

SELECT ?wavets ?waveheight

FROM NAMED STREAM <http://semsorgrid4env.eu/ns#ccometeo.srdf>

[NOW - 10 MINUTE SLIDE 10 S]

WHERE {

?WaveObs a ssn:Observation;

ssn:observationResultTime ?wavets;

ssn:observationResult ?waveheight;
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ssn:observedProperty cd:WaveHeight;

ssn:observedBy ssg:MilfordSensor.

}

Listing 7.3: SPARQLStream query requesting wave height observations at Milford in the latest 10
minutes.

In this case, there is no need to request any stream other than the one that holds

the Milford data: envdata_milford. Also, a sliding window of 10 minutes is applied to

this stream, as shown in the rewritten query algebra expression in Figure 7.3 (and the

corresponding SNEEql query in Listing 7.4), using the semantics of Chapter 5.

Figure 7.3: Algebra expression generated for the SPARQLStream query in Listing 7.3.

(SELECT Hs AS waveheight, DateTime AS wavets

FROM envdata_milford[FROM NOW-10 MINUTES TO NOW-0 MINUTES SLIDE 10 SECONDS] envdata_milford);

Listing 7.4: SNEEql query rewritten.

Union queries In this example, instead of focusing on a specific sensor location, we

request all wave height observations available (Listing 7.5). Because there are several

streams that provide wave height data, the resulting rewritten query performs a union

over these streams, as seen in the algebra expression of Figure 7.4 (See the instantiated

SNEEql query in Listing 7.6).

PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX cd: <http://www.semsorgrid4env.eu/ontologies/CoastalDefences.owl#>

PREFIX ssg: <http://semsorgrid4env.eu/ns#>

SELECT ?wavets ?waveheight

WHERE {

?WaveObs a ssn:Observation;

ssn:observationResultTime ?wavets;

ssn:observationResult ?waveheight;
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ssn:observedProperty cd:WaveHeight;

ssn:observedBy ?sensor.

}

Listing 7.5: SPARQLStream query that requests wave height observations.

Figure 7.4: Algebra expression generated for the SPARQLStream query in Listing 7.5.

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_bidefordbay) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_boscombe) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_bracklesham) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_chesil) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_folkestone) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_goodwin) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_haylingisland) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_hornsea) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_looebay) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_milford) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_minehead) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_penzance) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_perranporth) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_pevenseybay) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_rhylflats) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_rustington) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_rye) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_sandownbay) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_seaford) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_startbay) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_torbay) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_westbay) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_westonbay) UNION
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(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_weymouth) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_wavenet_poolebay) ;

Listing 7.6: SNEEql query rewritten performing a union over the streams.

Stream join queries A useful feature for environmental coastal sensor applications is

the ability to correlate and combine data from different sensors. The following SPARQLStream

query (Listing 7.7) requests wave heights higher than a tide height in the Milford loca-

tion.

PREFIX sb: <http://www.w3.org/2009/SSN-XG/Ontologies/SensorBasis.owl#>

PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX cd: <http://www.semsorgrid4env.eu/ontologies/CoastalDefences.owl#>

PREFIX ssg: <http://semsorgrid4env.eu/ns#>

SELECT ?wavets ?waveheight ?tideheight

WHERE {

?WaveObs a ssn:Observation;

ssn:observationResultTime ?wavets;

ssn:observationResult ?waveheight;

ssn:observedProperty cd:WaveHeight;

ssn:observedBy ssg:MilfordSensor.

?TideObs a ssn:Observation;

ssn:observationResultTime ?tidets;

ssn:observationResult ?tideheight;

ssn:observedProperty cd:TideHeight.

FILTER (?waveheight>?tideheight)

}

Listing 7.7: SPARQLStream query that joins wave heights in Milford with tide heights if the first
are greater.

The rewritten query (Listing 7.8) joins data from meteorological sensors and tide

sensors, and also performs a union because several different streams provide tide infor-

mation.

(SELECT envdata_milford.Hs AS waveheight, envdata_milford.DateTime AS wavets,

envdata_deal_tide.Tp AS tideheight

FROM envdata_milford, envdata_deal_tide WHERE Hs > Tp) UNION

(SELECT envdata_milford.Hs AS waveheight, envdata_milford.DateTime AS wavets,

envdata_hernebay_tide.Tp AS tideheight

FROM envdata_milford, envdata_hernebay_tide WHERE Hs > Tp) UNION
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(SELECT envdata_milford.Hs AS waveheight, envdata_milford.DateTime AS wavets,

envdata_lymington_tide.Tp AS tideheight

FROM envdata_milford, envdata_lymington_tide WHERE Hs > Tp) UNION

(SELECT envdata_milford.Hs AS waveheight, envdata_milford.DateTime AS wavets,

envdata_sandownpier_tide.Tp AS tideheight

FROM envdata_milford, envdata_sandownpier_tide WHERE Hs > Tp) UNION

(SELECT envdata_milford.Hs AS waveheight, envdata_milford.DateTime AS wavets,

envdata_swanagepier_tide.Tp AS tideheight

FROM envdata_milford, envdata_swanagepier_tide WHERE Hs > Tp) UNION

(SELECT envdata_milford.Hs AS waveheight, envdata_milford.DateTime AS wavets,

envdata_teignmouthpier_tide.Tp AS tideheight

FROM envdata_milford, envdata_teignmouthpier_tide WHERE Hs > Tp) UNION

(SELECT envdata_milford.Hs AS waveheight, envdata_milford.DateTime AS wavets,

envdata_westbaypier_tide.Tp AS tideheight

FROM envdata_milford, envdata_westbaypier_tide WHERE Hs > Tp) ;

Listing 7.8: SNEEql query rewritten joining a meteorological stream and tide streams.

7.2 Swiss Experiment Metadata and Querying

In this section, we show how we used SPARQLStream and our query rewriting approach

for a federated sensor network environment in the Swiss-Experiment project. Swiss-

Experiment is a collaborative platform for sharing real-time sensor data across various

institutions to improve environmental hazard forecasting and warning. In this plat-

form, the sensor data is maintained with Global Sensor Networks (GSN) (Aberer et al.,

2006), a middleware that supports flexible integration of sensor networks and sensor

data, provides distributed querying and filtering, as well as dynamic adaptation and

configuration. The Swiss-Experiment project has several GSN instances deployed in dif-

ferent locations which operate independently. In this way they can efficiently perform

their query operations locally, and can be accessed using RESTful service interfaces, as

mentioned earlier in Section 5.7.

Using semantically rich models to model sensor data, is useful for interconnecting,

sharing, reusing and linking data with other sources. We show in Section 7.2.1 the

process of building such a model, based on the SSN ontology, and then in Section 7.2.2 we

provide details on how we used SPARQLStream to write queries based on these ontologies,

while the data was managed by GSN.
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7.2.1 Modeling Sensor Data with the SSN Ontology

In a highly heterogeneous setting such as the Swiss-Experiment, using standards and

widely adopted vocabularies facilitates the tasks of publishing, searching and sharing

sensor data. As seen in Section 2.4.2, the W3C SSN XG group introduced a generic and

domain independent model, the SSN ontology, capable of representing sensor metadata

and observations.

In Swiss-Experiment, sensors of different characteristics are deployed on different

experiment sites, mainly in remote locations of the Swiss Alps. These field sites group

different sensing platforms, each of which includes one or more sensing devices. For ex-

ample, Wannengrat is a high altitude alpine fieldsite, centred around a single catchment

ranging in altitude from 1500 to 2700m. The site has 7 semi-permanent meteo stations

with additional mobile stations deployed temporarily for specific studies.

In Wannengrat, each of the meteo stations includes several sensor devices, for in-

stance in station wan7 an AlpuG IR sensor measures the snow surface temperature, and

a Young 05103 Wind Monitor device measures the wind speed and direction. Although

both measure very different properties, they are both observations in terms of the SSN

ontology. Each of these observations observe a different property (ssn:observedProperty),

of a given feature of interest (ssn:featureOfInterest), in this case the snow surface or the

wind, in that location. Each observation is performed by a different sensor (observedBy

property), and the wind sensor is capable observing more than one property (e.g. wind

speed and wind direction are two distinct properties).

The SSN Ontology does not include specific classes or instances for these features

or properties, because it is a general purpose model, intended to be extended or com-

plemented with domain-specific ontologies. Following this approach, we have used the

Climate & Forecast ontologies (cf-feature1 and cf-property2), based on the vocabulary

maintained by the Program for Climate Model Diagnosis and Intercomparison3. The

vocabulary for Quantity Kinds an Units (qu4), based on the QUDV model5. Other on-

tologies for space and time specification can also be used in conjunction with SSN, such

1Climate & Forecast features: www.w3.org/2005/Incubator/ssn/ssnx/cf/cf-feature.html
2Climate & Forecast properties: www.w3.org/2005/Incubator/ssn/ssnx/cf/cf-property.html
3PCMDI: http://www-pcmdi.llnl.gov/
4Library for Quantity Kinds and Units: http://purl.oclc.org/NET/ssnx/qu/qu
5QUDV: http://www.omgsysml.org/qudv

130

www.w3.org/2005/Incubator/ssn/ssnx/cf/cf-feature.html
www.w3.org/2005/Incubator/ssn/ssnx/cf/cf-property.html
http://www-pcmdi.llnl.gov/
http://purl.oclc.org/NET/ssnx/qu/qu
http://www.omgsysml.org/qudv


7.2. Swiss Experiment Metadata and Querying

as WGS841, GeoVocab2 and the Time Ontology3.

We can see some of the relationships between SSN and the other ontologies in Fig-

ure 7.5. Notice that concrete observed properties are defined in the cf-property ontology

in this example, such as cf-property:wind_speed, but we could further extend the ontology

network with other vocabularies if we need additional concepts. Also notice that these

concrete properties can be classified, as it is the case in the example of wind_speed, as a

sub type of VelocityOrSpeed, which is a subtype of QuantityKind.

Figure 7.5: SSN Ontology combined with other vocabularies for representing sensor observa-
tions.

In Listing 7.9 we show an example of a wind speed observation using the SSN Ontol-

ogy network.

swissex:WindSpeedObservation1 rdf:type ssn:Observation ;

ssn:observedBy swissex:SensorWindWan7;

ssn:featureOfInterest cf-feature:wind;

ssn:observedProperty cf-property:wind_speed;

ssn:observationResultTime [time:inXSDDateTime "2011-08-26T21:32:52"^^xsd:dateTime];

ssn:observationResult [rdf:type ssn:SensorOutput ;

ssn:hasValue swissex:WindSpeedobservationValue1 ].

1WGS84:http://www.w3.org/2003/01/geo/
2GeoVocab: http://geovocab.org
3OWL-Time:http://www.w3.org/TR/owl-time/
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swissex:WindSpeedOvervationValue1

qudt:numericValue "6.245"^^ xsd:double;

qu:unit unit:metrePerSecond.

Listing 7.9: Wind speed observation in terms of the SSN Ontology.

In this representation, we can identify the main attributes of an observation, includ-

ing the sensor that performed the observation (swissex:SensorWindWan7), the feature of in-

terest (i.e. cf-feature:wind), the observed property, which is wind speed, the observation

time instant, and the observation value, including the numerical data and the unit of

measurement. Actual values of the sensor output can be represented as instances linked

to the ssn:SensorOutput class through the hasValue property. The data itself can be linked

through a specialized property of a quantity ontology (e.g. the qu:numericValue property).

This model allows representing other types of observation in a very similar fashion. For

instance, for a wind direction observation, the structure remains the same, but the ob-

served property would change to wind_from_direction and the unit of measurement would

have to be changed accordingly.

In this example we used the basic SSN Ontology classes and properties. However

it could be desirable to extend those to specific ones. For instance instead of using

ssn:Observation, we could create a subtype swissex:WindSpeedObservation whose feature of

interest is always wind, and observed property is fixed to wind speed.

7.2.2 Querying GSN with SPARQLStream

With this model available, users are expected to write queries in terms of observations,

features of interest and observed properties, and we describe how this was done using

SPARQLStream in this section. The GSN middleware used in Swiss-Experiment internally

uses an in-memory data management system, and allows defining continuous queries

through configuration and accessing virtual streams through a RESTful service inter-

face.

Virtual Sensors The GSN virtual sensors in Swiss-Experiment are given a name and

a set of attributes, each with a data type (e.g. integer, double, etc.). These attributes hold

the observed values by the sensors. In general, Swiss-Experiment virtual sensors group

observed values from physical sensors of a given station. That is why a virtual sensor

such as wannengrat_wan7 may have attributes ranging form wind speed to snow height

or radiation, as seen in Figure 7.6. Each virtual sensor also exposes a timed attribute

which indicates the time the observation was registered. Because these observations are
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aggregated and collected from different devices, this timestamp is not necessarily the

actual observation time but for simplicity can be assumed to be so.

Figure 7.6: Swiss Experiment virtual sensor wannengrat_wan7.

Mappings R2RML mappings are used to relate the virtual sensors to the ontological

model described in Section 7.2.1. The simple example in Figure 7.7 shows an example

of a mapping of the wannengrat_wan7 sensor to a relative humidity ssn:ObservationValue.

The sensor name is given as the rr:tableName in the mapping definition. For each tuple

of this virtual sensor, a triple of type ssn:ObservationValue will be created, whose URI is

generated through a rr:template string. This is way of concatenating arbitrary strings

with an attributed of the sensor, in this case the timed timestamp. Notice that the URI of

this observation value ensures uniqueness, by prefixing the sensor name and observed

property to the timestamp. Another triple is specified with the rr:predicateObjectMap,

with the same subject, a fixed predicate (qu:numericalValue) and an object given by the

relative_humidity column. Mappings for the observation itself, the sensor and other ele-

ments described before, have been created in the same way.

Queries With the provided mappings, we can write a simple SPARQLStream query that

returns the latest 10 minutes of relative humidity in wan7 (Listing 7.10.

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX qu: <http://purl.oclc.org/NET/ssnx/qu#>

SELECT ?obs ?val

FROM NAMED STREAM <http://swiss-experiment.ch/data#wannengrat.srdf>[NOW-10 MINUTES]

WHERE {

?obs a ssn:Observation;

ssn:observedProperty cf-property:relative_humidity;

ssn:observedBy swissex:Wan7Sensor;
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Figure 7.7: Virtual sensor wannengrat_wan7 mapped to an Observation Value in the SSN Ontology.

ssn:observationResult ?output.

?output ssn:hasValue ?obsVal.

?obsVal qu:numericalValue ?val.

}

Listing 7.10: Query the relative humidity observations in the latest 10 minutes in wan7 station.

This simple query can be rewritten using the approach in Chapter 5, to the following

expression in Figure 7.8. It simply projects the attributes from a 10-minute window

applied to the wannengrat_wan7 virtual sensor.

Figure 7.8: Rewritten algebra expression in terms of the wannengrat_wan7 virtual sensor.

This is trivially transformed to a RESTful service request to the GSN server, as in

Listing 7.11. The virtual sensor is specified as the vs parameter and the attribute list are

the field parameter. The window is denoted with the from-to parameter combination.

http://montblanc.slf.ch:22001/multidata?

vs[0]=wannengrat_wan7&

field[0]=relative_humidity&

from=15/08/2012+05:00:00&to=15/08/2012+15:00:00
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Listing 7.11: Query the relative humidity observations in the latest 10 minutes in wan7 station.

In this case the query is launched on a single virtual sensor but consider a very sim-

ilar one (Listing 7.12), that does not ask for data prom a particular station (i.e. omitting

the ssn:observedBy triple pattern.

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX qu: <http://purl.oclc.org/NET/ssnx/qu#>

SELECT ?obs ?val

FROM NAMED STREAM <http://swiss-experiment.ch/data#wannengrat.srdf>[NOW-10 MINUTES]

WHERE {

?obs a ssn:Observation;

ssn:observedProperty cf-property:relative_humidity;

ssn:observationResult ?output.

?output ssn:hasValue ?obsVal.

?obsVal qu:numericalValue ?val.

}

Listing 7.12: Query the relative humidity observations in the latest 10 minutes.

This simple query does not indicate a specific station so it is implied that it will re-

trieve all relative humidity observations from the data source. In terms of query rewrit-

ing in GSN, if we have two virtual sensors mapped to relative humidity, (for instance

wannengrat_wan7 and wannengrat_wan4b, then the query rewriting would need to get data

from both in GSN and then perform a union, depicted in Figure 7.9.

Figure 7.9: Rewritten algebra expression as a union of the wannengrat_wan4b and wannengrat_wan7

virtual sensors.
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7.3 Ciudad2020 Bike Sharing

Bicycle sharing systems in different cities publish their data on the Web. These bike

sharing services distribute bike stations in different key points in the city and a user

may pick up a bike in one station and drop it off at another one. In the context of the

Ciudad2020 project1, aiming at open city data access, we used bike sharing as a case

study for live-publishing of bikes availability in different systems.

Currently there is an API2 that gathers bike systems data and exposes it either in

JSON or in HTML format. We used this API to generate both static data about the bike

systems (including station geographical locations, related places of interest, etc.) and

dynamic data using virtual RDF streams accessible through SPARQLStream.

The static data was generated using a classical RDB2RDF generation approach (Ruck-

haus et al., 2012) and is out of the scope of this thesis. However, it is interesting to notice

that the mappings and modeling used for the static data are reused for with the dynamic

data.

7.3.1 Bike Sharing Modeling

This ontology model is based on the data source schemas and aims at reusing existing

ontologies and vocabularies. The data is originally provided in JSON format, structured

in simple name-value paired tuples. For a given bike system (typically one per city), the

list of station and the bike availability is given by a JSON dataset as the example in

Listing 7.13.

{"id" :"0","name":"001 - Ro Balsas-Ro Sena",

"lat":"19433296","lng":"-99168051",

"timestamp":"2012-03-09 14:19:28.420714",

"bikes":16,"free":11},

{"id":"1","name":"002 - Ro Guadalquivir - Ro Balsas",

"lat":"19431386","lng":"-99171695",

"timestamp":"2012-03-09 14:19:31.302252",

"bikes":6,"free":6}

Listing 7.13: Sample JSON data from the citibik.es API.

We have built a citybikes ontology network3, depicted in Figure 7.10, which repre-

sents observations of available bikes and free slots in every station of the participating

by bike sharing systems in different cities.
1Proyecto Innpronta Cudad2020: www.innprontaciudad2020.es/
2Citybik.es API: http://api.citybik.es/
3http://transporte.linkeddata.es/models.html
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Figure 7.10: SSN based Bike Sharing Ontology

Each of these measurements represents the state of a bike station in a particular

place and time, and is conducted through a sensor in each bike station. The citybikes

ontology network follows a modular structure consisting of a central ontology that is re-

lated to a set of ontologies that describe different sub domains involved in the modeling

of the bike station measurements. The central ontology is the bike sharing system on-

tology which contains concepts such as the bike sharing system and its name, the bike

station and its name, number, internal id, status, description, number of boxes, free slots

and free bikes. We have selected the following resources:

• The Dublin Core terms ontology (http://purl.org/dc/terms/) for identifiers.

• The Semantic Sensor Network ontology (http://purl.oclc.org/NET/ssnx/ssn#) for sen-

sors and observations. In this context, there is a sensor in each bike station, and

the observations are the number of available bikes and free slots at a certain date
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and time.

• The positioning ontology (http://www.w3.org/2003/01/geo/wgs84_pos) for geo positioning

the systems and stations with latitude and longitude.

• The time ontology (http://www.w3.org/2006/time#) to represent the timestamp as an

instant.

• The Geonames ontology (http://www.geonames.org/ontology#), used to define the location

of the bike sharing systems and the stations based on their latitude and longitude.

• The quantities, units and dimensions ontology (http://qudt.org/) for the number of

available bikes and free slots.

Once the ontology has been defined, a resource naming strategy has to be defined

in order to ensure that every class in the ontology can have individuals with unique

identifiers (i.e., URIs).

The ontology network is focused on defining subclasses and subproperties of the SSN

ontology. In our use case, the concepts bike station, platform and feature of interest have

a one to one relationship and could be merged as one only concept, i.e., Bike Station.

However, to comply with the SSN ontology, the three concepts were kept.

7.3.2 Querying Bike Observations

The generation of RDF from the selected data sources requires first, to transform the

data from the data sources into RDF and to evaluate the generated data to verify that

the transformation was correct. Second, the dataset has to be linked to other relevant

datasets by identifying and validating links between resources in the generated dataset

and external ones. And, third, the description of the generated dataset must be created

(e.g., using the VoID vocabulary1), including the relevant metadata about it.

In our use case, we required publishing and consuming two types of data: stored

and streaming data. The first type is related to the metadata and contextual informa-

tion about sensor data, including geographical location, sensor and station characteris-

tics, observed features, and also includes the data about points of interest (museums,

libraries, city guides, etc.). The streaming data, in contrast, is centered on the observa-

tions of free slots and available bikes.

Therefore, we used an approach (depicted in Figure 7.11) that relies on ontology-

based query rewriting of SPARQLStream (Calbimonte et al., 2010b). In particular, we used

1http://www.w3.org/TR/void/
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GSN Aberer et al. (2006) (Global Sensor Networks), to which we added a wrapper to the

citybik.es API service. SPARQLStream queries are rewritten to GSN requests using the

techniques mentioned in Chapter 5.

Figure 7.11: The implemented approach for generating static RDF and querying RDF streams
with SPARQLStream from the citybik.es services.

A key advantage of using SPARQLStream is that it also uses R2RML mappings for

streaming data queries (Calbimonte et al., 2012a). This feature allowed us to use the

same set of mapping definitions for both the static and streaming data, even though

we used Morph for the first one and SPARQLStream for the second one. Notice that both

approaches follow very different RDF management strategies: For static stored data we

generate materialized RDF triples that can be later queried in a standard triple store.

For dynamic data we pose queries to a virtual streaming RDF dataset, and the queries

are rewritten by a SPARQLStream processor to the underlying stream processing engine,

which throws the query results.

7.3.3 Exploitation

In terms of exploitation (e.g. building applications on top of the generated dataset), we

have made the data available in two different types of endpoints (one for static data

and the another one for dynamic data). The complete description of the application is

now available at http://transporte.linkeddata.es/. To facilitate the use of this data, we have

provided two types of sample queries in the aforementioned website: queries against

static data, and queries against dynamic data.

In particular, sample SPARQLStream queries can be run in a demo web interface1. A

sample query for this service is given below in Listing 7.14. It asks for the number of

1http://streams.linkeddata.es/query/citybikes
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available bikes and free slots in all stations in the last 5 minutes.

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX qudt: <http://data.nasa.gov/qudt/owl/qudt#>

PREFIX bicy: <http://citybikes.linkeddata.es/ontology#>

PREFIX time: <http://www.w3.org/2006/time#>

PREFIX dcterms: <http://purl.org/dc/terms/>

PREFIX xsd: <http://www.w3.org/2001/XMLSchema#>

SELECT ?sensdev ?avbikes ?freeslots ?tstamp

FROM NAMED STREAM <http://citybikes.linkeddata.es/ontology#CityBikes.srdf> [NOW - 300 S]

WHERE {

?obs ssn:observedBy ?sensdev .

?obs a bicy:FreeBikesObservation .

?obs ssn:observationResult ?output .

?output bicy:hasAvailableBikesValue ?av .

?av qudt:numericValue ?avbikes .

?output bicy:hasFreeSlotsValue ?fs .

?fs qudt:numericValue ?freeslots .

?obs ssn:observationResultTime ?i .

?i time:inXSDDateTime ?tstamp

}

Listing 7.14: Query the number of available bikes and free slots in all stations in the last 5
minutes.

7.4 Discussion

In this chapter we have presented three use cases that show the applicability of the

ontology-based streaming data access approach described in Chapters 4 and 5. Con-

cretely, the use of the SPARQLStream language and its query rewriting semantics have

been shown to be applicable using different underlying query technologies, domains and

scenarios, namely:

• In-network and out-of network query processing engines: SNEE in SemSorGrid4Env.

• Sensor data middleware: GSN, REST APIs in Swiss Experiment and Ciudad2020.

Besides, we have seen the applicability of R2RML mappings for exposing streaming

data through SPARQLStream. These mappings are in fact the same mappings defined for

static RDF data generation, and follow the W3C Recommendation specification without
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changes, because we based the SPARQLStream query rewriting semantics in terms of re-

lational algebra expressions that fit naturally with the R2RML concepts.
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Chapter 8

Evaluation

This chapter presents the evaluation carried out to validate the hypotheses stated in

Chapter 3, addressing the corresponding research problems: P1: How to access stream-

ing sensor data with continuous queries using ontology models to represent the sensor

observations. and P2: How to characterize sensor data using the recorded time series,

capturing the semantic metadata of the sensor observations.

We proceeded to validate each hypothesis with the evaluation results presented through-

out this chapter. First we focus on the evaluation of the ontology-based query rewriting

of SPARQLStream in Section 8.1, related to hypotheses H3 and H5. The expressiveness

of the SPARQLStream query language compared to different underlying streaming query

languages in Section 8.2, covering H2 and H4. The functional evaluation in Section 8.3

compares SPARQLStream to other query languages for SPARQL streaming extensions, re-

lated also to H2. We show an evaluation of the sensor data characterization approach

discussed in Chapter 6 in Section 8.4, which validates H6 and H7.

Finally we provide our conclusions about the evaluation, verifying with more detail

how the experiments and experimentation in Chapter 7 relate and validate our research

hypotheses in Section 8.5.

8.1 SPARQLStream Evaluation

We have performed a series of evaluation experiments with SPARQLStream, aimed at:

• Assessing the potential overhead of query rewriting during query execution, for

both push and pull delivery scenarios (Hypothesis H5).
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• Showing the feasibility of the query rewriting of ontology-based queries over DSMS,

CEP or sensor middleware, using RDB2RDF mappings (Hypothesis H3).

8.1.1 Comparing the Query Execution w/wo Rewriting

We have provided implementations for four different systems with diverse characteris-

tics and designed for different purposes. For instance, SNEE is capable of executing joins

with stored data, but does not support push delivery. Cosm has a wide range of available

data streams although is limited in query expressivity. GSN offers more query opera-

tors, but is also limited, for instance in the case of joins between streams. Esper offers

event pattern matching, but does not allow union operators and joins in pull mode. It

is not our goal to evaluate our approach with all these systems and to compare them

exhaustively, given their large heterogeneity. Instead we will focus on the evaluation of

the main characteristic of our system: the query rewriting and data translation steps

that we add to the processing stack.

Therefore, we analyze the overhead added by these steps, so as to assess their poten-

tial impact in real-world scenarios. In order to do that we have evaluated both the pull

and push based delivery mechanisms, with Esper as DSMS, since it is mature and stable,

and provides both delivery modes. Since our framework delegates the query processing

to the DSMS, we did not cover query complexity in the evaluation, hence we limited the

tests to simple queries.

In many of these experiments, the absence of a established standard for streaming

RDF and SPARQL querying makes it difficult to compare our approach with others or

even with traditional DSMS or CEP. Even under these circumstances we performed our

experiments using both CEP (Section 8.1.1) and DSMS (Section 8.1.2). Moreover, as we

will see in Section 8.3 we even introduced the first such benchmark in the community, to

allow more and better community-wide comparisons.

All these tests have been performed on an Intel Core i7 1.60 GHz, 6 GB.

Rewriting and Translation Overhead in Pull Delivery. In this experiment our

objective is to assess the overhead caused by the query rewriting and data translation

steps, during pull-based queries. We evaluated the response time to pull requests every

100 milliseconds, using a simple SPARQLStream query equivalent to the one in Listing 8.1.

SELECT ?windspeed

FROM NAMED STREAM <http://swiss-experiment.ch/data#WannengratSensors.srdf>

[NOW-10 MINUTE TO NOW-0 MINUTE]
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WHERE {

?WaveObs a ssn:Observation;

ssn:observationResult ?windspeed;

ssn:observedProperty sweetSpeed:WindSpeed.

}

Listing 8.1: SPARQLStream query for all wave height sensors

The system was loaded with 30 pre-configured synthetic streams, fed at the speci-

fied rate by a tuple generator (1 to 1000 tuples/s). We compared these results to pull

requests to the equivalent EPL query, using Esper’s API directly, without query rewrit-

ing nor data translation steps. Since the query is translated only once, the real interest

of this experiment is to verify the overhead of the data translation process. We exper-

imented with three different time windows (1, 10 and 30 seconds), because the time

boundaries significantly affect the number of tuples that are retrieved and translated to

SPARQL results. As we can see in Figure 8.1, the executions with data translation have

a significant overhead which is more noticeable as the tuple rate increases. As expected,

the translation overhead depends directly of the number of tuples that the query is han-

dling, and this may depend either on the tuple rate or the time window. Nevertheless,

even for the relatively high rates we obtained acceptable response times.

Figure 8.1: Pull response times for different tuple rates and windows.

Rewriting and Translation Overhead in Push Delivery. Esper provides its own

benchmark for performance evaluation in push delivery, which is free to be used and

modified. We focused on the end-to-end latency of the generated tuples, which is fea-

tured in this benchmark, comparing the results of executing Esper EPL queries without
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our framework and then with the query and data translation mechanism in place. For

both cases we experimented with 100 to 8000 data values per second, and we plotted

the results in Figure 8.2 and Figure 8.3 respectively, grouping the messages by latency

ranges (as indicated in the Esper benchmark).

As expected, we see higher end-to-end latency for executions with our translation

mechanism. For instance for 600 tuples/s, the original version has almost all messages

under the line of 1 ms of latency. On the contrary, our implementation has most results

between 1 and 5 ms. Considering that query translation is performed only once, most of

this penalty comes from the data translation process, which could be optimized for push

delivery, for instance by processing data in batches. Even with these limitations, for

low and medium throughput requirements (e.g. 1-100 tuples/s), such as the case of the

Swiss-Experiment environmental sensors, this component is comparable to the version

without translation.

Figure 8.2: Push-delivery latency, without query/data translation.

8.1.2 Evaluation of SPARQLStream Performance

In this section we evaluate the execution of SPARQLStream queries when subject to medium-

to-high tuple rates, window slides and increasing number of concurrent continuous queries.

In particular, the evaluation of the experiments in this section were performed using the

SNEE DSMS. This reinforces the evidence of applicability of SPARQLStream for different

underlying systems (H4).

The tests reported have been performed using synthetic data streams that use a

tuple generator, configured with the desired settings. These synthetic streams emulate

the sensor names and data types and can be easily tuned and parametrized.
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Figure 8.3: Push-delivery latency, with query/data translation.

The parameters we used are:

• The number of deployed sensors: We used a fixed number of 25 wave sensors, mim-

icking those we have in the CCO SemSorGrid4Env (Gray et al., 2011a) deployment

in the south coast of England. We also have 7 sensor streams for the tide sensors.

• The number of concurrent queries launched: In our system queries are typically

continuously run, i.e. they get results periodically, so that a client can pull the

latest result sets. The number of queries launched can affect the query response

time as they are simultaneously fetching data from the streams.

• The stream rates: each sensor produces data tuples at some rate. If the rate is

high, e.g. 1 tuple per second, the query response time can be affected, specially

because of data translation.

• Time windows: time windows specify the time range of the stream tuples that will

be included in the query.

A sample synthetic stream logical schema is given in Listing 8.2. Its corresponding

physical schema is given in Listing 8.3. Both SNEE schemas are described in Calbimonte

et al. (2011b).

<stream name="envdata_milford" type="push">

<column name="DateTime"> <type class="timestamp"/></column>

<column name="timestamp"> <type class="timestamp"/></column>

<column name="stream_name"> <type class ="string"/> </column>

<column name="Hs"> <type class ="float"/> </column>
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<column name="Hmax"> <type class ="float"/> </column>

<column name="Lat"> <type class ="float"/> </column>

<column name="Lon"> <type class ="float"/> </column>

</stream>

Listing 8.2: Sample sensor logical schema in SNEE

<extent name="envdata_milford">

<push_source>

<port>6802</port>

<rate>1000</rate>

</push_source>

</extent>

Listing 8.3: Sample physical stream schema in SNEE: the rate denotes the tuples per second

All tests have been performed on an Intel Core i7 1.60 GHz, 6 GB.

Evaluation of Execution over Medium-high Tuple Rates. In this experiment we

considered a simple query that requests the wave height values in one sensor location.

The query is specified in SPARQLStream below in Listing 8.4.

PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX cd: <http://www.semsorgrid4env.eu/ontologies/CoastalDefences.owl#>

PREFIX ssg: <http://semsorgrid4env.eu/ns#>

SELECT ?wavets ?waveheight

WHERE {

?WaveObs a ssn:Observation;

ssn:observationResultTime ?wavets;

ssn:observationResult ?waveheight;

ssn:observedProperty cd:WaveHeight;

ssn:observedBy ssg:MilfordSensor.

}

Listing 8.4: SPARQLStream query requesting the wave heights of the Milford sensor

As it is specified by the last triple pattern, only those measurements observed by the

ssg:MilfordSensor will be considered in the query. Following the mapping definition for

the Milford sensor, the query is translated to the SNEEql expression in Listing 8.5.

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_milford) ;

Listing 8.5: Translated query in SNEEql
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We also analyzed the behavior when we change the SPARQLStream query and elimi-

nate the ssg:MilfordSensor restriction. Then we end up with the following SPARQLStream

query (Listing 8.6) and its corresponding SNEEql translation (Listing 8.7).

PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX cd: <http://www.semsorgrid4env.eu/ontologies/CoastalDefences.owl#>

PREFIX ssg: <http://semsorgrid4env.eu/ns#>

SELECT ?wavets ?waveheight

WHERE {

?WaveObs a ssn:Observation;

ssn:observationResultTime ?wavets;

ssn:observationResult ?waveheight;

ssn:observedProperty cd:WaveHeight;

ssn:observedBy ?sensor.

}

Listing 8.6: SPARQLStream query for all wave height sensors

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_bidefordbay) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_boscombe) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_bracklesham) UNION

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_chesil) UNION

...

(SELECT Hs AS waveheight, DateTime AS wavets FROM envdata_wavenet_poolebay) ;

Listing 8.7: Translated SNEEql query requesting all wave heights in a UNION. Shortened for
readability

In this new scenario the query accesses 26 sensors simultaneously. We executed a

continuous query under both settings and measured the response times, with high tuple

update rates: up to 1000 tuples per second for each sensor. The results, comparing both

the single sensor and 26-sensors are depicted in Figure 8.4.

As the query including the 26 sensors is much more complicated, the query is ex-

pected to take more time. However the main explanation for this delay is that it is a

union query, hence it includes more data that will pass through the data translation

process into ontology instances (SPARQL bound variables to be precise in this case).

Evaluation of Queries with Different Window Slides. Queries in SPARQLStream

allow specifying time windows that limit the tuples to be considered in the query, based

on temporal constraints specified by the window boundaries. For instance the query in
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Figure 8.4: Response times for a single-sensor query, compared to a 26 sensor union query, for
different tuple rates

8.8 is a slight modification of query in Listing 8.4, with the addition of a 10 minute time

window. The slide parameter indicates how often is the window computed (e.g. every 10

seconds). The query is translated as in Listing 8.9.

PREFIX sb: <http://www.w3.org/2009/SSN-XG/Ontologies/SensorBasis.owl#>

PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>

PREFIX ssn: <http://purl.oclc.org/NET/ssnx/ssn#>

PREFIX cd: <http://www.semsorgrid4env.eu/ontologies/CoastalDefences.owl#>

PREFIX ssg: <http://semsorgrid4env.eu/ns#>

SELECT ?wavets ?waveheight

FROM NAMED STREAM <http://semsorgrid4env.eu/ns#ccometeo.srdf>

[NOW - 10 MINUTE SLIDE 10 S]

WHERE {

?WaveObs a ssn:Observation;

ssn:observationResultTime ?wavets;

ssn:observationResult ?waveheight;

ssn:observedProperty cd:WaveHeight;

ssn:observedBy ssg:MilfordSensor.

}

Listing 8.8: SPARQLStream query with a time window

(SELECT Hs AS waveheight, DateTime AS wavets

FROM envdata_milford[FROM NOW - 10 MINUTES TO NOW - 0 MINUTES SLIDE 10 SECONDS] envdata_milford) ;

Listing 8.9: Translated SNEEql with time window

We can vary the window slide (i.e. how often the window is constructed). We argue

that very frequent sliding may increase the response times significantly. The following
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experiment was conducted to verify this. We executed queries with different slides: 60

seconds, 10 seconds and 10 milliseconds, as in Figure 8.5. As we can see, as the slide

decreases, the query response time grows drastically. Even with relatively low rates,

with a 10 ms slide the query quickly becomes unresponsive.

Figure 8.5: Response times for time window queries, with different slide parameters

Evaluation for Concurrent Continuous Queries. In our approach, the user typi-

cally issues a query once, and it gets executed continuously, so that results can be fetched

upon a request. As the number of simultaneous queries increases, the query response

time of each individual query may be affected, specially if the tuple rate is very high. In

the following experiment we experimented with high tuple rates (1 to 1000 tuples per

second), with 1 to 50 simultaneous queries. The results are depicted in Figure 8.6.

Figure 8.6: Response times for different number of queries launched simultaneously, for differ-
ent tuple rates
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With these very high rates, we can see that the service responds in around 2 seconds

until we reach the number of 50 simultaneous queries. at this point the response time

increases importantly (for all rates), and beyond that number of queries the service get

stuck and out of memory. Notice that rates above 1 tuples per second already show signs

of low response times altogether.

8.1.3 SPARQLStream Evaluation Discussion

The main goal of this section was to assess the overhead of query rewriting and data

translation in SPARQLStream (hypothesis H5). We focus on this issue because SPARQLStream

offers semantic exposure of underlying data sources at the price of these additional pro-

cesses in the query stack. We showed in Section 8.1.1 that we can achieve acceptable

response times and latency in both pull and push delivery modes.

Moreover we reinforced the validity of hypothesis H3, about the feasibility of query

rewriting using RDB2RDF mappings, by showing how it performs under different set-

tings in terms of number of queries, window slides and rate variations of a sensor data

deployment as the one in the SemSorGrid4Env project. Although H3 is already veri-

fied by the theoretical foundations described in Chapter 4, we also show evidence of its

implementation feasibility.

8.2 Comparison of the SPARQLStream Expressiveness with
other Languages

The general query rewriting approach of SPARQLStream uses streaming processing en-

gines for query evaluation. These may use different query languages as seen in Chap-

ter 2, with different expressive power. We evaluate SPARQLStream in terms of expres-

siveness, compared to different representative DSMS, CEP and middleware API query

languages. This evaluation supports evidence for validating hypothesis H2 and to a

lesser extent H4, as it will be seen in Section 8.5.

8.2.1 DSMS: SNEEql and CQL

Borrowing heavily from DSMS query languages, SPARQLStream is designed to cope with

most of their streaming operators because it is rewritten into relational-based algebra

expression with streaming constructs. CQL is a representative language of this kind,

while SNEEql is a closely-related implementation that we used in the experimentation

and evaluation.
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We can enumerate the different query features as follows:

Projection. Projecting variables in CQL or SNEEql follows exactly the SQL semantics

and is directly supported by standard SPARQL queries and hence by SPARQLStream.

Projection Expressions. Apart from variables CQL and SNEEql support arithmetic

and other operations in the selection expressions. These are equivalent to projection ex-

pressions in SELECT queries in SPARQLStream, following SPARQL 1.1, e.g. SELECT (?value+5)

AS ?newvalue.

Join. SPARQL joins (AND) between patterns may be translated to relational joins in re-

lational streaming queries. However, in some cases triple pattern joins can be answered

with a single stream, in which case the join simplification optimizations will eliminate

the unnecessary join expressions. Joins may also include relational static data, which

corresponds to joins between a stream graph and a static RDF graph in SPARQLStream,

i.e. FROM and FROM NAMED STREAM respectively. Nevertheless, languages as SNEEql are lim-

ited to joins only between windows, and not unbounded streams. Outer joins can be

implemented with OPTIONAL patterns.

Union. Unions in relational stream queries are analogously supported with SPARQL

UNION. However, SPARQLStream non-union queries might be translated to relational stream

queries with union operators if the mappings contain multiple definitions that fit a

triple graph pattern. For instance given two R2RML subject mappings having a rr:class

ssn:Sensor, then a triple pattern ?s rdf:type ssn:Sensor would match both of them. How-

ever, in SNEEql unions are not possible to apply between windows.

Filter. Filters in SPARQLStream are in general translated as relational filters in the

target language. However, there exist cases in which a pattern may be rewritten as a

filter, e.g. in case of a constant object triple pattern.

Aggregates. Aggregate functions are covered by SPARQLStream as it extends specifica-

tion of SPARQL 1.1.

Time Windows. Time windows in SPARQLStream can be rewritten to windows in CQL

or SNEEql, including time ranges and slide parameters. To determine to which stream

the window should be applied, the mappings R2RML rr:graph is used.
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Tuple Windows. Tuple windows in CQL or SNEEql do not have an equivalence in

SPARQLStream. Although it would be tempting to include a triple-based window, it does

not produce equivalent results, because the number of triples is not necessarily the same

number of corresponding tuples in the source stream. Even if a ratio can be established

(e.g. for 1 tuple there are 3 triples), the unordered nature of streaming tuples does not

guarantee that the expected results are obtained. For this reason we omitted triple win-

dows, while most of its use can be implemented with time windows and limits.

Window-to-Stream operators. SPARQLStream borrows the notion of ISTREAM, DSTREAM,

and RSTREAM from the equivalent operators in CQL, also available in SNEEql.

8.2.2 CEP: Esper

Esper includes the aforementioned features, and adds some others that are not available

in DSMS and are common in CEP. Because SPARQLStream is based on DSMS operators, it

does not include them in the language specification. These include output modifiers,

repeating patterns, conjunction and disjunction of events, and sequences.

Output modifiers. Examples of modifiers are first and last, that output only the first

matching or the last event matching a query, respectively.

Repeating patterns. An event E repeating a number of times n can be represented as

[n] E in Esper. Although it can be a useful operator, it can be simulated to some extent

using a counting aggregate function in SPARQLStream.

Conjunction and disjunction. The simultaneous presence of two events can be ex-

pressed as a conjunction in Esper: e.g. (A and B). In SPARQLStream a triple is not neces-

sarily equal to an event, but in general this can be simulated using graph pattern joins.

As for the Esper disjunction (e.g. (A or B)), the usage of optional joins can produce an

equivalent query.

Sequences. A sequence is a pattern that represents an event followed by another one,

e.g. (A -> B). There is no equivalent construct in SPARQLStream, although other lan-

guages, notably EP-SPARQL introduce similar operators.
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8.2.3 Middleware APIs: GSN and Cosm

Although middleware are accessible through APIs and not proper query languages, we

can find equivalences between them. As we will see, most of these APIs provide very

limited expressiveness.

Projection. The GSN API allows choosing the attributes from the sensor streams that

will be included in the query. SPARQLStream projections are rewritten to this operation,

although there are more complex scenarios that are not supported, e.g. expressions in

the projections. In the Cosm API it is not possible to limit the attributes of a datastream.

All attributes are output, therefore SPARQLStream projections cannot be translated and

are ignored when the Cosm request is generated. However this does not prevent from

executing the query.

Join. Joins between streams are not supported on the GSN or Cosm REST APIs. How-

ever, in GSN is it possible to configure a virtual sensor that essentially computes a

view over other virtual sensors, and in this case a join can be performed. Otherwise,

a SPARQLStream query that is translated into a join algebra operator, is not possible to be

rewritten as a request in these middleware. This also applies for outer joins.

Aggregates. Although the GSN API is stated to feature aggregate functions, these are

not fully operational on the available versions. In Cosm aggregates are not available

at all. For this type of SPARQLStream queries, the only alternative is to implement the

aggregation as a post-processing operation after the data has been retrieved from the

sensor middleware.

Filters. GSN allows a limited number of data filters, mainly targeting numeric com-

parisons. In Cosm no filters are available at the datastream level, but only for metadata.

Again, in these cases SPARQLStream queries are either not translatable or must imple-

ment filtering at post processing, which can be very inefficient.

8.2.4 Expressiveness Discussion

We have discussed the expresiveness of SPARQLStream queries wrt. the underlying query

languages, either fro DSMS, CEP or middleware. Although we did not elaborate an ex-

haustive comparison of languages available in the literature, we picked representative

ones, with which we actually experimented, as detailed in Chapter 7. We identified some
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of the salient features and operators in these languages, and showed evidence that most

of them are covered by SPARQLStream, therefore allowing the query translation mecha-

nism. This enables the use of such language extensions for querying streaming data, as

seen in hypothesis H2.

Moreover, we evidenced that in some cases, notably for middleware APIs, not all

SPARQLStream queries are directly rewritable, because the former lack a number of oper-

ators on its specification. Nonetheless, SPARQLStream could be extended for covering some

of the operators available exclusively in CEP such as Esper, but this work is outside the

scope of this thesis. therefore the expressiveness coverage of SPARQLStream supports the

validity of hypothesis H4, as it covers language features from these different type of

systems. Finally, we present a summary of this comparison in the following Table8.1.

Table 8.1: Comparison of SPARQLStream expressiveness wrt. CQL, SNEEql, Esper, GSN and Cosm.

8.3 Functional Evaluation of SPARQLStream

As we have seen in Section 2.3, there is an increasing interest in streaming RDF/SPARQL

engines, although each has its own set of extensions and very different implementation

approaches. Therefore we were presented with the need for a standard way to compare

the functionality and performance such systems. Little work on benchmarking stream-

ing data engines has been produced in the literature. In fact, for DSMSs only the Linear

Road benchmark (Arasu et al., 2004b) is available, although it is not adequate to as-

sess RDF streaming engines. Instead, it is designed to evaluate traditional DSMS based

on the relational data model. Moreover, Linear Road overlooks important aspects for

related to RDF data such as interlinking and reasoning. Existing SPARQL benchmarks
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such as (Bizer and Schultz, 2009; Guo et al., 2005; Schmidt et al., 2009), are focused ex-

clusively on static data, so they do not capture the dynamic properties of streaming data.

In consequence, we designed SRBench (Zhang et al., 2012a), a streaming RDF/SPARQL

benchmark that aims at assessing the abilities of streaming RDF engines in dealing with

a broad range of different query types in which Semantic Web technologies, including

querying, interlinking, sharing and reasoning, are applied on highly dynamic streaming

RDF data. SRBench is the first general-purpose benchmark that is primarily designed to

compare streaming RDF/SPARQL engines.

The design of SRBench was based on the principle of addressing the following chal-

lenges: the need for a proper streaming RDF dataset, the definition of a concise set of

features and the absence of a single SPARQL based streaming query language.

Benchmark Data set. The design of a streaming RDF/SPARQL benchmark requires a

cautiously chosen data set that is relevant, realistic, semantically valid and interlink-

able (Zhang et al., 2012a). Additionally, the data set should allow the formulation of

queries that both feel natural and present a concise but complete set of challenges that

streaming RDF engines should meet. Considering the study of Duan et al. (2011), which

points out that the synthetic data does not predict how RDF stores behave in realistic

scenarios, and the inherent importance of interlinking RDF data, we used real-world

data sets for SRBench. Specifically, we used LinkedSensorData (Patni et al., 2010), the

largest sensor dataset from the Linked Open Data cloud1, which includes both observa-

tions and sensor metadata. To assess a system’s ability of dealing with interlinked data,

we additionally use the LOD data sets GeoNames2 and DBpedia3, which are linked to

the LinkedSensorData.

A concise set of features. Applying Semantic Web technologies to streaming data

helps providing explicit semantics to data for search and reuse, may enable reasoning

through ontologies, and facilitates the integration with other data sets. The benchmark

provides a comprehensive set of queries that assess a system’s ability of processing these

distinctive features on highly dynamic (in terms of arriving rate and amount) streaming

data, possibly in combination with static data. Following the “20 queries” principles (Hey

et al., 2009), in SRBench we defined seventeen queries that have been carefully cho-

1Linked Data: http://linkeddata.org/
2GeoNames Ontology: http://www.geonames.org/ontology/.
3DBPedia datasets: http://wiki.dbpedia.org/Datasets
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sen such that they provide valuable insights that can be generally applied to streaming

RDF systems and are useful in many domains, e.g., notion of time bounded queries (e.g.,

data in the latest X time-units); notion of continuous queries (i.e., queries evaluated

periodically); data summarization in the queries (e.g., aggregates); providing high-level

abstractions from raw-data ; and combining streams with contextual static data.

No standard query language. No standard has been established yet for streaming

data processing, and even less for streaming SPARQL extensions. Therefore, the queries

of a streaming benchmark should be specified in a language agnostic way, yet have a

clear semantics. In SRBench, this challenge is met by providing a descriptive definition

of each of the benchmark queries. Then, we provide implementations of the benchmark

queries using the three major SPARQL extensions for streaming data processing, i.e., C-

SPARQL, CQELS and our own SPARQLStream. These three sets of implementing queries

are used for the purpose of clarifying the benchmark query definitions.

8.3.1 SRBench Queries

The 17 queries1 of SRBench cover a wide range of features from RDF and SPARQL pro-

cessing, more advanced SPARQL 1.1 features, inherent streaming data features available

in DSMS, and interlinking with external static data. The features considered are dis-

cussed below.

Graph pattern matching. An essential feature of SPARQL queries, it includes fea-

tures such as the basic graph pattern matching operators ’.’ (representing a natural

join AND) and FILTER, and the most complicated operators UNION and OPTIONAL (Pérez et al.,

2009). SRBench queries includes all these operators.

Solution modifiers. In SRBench, only the projection and DISTINCT solution modifiers

are addressed, because the additional values of the other four operators are negligible

in streaming applications. ORDER BY is ignored since streaming data are already sorted

by their time stamps, and sorting the results on another attribute will only produce

partially sorted data (within one window). The features of OFFSET and LIMIT are largely

covered by sliding windows, which are more appropriate for streaming queries. Finally,

the nondeterministic nature of REDUCED highly complicates the verification of the query

results.

1Full descriptions and implementations of the queries are available at http://www.w3.org/wiki/SRBench
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Query forms. SRBench supports the 3 main query forms of SPARQL: SELECT, CONSTRUCT

and ASK. The othe query form DESCRIBE returns an RDF graph that describes the resources

found. In the SRBench queries, this form is not used, because it is highly implementation

dependant, which largely complicates the verification of the query results.

SPARQL 1.1. The additions to the SPARQL language included in the SPARQL 1.1 W3C

Proposed Recommendation introduced several new features, including aggregates, sub-

queries, negation, projection expressions, Property Paths and assignment. We make ex-

tensive use of these new features in SRBench, especially aggregates and property paths,

although the semantics of the latter might be modified, due to recent analysis of the

unfeasibility of their current semantics (Arenas et al., 2012).

Reasoning. SRBench includes queries that allow exploiting reasoning if provided by

the processing engine. Currently, the queries involve reasoning over the rdfs:subClassOf,

rdfs:subPropertyOf and owl:sameAs properties. The queries in SRBench can be imple-

mented and executed by both systems with and without inference mechanisms, but the

differences might be noticeable in the query results. Also note that, although SPARQL

is not a reasoning language, it can be used to query ontologies if they are encoded in

RDF. So, on systems without reasoning, this shortcoming can be alleviated by explicitly

expressing some reasoning tasks using extra graph patterns with Property Path over

the ontologies.

Streaming. Existing streaming SPARQL extensions generally introduce streaming data

operators inspired by DSMS continuous query languages such as CQL (see Section 2.1.2).

We considered three important streaming SPARQL features: the time-based sliding win-

dow and the window-to-stream operators. Also, the continuous nature of queries is con-

sidered in SRBench, as an orthogonal feature to all operators mentioned so far.

In Table 8.2 we provide a summary of these features in the 17 SRBench queries.

8.3.2 Functional Evaluation

Streaming RDF/SPARQL query engines are relatively new and are mostly in the begin-

ning stage of development. Therefore we deemed it appropriate to conduct a functional

evaluation of these systems, aiming at finding out if the functionalities they provide

are sufficient for realistic streaming query processing, if there are any crucial features

missing or if there are distinctive operators that difference one system wrt. the others.

The proposed evaluation includes three of such systems: SPARQLStream, C-SPARQL and
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Table 8.2: Addressed features per query. Operators abbreviations: 1. And, Filter, Union,
Optional; 2. Projection, Distinct; 3. Select, Construct, Ask; 4. Aggregate, Subquery,
Negation, Expressions, assignMent, Functions, Property path; 5. subClassOf, subpRopertyOf,
owl:sameAs; 6. Time-based window, Istream, Dstream, Rstream; 7. LinkedObservationData,
LinkedSensorMetadata, GeoNames, Dbpedia.

CQELS, three representative approaches that provide available implementations. Al-

though we do not mean to exhaustive, we consider that these systems already cover an

interesting spectrum: SPARQLStream relies on mappings and query rewriting over an un-

derlying streaming engine, C-SPARQL divides execution between a SPARQL endpoint and

a DSMS, and CQELS implements RDF stream processing from scratch. The evaluation

results are intended to give a first baseline and illustrate the state-of-the-art, and with

respect to this thesis, reinforce the validity of hypothesis H2, as we will see in Section 8.5.

To execute the queries, we downloaded the latest SPARQLStream
1, CQELS (Aug. 2011)

and C-SPARQL 0.7.4. All implementing queries can be found in the SRBench wiki page2.

An overview of the evaluation results is shown in Table 8.3. A tick indicates that the

engine is able to process a particular query. For each query that cannot be processed by

a certain engine, we denote the main missing feature(s) that cause the query to fail.

Table 8.3: Functional evaluation results. Abbreviations of missing features: Ask, Dstream,
Group and aggregates, IF expression, Negation, Property path, Static Dataset.

The evaluation results show that most of the basic SPARQL features are covered by

all systems, i.e. graph pattern matching, SELECT and CONSTRUCT modifiers. Interestingly,

1https://github.com/jpcik/morph-streams
2http://www.w3.org/wiki/SRBench
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a simple solution modifier such as ASK is not available in ay of the chosen implemen-

tations. This detail evidences the early stage of development in which these engines

are still immersed. The number of functionalities currently supported by SPARQLStream

is somewhat less than those supported by CQELS and C-SPARQL, mainly due to lack of

support for GROUP BY operators.

Most of the other issues found in this evaluation are related to lack of support of

SPARQL 1.1 features. Notably, none of the implementations support property paths,

which prevents executing 7 out of 17 queries in SRBench. We regard the Property Path

expressions as one of the most important features of SPARQL 1.1, because it provides flex-

ible ways to navigate through RDF graphs and facilitates reasoning over various graph

patterns. These are distinguishing factors of the usefulness of one system from others

for streaming RDF applications.

Finally, in terms of reasoning, very little support is provided in current implementa-

tions. C-SPARQL is the only testing system that supports reasoning based on simple RDF

entailment, although it is not available in the published implementation. SPARQLStream

and CQELS currently do not tackle the problem of reasoning. The overall conclusion of

our evaluation is that there is no single best system yet, and although the SPARQLStream

engine supports fewer queries than CQELS and C-SPARQL, all of them still require cov-

ering features of SPARQL 1.1 and reasoning, and they also need reaching a more mature

status in order to be used in real-world scenarios. Overall, we showed that SPARQLStream

and the other approaches (not based in query rewriting) are able to be used to query

streaming data (hypothesis H2), but in terms of implementation there is still a gap to be

filled. Nevertheless, this initial step towards a streaming RDF and SPARQL benchmark is

a necessary contribution to allow better and comparable experimentation among these

engines, although each one is focused on slightly different use cases.

8.4 Evaluation of the Sensor Data Characterization

The main goal of these experiments is to show that the proposed sensor data represen-

tation using slopes can be used to characterize sensor data and extract sensor metadata

corresponding to the types of observed properties. First we show how the classification

behaves with two real life data sets, in terms of precision. Next, we are interested in

experimenting with smaller subsets of data samples, and observing how the classifica-

tion behaves with less data, as we know there are repeating data patterns. Finally, we

compare our approach with a classification using the widely used SAX symbolic repre-

sentation of the data (Lin et al., 2007).
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To validate the classification approach presented in Section 6.3.2, we implemented

and applied it to two different datasets in the environmental domain: one from the Swiss

Experiment1 and another form AEMET. The data is heterogeneous as it comes from dif-

ferent geographical locations, some have different time spans (e.g. observations collected

during 1 year, 3 months, etc), others have different sampling rates.Also the number of

sensors per observation type varies (e.g. 78 for temperature, only 4 for snow height). Due

to the conditions of the deployments, some of them experimental and others deployed in

harsh environments, this dataset contains a considerable amount of noise in the data.

The AEMET dataset consists of sensor data from 100 weather stations managed

by the Spanish meteorological office. The data is heterogeneous, coming from stations

all over Spain, and was originally collected in intervals of 10 minutes. It contains, in

general, less noise and anomalies than the Swiss Experiment dataset, as it comes from

stations daily used for meteorological forecasts.

8.4.1 Classification in Swiss Experiment and AEMET

The goal of our first experiment consists in evaluating the effectiveness of the classifi-

cation in terms of precision and recall. The classifier is expected to assign the correct

label (the type of observed property, e.g. “humidity”) to time series from a test set. The

classifier uses a training set of time series and the evaluation criteria is computed in

terms on the number of true positives (tp), false positives ( f p) and false negatives ( f n):

precision (p = tp
tp+ f p ), and recall (r = tp

tp+tn ).

Swiss Experiment. The heterogeneity of the Swiss Experiment dataset required ap-

plying different parameters for the linear approximation step. Some time series had very

short sampling time intervals (e.g. every 2 seconds for pressure, for at most two days),

while others had very long ones (e.g. every half-an-hour for several months). Hence,

the approximations were very different in these cases (hundreds of segments per day for

short intervals, and only a few per day for long ones).We applied a 5-fold cross valida-

tion scheme to divide our dataset in training and test set, and then apply the nearest

neighbor algorithm. We present the confusion matrix in Table 8.7, for k = 5.

We can observe that the effectiveness of the classification varies among the different

types of data. The nearest neighbor scheme is also biased as the dataset is highly unbal-

anced. Since we have comparatively much more samples of temperature or wind speed,

1The dataset is available at: http://lsirpeople.epfl.ch/qvhnguye/benchmark/
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Figure 8.7: Swiss Experiment confusion matrix, k=5. Column header abbreviations:
ra:radiation, mo:moisture, te:temperature, wd:wind direction, ws:wind speed, hu:humidity,
ly:lysimeter, pr:pressure, co:CO2, sh: snow height, vo:voltage

than for pressure or snow height, these last are less likely find nearest neighbors of the

same class. For instance for lysimeter and snow height, almost no series are correctly

identified, as we have a very small number of series. Nevertheless, in the cases of pres-

sure or CO2 the precision is good regardless of the low number of series. This is a special

case, since these series have very different slope distributions, and also, have very short

sampling interval. Since their resolution is much smaller (e.g. every 2 seconds) than

most of the other series in the dataset, their comparison throws very large distances

that are quickly discarded.

In cases where the total number of time series was very small (e.g. only 4 for snow

height), the approach is clearly not effective. It requires a larger training set to have an

acceptable precision. Also, when the series are very irregular (sometimes due to noise

and false non-curated data in the original dataset), they logically fail to be correctly

classified.

AEMET. For the AEMET dataset, we followed the same approach as with the Swiss-

Experiment. However, for the AEMET data, we had a larger number of time series for

every type of data, thus avoiding the problem of lack of training data encountered in the

previous tests. Moreover, the dataset sampling interval is the same, making it easier to

compare their slope distributions. We applied the classification scheme with a 10-fold

cross validation for this dataset. We provide the confusion matrix for k = 5 in Table 8.8.

We can notice that in this case the approach achieves better precision, as expected,

since we avoided the problems of sampling times and unbalanced types (the number of

series per each type is similar or the same). However, it can be observed that there are

important false positives at some specific spots. For instance the number of soil temper-

ature series falsely identified as air temperature is very high. This is in fact an expected

result, since both are specializations of the more general type temperature. Hence, both
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Figure 8.8: AEMET confusion matrix, k=5. Column header abbreviations: st:soil temperature,
ba:battery, te:air temperature, wd:wind direction, ws:wind speed, hu:humidity, wsx: wind speed
(max), pr:pressure, wdx: wind direction (max), pre:precipitation.

share patterns in the time series, that are reflected in the slope distributions that are

compared during the classification process. The same situation can be seen between

wind speed and wind speed (max), and for wind direction and wind direction (max).

It is also interesting to see that if we consider the “unification” of similar types of data

(e.g. wind speed and maximum wind speed), the precision is much higher (Figure 8.9).

This suggests that the slope distributions are useful for identifying similar data, because

they have very similar slope distributions. This is an expected behavior, for instance

for wind speed and wind speed (max), which are measurements of the same type of

data. In order to discern between small differences like these, other characteristics of

Figure 8.9: Precision in AEMET, not differencing the specific types wind speed (max) and wind
direction (max).

the data have to be taken into account. In these cases where two types of observations

are similar, we can use a higher level definition of observed property. For instance, in

the Climate and Forecast vocabulary, the specific properties cf-property:air_temperature

and cf-property:soil_temperature both have qu:temperature as its general quantity kind.
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8.4.2 Classification with Partial Information

In this experiment we aim at showing how the classification precision varies when using

smaller subsets of the test data. As we discussed in Section 6.3.3, for our environmental

and meteorological datasets, recurrent slope patterns in the data can be representative

enough to compute the slope distribution, and make it possible to classify the data. We

have tested the classification reducing the number of days-of-data used for computation.

In Figure 8.10 and Figure 8.11 we plot the precision for the AEMET and Swiss Experi-

ment dataset series, for different subsets of the data (expressed in terms of the number

of days of measured data). In total we have around 200 days of observations, but we can

see that for some types of data we require much less and obtain similar precision in the

classification. This is the case especially with series that include very repetitive patterns

on a daily basis, but not for others that have a more unpredictable behavior such as wind

speed. In this case we see that it needs more days-of-data than other types to increase

the precision.

Figure 8.10: AEMET Classification precision, for different partial datasets, in terms of the days
of data used.

8.4.3 Comparison with SAX Classification

The goal of this experiment is to compare our approach with a classification based on the

widely used SAX representation of time series (Lin et al., 2007). The comparison is based

on the precision using both approaches. By classifying with SAX we can verify how well

our method behaves in comparison to a well established technique. The SAX approach

also produces a symbolization of the time series, although the angles and slopes are not

taken into account, as it uses a PAA approximation. We applied the same classification
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Figure 8.11: Swiss Experiment Classification precision, for different partial datasets, in terms
of the days of data used.

method used for our slope-based representation. We show the classification precision for

the Swiss Experiment and AEMET datasets in Figure 8.12 and Figure 8.13 respectively.

Figure 8.12: Swiss Experiment Classification precision with SAX and the Slope representation.

As it can be seen, the classification throws similar results for both methods, with

small differences in AEMET, and slightly better for the slope-based approach in the

Swiss experiment dataset. Using the slopes distributions shows to be helpful at differ-

encing time series with similar values but very different angles. In the case of AEMET,

the measured values are already enough to discern between two different types of obser-

vation, and hence the results are not improved by the slope distribution. While the SAX

representation has been exploited in other ways, for example by considering substrings

of a fixed size, instead of only one symbol, this experiment shows that our approach is

also able to extract features that help characterizing a type of time series, and enabling
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Figure 8.13: AEMET Classification precision with SAX and the Slope representation.

its semantic identification. A classification technique throws different results depending

on the type of data. Further amendments could be plugged to the classification scheme,

but they risk to be too specific to the characteristics of certain datatypes, and such meth-

ods are outside of the scope of this work.

8.4.4 Discussion of the Characterization Evaluation

We evaluated the classification approach based on slope distributions with real-life data

sets of the Swiss-Experiment project and AEMET. We have shown through experimen-

tation that this representation can be useful for balanced datasets, as the classification

gets biased when there are small numbers of samples in the training set, for a particu-

lar type of data. Moreover, our results show that this representation can help grouping

data of the same type, despite geographical locations, since it is based on the distribu-

tion of slopes of a linear approximation. Therefore, it can identify similarities of related

types of data: e.g. air temperature and soil temperature, validating hypothesis H6. We

have compared our characterization of sensor data with a competitive approach, validat-

ing hypothesis H7, and showed that for the chosen environmental datasets it effectively

enables the extraction of semantic metadata.

The proposed approach, however, was evaluated within the same dataset, and in the

future we will study its applicability in an inter-dataset classification. This framework

could be used in the future for other tasks such as clustering, or for identifying simple

patterns in streams of sensor data. Moreover, complex symbolizations consisting of se-

quences of slopes could be considered, which would represent more complete patterns

that can be exploited. Also, we can consider building a more complex representation

that includes not only the slopes information but also the value ranges, and even tags
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and labels provided the data publishers. This may enable a more complete and accurate

extraction of metadata that enriches the growing Semantic Sensor Web. As a final fu-

ture path, we may consider applying online execution of these techniques for real-time

analysis.

8.5 Evaluation Conclusions

The work described in this thesis builds on the hypothesis presented in Chapter 3, ad-

dressing the corresponding research problems: P1: How to access streaming sensor data

with continuous queries using ontology models to represent the sensor observations. P2:

How to characterize sensor data using the recorded time series, capturing the semantic

metadata of the sensor observations. Therefore, we proceed to validate each hypothesis

with the evaluation results presented throughout this chapter and also the experimen-

tation presented in the previous chapters.

H1. Sensor streaming data can be treated as instances of concepts from a comprehensive

ontology model, such as a combination of the SSN ontology with domain-specific ontolo-

gies.

In Chapter 5 we presented the principles of mapping-based rewriting that allows

querying sensor streaming data in terms of ontological concepts. In particular, we showed

the feasibility of this approach in different use cases in Chapter 7, using the SSN ontol-

ogy as a base model in conjunction with domain ontologies. In all these cases users

and applications were able to treat sensor data as instances of ontology concepts using

SPARQL-based queries.

H2. SPARQL queries can be extended with streaming operators, and used to continuously

query streaming data, in terms of the ontology concepts and properties.

In Chapter 4 we presented SPARQLStream, a formalization of streaming data opera-

tors for SPARQL, designed for ontology-based continuous query processing of streaming

data. Along with the formal definition of the data model and language, we provided

the semantics of SPARQLStream and showed concrete examples of applicability and use in

Chapter 7. We also compared the expressiveness of SPARQLStream with different DSMS,

CEP and middleware languages (Section 8.2), showing that it covers most features of

these systems. We also provided a functional evaluation of SPARQLStream compared with
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other engines in Section 8.3, and established a technology benchmark for comparing this

new type of query languages and their engines.

H3. Ontology-based queries to streaming data can be rewritten into queries in terms of

relational and event streams, and the query results can be returned as instances in terms

of the ontologies. The use of existing relational-to-RDF (RDB2RDF) mappings can be ex-

tended to streaming data for this purpose.

The semantics of query rewriting from SPARQLStream to a relational stream algebra

has been fully described in Chapter 4. We showed that existing relational and event

streams can be accessed using the query rewriting mechanism, given a set of RDB2RDF

mappings. Furthermore, we provided formal definitions of these mappings and how they

are used during the rewriting process. Specifically, we showed in Chapter 5 that we can

use the W3C Recommendation R2RML mappings for this purpose.

H4. Ontology-based queries for streams can be expressed as abstract expressions that

can be transformed into queries for relational streams and complex event processors, or

sensor middleware service requests.

We have extensively shown in Chapter 5 how the rewritten streaming algebra ex-

pressions can be instantiated as queries in different concrete query languages. These

languages can be executed either by DSMS, CEP or sensor middleware. We have pre-

sented implementations and real use-case applications that use SPARQLStream with query

rewriting for these different technologies in Chapter 7, and the evaluation as well. We

included the SNEE DSMS, the Esper CEP, and GSN and Cosm middleware as concrete im-

plementation examples of our approach. We have also evidenced that some of these un-

derlying languages and systems sometimes offer less expressiveness than SPARQLStream

in Section 8.2. Finally we provided empirical evidence of acceptable performance of con-

tinuous SPARQLStream queries in medium-low rates in environmental sensor settings in

Section 8.1.2.

H5. Ontology-based query rewriting for streams can be applied for both push and pull

data delivery, incurring in an acceptable overhead in query latency compared to native

execution.
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We provided an evaluation of the query rewriting overhead of SPARQLStream com-

pared with native query execution in Section 8.1.1. We show that the overhead of query

rewriting is acceptable even for medium tuple rates, both for push and pull delivery. We

observed that even in the presence of overhead in query rewriting, the fact that continu-

ous queries can be compiled only once, may greatly alleviate these penalties.

H6. Sensor data series can be analyzed in order to find patterns in it, that characterize

its type and makes it recognizable among other types of series.

We have presented an approach in Chapter 6 that relies on sensor observations anal-

ysis to determine the type of observed property, given a training set of already classified

series. We have experimented with two real-world data sets: AEMET and Swiss Experi-

ment, and presented competitive and sometimes better results than with the alternative

SAX representation in Section 8.4.3.

H7. Sensor data time series representations can be analyzed, so that semantic proper-

ties such as the type of data, can be learned using mining clustering and classification

techniques, with acceptable precision.

We have shown that the classification method presented in Chapter 6 provides good

precision in real-world datasets, especially for more homogeneous sensor time series

such as the ones in AEMET (Section 8.4). We showed that the existence of already

classified series influences the precision of our approach, and that for some types of

data, even with only a small subset of the data we can already achieve high precision

(Section 8.4.2).
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Conclusions

This thesis addresses different challenges in the area of streaming data access through

semantic technologies. These challenges converge to the two main research problems

we addressed in Chapter 3: (i) How to enable ontology-based access and querying over

existing streaming data sources; and (ii) How to represent, classify and enrich semantic

sensor metadata.

Although other approaches have been proposed, even concurrently to ours, for query-

ing data streams with SPARQL-based query engines, they are either limited to a partic-

ular fixed model or technology, or implement query evaluation from scratch. There-

fore none of the existing systems flexibly reuses streaming and event query processing

engines, exposing the data through an ontological query interface. Moreover, because

these systems may have very different data models and schemas, they need mappings

that relate them to ontology concepts. None of the existing approaches considers using

declarative mappings for these tasks, and in the area of RDB2RDF, streaming data is not

considered in any of the available approaches.

Concerning the representation and classification of semantic sensor metadata, there

is an increasing interest in using ontologies for representing sensor data, enabling inter-

operability, discovery and publication of sensor data on the web. However, the published

sensor metadata usually lacks the necessary information to be of use for a wide com-

munity of users. Characterizing and classifying the types of sensor data sources is a

problem that has been tackled in the time series mining and analysis community but

has been seldom explored for semantic metadata management.

As we stated in Chapter 3 our work presents several contributions to these research
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problems. We review them below, in the light of the evidence showed throughout the

previous chapters and the evaluations performed.

9.1 Review of Contributions

The main contribution of our work is focused on the first problem, and consists of a novel
approach for accessing and querying existing streaming data sources, through

the query rewriting semantics of the proposed SPARQLStream language. In particular, we

have expanded over the work on RDB2RDF techniques for the case of streaming data,

adding the notions of continuous queries, streamed evaluation and time-based windows.

In particular, we can detail concrete contributions associated to this research problem as

follows:

• We defined the SPARQLStream language, its syntax and semantics in Chap-

ter 4. SPARQLStream has been designed considering it as an extension to SPARQL 1.1

with window operators as the ones present in DSMS and CEP languages. Unlike

other SPARQL extensions for streaming data, SPARQLStream is oriented to reuse

existing streaming query engines, thus providing an ontological view over these

sources. Our objective with this approach is to hide the heterogeneity of data

schemas of different sensor deployments by using a common model (e.g. an on-

tology network with the SSN ontology at the core).

• We proposed a query rewriting approach for expressing SPARQLStream queries
as relational streaming algebra expressions. The formalization of the query

rewriting semantics of SPARQLStream is fully described in Chapter 4 and is based on

the existence of mappings from stream schemas to RDF terms. This novel approach

departs from fixed-schema transformations of previous works, and explores for the

first time the possibility of applying and extending concepts of the RDB2RDF and

ontology-based data access areas to data streams.

• We enabled the query rewriting and data translation of query results from

relational-based streams and event streams using our query rewriting approach

(Chapter 5). The abstract representation of SPARQLStream queries is essentially

relational, and we provided evidence of its applicability for streaming relational

and event models. These are the data and query models currently exploited in

the research community and the industry, as described in Section 2.1, and we are

experiencing an increasing demand for applications that make use of them. In this
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context, the SPARQLStream query rewriting approach provides flexibility to be used

in conjunction with very different streaming data schemas and models.

• We provided an implementation of a SPARQLStream continuous query en-
gine, pluggable to a wide range of underlying streaming data engines. We imple-

mented the proposed approach such that it can reuse one of several existing stream

management systems, complex event processors, or even sensor middleware. Our

approach has been implemented using four stream and sensor management sys-

tems, each one with different goals and querying capabilities, showing that these

principles can be applied to a potentially wide range of situations. We have shown

concrete examples of real-world use cases where this technology can be applied

(Chapter 7).

• We proposed and implemented the definition of mappings from streaming data
schemas to ontologies using the R2RML W3C Recommendation, extending

its use for streams for the first time (Chapter 5). The usage of R2RML mappings

allows a declarative definition of how the virtual RDF graphs are related to real

streaming data sources, and provides a reusable abstraction that can be applied in

many scenarios as seen in Chapter 7. Moreover, the well-founded semantics of the

query rewriting mechanism of SPARQLStream, has been shown to fit with this type

of mappings in Chapter 5.

• We have provided an implementation that has been thoroughly evaluated, for both

pull and push based delivery modes, especially for assessing the potential overhead

of query rewriting and data translation to the overall query evaluation process

(Chapter 8).

While these contributions targeted the problem of streaming data querying, and the

use of ontology terms for this purpose, we also covered the second research problem,

referred to metadata management for sensors, which are one of the main sources of data

streams. We addressed the challenges of classifying and deriving semantic metadata,

and we can summarize our contributions as follows:

• We defined a representation of sensor time series that captures slopes
information that is useful to characterize types of sensor data (Chapter 6). In

particular we evidenced that this representation helps discerning from the differ-

ent observed properties of sensor measurements, which are potentially unknown

at web scale.
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• Using the slopes representation, we devised a method for classifying sensor
time series and determining the type of data, using a classification scheme

(Chapter 6). This approach assumes a basis of existing already classified time

series, and has been evaluated with real world datasets. We have also compared

this approach with other alternative classification techniques in Chapter 8.

• We used the classification method to derive sensor metadata observed prop-
erties, so that they can be integrated with the semantic sensor metadata and later

be used in queries. Using this approach we allow determining observed properties

of sensor datasets, so that they are easily discoverable and can be properly queried,

using semantic-aware languages such as SPARQLStream.

9.2 Future Work

The work presented in this thesis provides contributions that enable querying and ac-

cessing semantic sensor observations and metadata on the Web, and constitute a step

forward in this area. However, we have already identified open issues and related work

to follow up, which in some cases we have started to explore.

Our work provides substantial evidence that we can apply ontology-based query pro-

cessing for streaming data sources. The theoretical foundations of query rewriting and

usage of mappings allow using external event or relational streaming engines. We have

shown the application of these principles with concrete implementations such as Esper,

SNEE or middleware including Cosm and GSN. Nevertheless, we have seen in Section 8.2

some of the functionalities available in event processors are not covered by SPARQLStream.

We plan to analyze the addition of such features, and include them if it is feasible. One of

the advantages of our approach is that it is flexible enough to incorporate different types

of underlying streaming engines, provided that the queries are rewritable. Therefore if

we add an operator in SPARQLStream that has an equivalence in the target language (e.g.

Esper), then it can be easily added.

Along these lines, we have also seen in Chapter 8 that the available prototype of the

SPARQLStream evaluator needs to implement the complete set of features provided by the

language. We realized that none of the existing approaches that target RDF stream pro-

cessing covers very relevant features of SPARQL 1.1 and reasoning. The complementary

work of SRBench points at this direction, and is not intended just for internal use but to
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be exploited by the community. In this context, we are also starting to address the need

for standardizing this type of query language extensions, for instance at the W3C level.

Concerning the support of mixed static and streaming data sources, the current

SPARQLStream implementation assumes that the query engine can handle them appro-

priately. For instance most DSMS support both tables and streams, and a query seman-

tics that allow joins between them. Nonetheless, in the context of Linked Data or other

types of Web data publishing, static data is often remote or accessible through federated

query endpoints. Integrating this type of functionality to SPARQLStream is an interesting

ongoing work that we are starting to tackle.

Regarding the sensor metadata characterization, our approach can be applied an ex-

panded in many ways. First of all, it was evaluated within the same dataset, and in the

future we will study its applicability in an inter-dataset classification. This framework

could be used in the future for other tasks such as clustering, or for identifying simple

patterns in streams of sensor data. Moreover, complex symbolizations consisting of se-

quences of slopes could be considered, which would represent more complete patterns

that can be exploited. Also, we can consider building a more complex representation

that includes not only the slopes information but also the value ranges, and even tags

and labels provided the data publishers. This may enable a more complete and accurate

extraction of metadata that enriches the growing Semantic Sensor Web.

9.3 Open Research Problems

The body of our work addressed open problems in the area of semantic sensor networks.

These advances opened the way for exploring other related research problems that we

mention briefly in this section.

Publishing Linked Stream Data. Our approach for querying streaming data re-

quires a SPARQLStream-enabled endpoint. This supposes that all streaming RDF graphs

and triples are virtual in nature, not stored as in traditional RDF datasets. Event though

all the virtual triples that are queried have a URI, in the current settings they are not

necessarily dereferenceable. This breaks the normal conception of Web publishing stan-

dards such as Linked Data, but this is due to a lack of support of these technologies

for data streams. In fact, we most likely do not need to store all observations but only
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summarizations, and expose the most recent ones in SPARQLStream-like endpoints. We

think that there is a great potential for research work in this area, and although there

have been some proposals in these lines (e.g. (Le-Phuoc et al., 2011b; Wei and Barnaghi,

2009)), there are still many uncovered use cases to work on.

Parallel Stream Processing. Massive online and batch processing of data is a cur-

rent hot research area, that is specially important for data streams. Parallelization of

stream processing is an area that is starting to gain wide adoption in financial market

analysis, social networks or traffic monitoring. Several projects emerged to cover these

issues, including S41 or Storm2. However, all these efforts suffer from similar problems

than those of DSMS with respect to heterogeneity and interoperability. We believe that

some of the ideas developed in this thesis could be fruitful in that area, although there

are several technical and scientific issues to take into account.

Query federation. Data streams coming from sensor networks or mobile devices are

distributed in nature. However, applications require aggregating, summarizing or com-

paring streaming data form these different sources in real time. Federated query pro-

cessing and distributed evaluation of queries has already been addressed by the sensor

networks community (e.g. (Galpin et al., 2011; Madden et al., 2005) and also in static

RDF query processing (e.g. (Acosta et al., 2011; Buil-Aranda et al., 2011)) but it is still

largely unexplored in the area of streaming SPARQL evaluation. We envision an ecosys-

tem of sensing and actuating devices that may expose their data directly through Web-

standard interfaces for direct consumption or federation, or through proprietary formats

to query engines equivalent to the ones SPARQLStream proposes. And on top of these het-

erogeneous systems, we could investigate mediator-based query optimization techniques

for data integration.

Sensor data workflows. In scientific data analysis, it is more and more common

to rely not only on large volumes of datasets, but also on highly dynamic streaming

data sources. These data streams may be part of complex workflows that describe a

data transformation and analysis task, which is potentially publishable and re-playable.

Sharing and annotating these workflows has been tackled by researchers for a long time,

but this work can also be extended for streaming data, which poses the problems of dy-

namicity, reproducibility of dynamic streaming data, and provenance.

1http://incubator.apache.org/s4/
2http://storm-project.net/
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Stream Reasoning. In the field of reasoning, streaming data has only recently been

considered (Della Valle et al., 2009) and so far there is limited support in terms of query

processing. The usage of query rewriting techniques that consider the ontologies to pro-

duce expanded queries to a database has been extensively studied in the latest years,

exclusively for static data (Calvanese et al., 2005; Pérez-Urbina et al., 2009). Approaches

such as SPARQLStream that are based on ontology-based data access techniques can di-

rectly benefit from the query expansion reasoning methods, although there is also a need

for providing clear theoretical foundations to explain the scope and expressiveness that

can be achieved.

Sensor pattern classification. We have studied a particular type of classification

problem, oriented towards the identification of observed properties of sensor data. Very

similar techniques can be used for other purposes which can be broadly described as

pattern classification. Although this type of task has been widely studied by time se-

ries analysis scientists, we see a need for combining it with streaming query processing,

especially on live data streams. SPARQLStream and other query engines for graph-based

data could be empowered with these data analysis features to exploit pattern-based clas-

sification on continuous queries, going beyond simple filtering or aggregation operators.

Statistical and quality analysis. Sensor data and its corresponding metadata are

consumed by specialized users that perform analysis over it, and usually require com-

mon statistical models and tools that are applied over and over for each dataset they need

to process. These tasks can be integrated in a processing stack that includes data acqui-

sition and querying. Al these steps could be represented using the previously mentioned

workflow-based concepts, but we would require mappings from sensor-observation mod-

els to statistical models that are well understood by scientific analysts. Furthermore, we

see the need for enabling data quality filtering and analysis for this type of data streams,

as they usually come from noisy and partially unreliable sources.

All in all, we have stepped into a research area where the challenges demand new

solutions and proposals that bring together different fields, ranging from data stream

processing, sensor data analysis, ontology engineering Web publishing, reasoning, and

many more.
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