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Executive Summary
The objective of WP3 is to design, implement and deploy an open, dynamic and
scalable registry for the SemsorGrid4Env software architecture defined in WP1. The
registry to be developed will allow the description and discovery of Semantic Sensor
Grid resources: sensors, sensor networks, data sources, ontologies etc.
In Deliverable D3.1 we studied the problem of designing a data model and a query
language for the registry of the SemsorGrid4Env infrastructure. We proposed the data
model stRDF and the query language stSPARQL as the data model and query language
for the SemsorGrid4Env registry. stRDF extends RDF(S) with the ability to represent
spatial and temporal data so that sensor metadata can be represented and queried.
stSPARQL extends SPARQL so that spatial and temporal data can be queried using a
declarative and user-friendly language.
In this deliverable, we present a semantics and an algebra for stSPARQL. We also
present Strabon, an implementation of stSPARQL that is currently been developed in
WP3 and will be the basis of the SemsorGrid4Env registry implementation. Finally, we
present data structures and algorithms for efficient distributed query processing in the
system Atlas and a detailed performance evaluation of these on Planetlab. The
implementation techniques developed in Strabon will be later on extended to Atlas to
develop a distributed implementation of the SemsorGrid4Env registry.
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Note on Sources and Original Contributions
The SemSorGrid4Env consortium is an inter-disciplinary team, and in order to make
deliverables self-contained and comprehensible to all partners, some deliverables thus
necessarily include state-of-the-art surveys and associated critical assessment. Where
there is no advantage to recreating such materials from first principles, partners follow
standard scientific practice and occassionaly make use of their own pre-existing
intellectual property in such sections. In the interests of transparency, we here identify
the main sources of such pre-existing materials in this deliverable:


Section 2.3 contains material from Deliverable D3.1.



Section 3.1 contains material from Deliverable D1.3v1.
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Chapter 1
Introduction
The objective of WP3 is to design, implement and deploy an open, dynamic and
scalable registry for the SemsorGrid4Env software architecture defined in WP1.
The registry to be developed will allow the description and discovery of Semantic
Sensor Grid resources: sensors, sensor networks, data sources, ontologies etc.
In Deliverable D3.1 [27] we studied the problem of designing a data model
and a query language for the registry of the SemsorGrid4Env infrastructure and
more generally for a registry in a Semantic Sensor Grid. We surveyed related
work in the areas most relevant to our work and proposed the data model stRDF
and the query language stSPARQL as the data model and query language for
the SemsorGrid4Env registry. stRDF extends RDF(S) with the ability to represent spatial and temporal data so that sensor metadata can be represented and
queried. stSPARQL extends SPARQL so that spatial and temporal data can be
queried using a declarative and user-friendly language.
The main contributions of this deliverable are the following:
• We present a semantics and an algebra for stSPARQL in the spirit of the
algebra for SPARQL given in [33]. This will be the algebraic language that
will drive the stSPARQL implementation. This development continues the
work on stSPARQL initiated in Deliverable 3.1.
• We present the implementation of stSPARQL that is currently been developed in WP3 by extending the Sesame RDF store1 . This implementation
will serve as the basis of the SemsorGrid4Env registry implementation. As
the project goes forward in time, this implementation will cover a progressively larger subset of stSPARQL as various features of it are required by
the project use cases. This implementation is currently centralized and it
will be later on extended to a distributed one as envisaged in the description of work for WP3 in the Technical Annex of the project. We decided
to follow this “centralized version first, distributed version later” model of
1

http://www.openrdf.org/, last accessed July 21, 2009.
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software development so that an early centralized implementation is available to the partners while the development of a more complex distributed
implementation based on our system Atlas2 is completed. This is consistent
with lessons learned in our earlier project, Ontogrid.
• We present data structures and algorithms for efficient distributed query
processing in the system Atlas and a detailed performance evaluation of
these on Planetlab3 . The partner leading WP3 (NKUA) has recently joined
Planetlab after dedicating two server-class machines that were acquired
with SemsorGrid4Env equipment funds to the Planetlab network. This
work has resulted in a more mature implementation of Atlas which will be
integrated with the centralized implementation of stSPARQL to provide a
distributed implementation of the SemsorGrid4Env registry. The features
of this new version of Atlas include:
– Being able to answer queries over RDF(S) databases, not just RDF
databases as in our previous work [29, 20, 19]. The ability to query
RDF data but also RDFS ontologies of sensors etc. is a crucial aspect
of the SemsorGrid4Env project.
– Using a dictionary encoding technique as in recent work on centralized
RDF stores. Dictionary encoding is a method of data compression in
which an RDF term is replaced by a positive integer which is the
position of that term in a mapping dictionary. This technique allows
significant space savings and faster query evaluation. In this respect,
we are the first to use and evaluate this technique in a distributed
implementation such as Atlas.
– Utilizing query optimization techniques based on histograms and various heuristics [48, 36].
The organization of this deliverable is as follows. In Chapter 2 we present a
semantics and an algebra for stSPARQL. In Chapter 3 we present the centralized
implementation of the SemsorGrid4Env registry. In Chapter 4 we present data
structures and algorithms for efficient distributed query processing in the system
Atlas. Finally, in Chapter 5 we conclude this deliverable and discuss future work.

2
3

http://atlas.di.uoa.gr/, last accessed July 21, 2009.
http://www.planet-lab.eu/, last accessed July 21, 2009.
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Chapter 2
Semantics and Algebra for
stSPARQL
In this chapter we present a semantics and an algebra for the query language
stSPARQL. stSPARQL is an extension of the query language SPARQL, a W3C
standard for querying RDF data. stSPARQL is a query language for the stRDF
data model. stRDF is an extension of the W3C standard RDF with the ability
to encode temporal and spatial data. stRDF and stSPARQL were defined in
Deliverable D3.1 [27].
The organization of this chapter is the following. In Section 2.1 we position
our work with respect to related research and outline our contributions. In Section 2.2 we present the data model stRDF and in Section 2.3 we present the query
language stSPARQL by means of examples. This section is essentially from Deliverable 3.1 and is given here only for completeness. In Section 2.4 we give a
formal definition of stSPARQL and define its semantics by following an algebraic
approach.

2.1

Background and Contributions

Up to now, little attention has been paid to the problem of extending RDF
to represent spatial and/or temporal information such as the one needed for
describing resources in a Semantic Sensor Grid registry. The only works that deal
with representing temporal information in RDF are [13, 12, 16]. More recently,
[23, 22, 34] proposed to represent spatial data in RDF(S) using spatial ontologies
e.g., ontologies based on the GeoRSS GML specification [43]. [22] also compares
various ways to use SPARQL to query such spatial data, while [34] proposes a
useful extension to SPARQL, called SPARQL-ST, to query data expressed in a
spatial and temporal extension of RDF. The temporal extension of RDF in [34],
uses the model of [13, 12] to represent the valid time of triples.
The work presented in this chapter has the same goal with the papers cited
9
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above: to enrich the Semantic Web with spatial and temporal data by extending
RDF and SPARQL. For representing temporal data in RDF, we choose to follow
the elegant approach of [13, 12]. However, for representing spatial data in RDF,
we diverge significantly from the approach of [23, 22, 34]. Instead, we follow
the main ideas of spatial constraint databases [17, 35, 38], and represent spatial
geometries by semi-linear point sets in the n-dimensional space Qn i.e., sets
that can be defined by quantifier-free formulas in the first-order logic of linear
equations and inequalities over Qn . Semi-linear sets can capture a great variety
of spatial geometries, e.g., points, lines, line segments, polygons, k-dimensional
unions of convex polygons possibly with holes, thus they give us a lot of expressive
power [49].
The main contributions of our approach are the following:
• Following the approach of Dédale [40] and CSQL [26], we develop a constraintbased extension of RDF, called stRDF, that can be used to represent thematic and spatial data that might change over time. The main contribution
of stRDF is to bring to the RDF world the benefits of constraint databases
and constraint-based reasoning so that spatial and temporal data can be
represented in RDF using constraints. In this way, application areas with a
rich spatial and temporal component (such as the Geospatial Semantic Web
[8] or the Semantic Sensor Web/Grid [42]) can be tackled using Semantic
Web technologies.
Technically, the standard RDF notion of a triple is extended in stRDF, so
that the object of a triple is allowed to be a quantifier-free formula with
linear constraints (i.e., a finite representation of a semi-linear subset of
Qn ). In terms of the W3C specification of RDF, this spatial extension can
be realized with the introduction of a new kind of typed literals: quantifierfree formulas with linear constraints.
• We also present an extension of SPARQL, called stSPARQL, to query spatial and temporal data expressed in stRDF, in a declarative way. We introduce stSPARQL by example and present a detailed semantics using the
algebraic approach pioneered for SPARQL in [33]. This gives us an algebra
on which to base an stSPARQL implementation. Technically, stSPARQL
follows the ideas in [26]; this allows us to have a useful language for expressing spatial and temporal queries while maintaining closure (i.e., staying
within the realm of semi-linear point sets).

2.2

Data Model

To develop stRDF, we follow closely the ideas of constraint databases [17, 38, 25]
and especially the work on CSQL [26]. First, we define the formulae that we
allow as constraints. Then, we develop stRDF in two steps. The first step is to
10
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define the model sRDF which extends RDF with the ability to represent spatial
data. Then, we extend sRDF to stRDF so that thematic and spatial data with
a temporal dimension can be represented.

2.2.1

Linear constraints

Constraints will be expressed in the first-order language L = {≤, +} ∪ Q over the
structure Q = hQ, ≤, +, (q)q∈Q i of the linearly ordered set of the rational numbers,
denoted by Q, with rational constants and addition. The atomic
Pp formulae of this
language are linear equations and inequalities of the form:
i=1 ai xi Θa0 , where
Θ is a predicate among =, or ≤, the xi ’s denote variables and the ai ’s are integer
constants. Note that rational constants can always be avoided in linear equations
and inequalities. The multiplication symbol is used as an abbreviation i.e., ai xi
stands for xi + · · · + xi (ai times).
We now define semi-linear subsets of Qk , where k is a positive integer.
Definition 1. Let S be a subset of Qk . S is called semi-linear if there is a
quantifier-free formula φ(x1 , . . . , xk ) of L where x1 , . . . , xk are variables such that
(a1 , . . . , ak ) ∈ S iff φ(a1 , . . . , ak ) is true in the structure Q.
We will use ∅ to denote the empty subset of Qk represented by any inconsistent formula of L.

2.2.2

The sRDF data model

We now define sRDF. As in theoretical treatments of RDF [33], we assume the
existence of pairwise-disjoint countably infinite sets I, B and L that contain IRIs,
blank nodes and literals respectively. In sRDF, we also assume the existence of
an infinite sequence of sets C1 , C2 , . . . that are pairwise-disjoint with I,B and
L. The elements of each Ck , k = 1, 2, . . . are the quantifier-free formulae of the
first-order language L with k free variables. We denote with C the infinite union
C1 ∪ C2 ∪ · · · .
Definition 2. An sRDF triple is an element of the set
(I ∪ B) × I × (I ∪ B ∪ L ∪ C).
If (s, p, o) is an sRDF triple, s will be called the subject, p the predicate and o the
object of the triple. An sRDF graph is a set of sRDF triples.
In the above definition, the standard RDF notion of a triple is extended, so
that the object of a triple can be a quantifier-free formula with linear constraints.
According to Definition 1 such a quantifier-free formula with k free variables is a
finite representation of a (possibly infinite) semi-linear subset of Qk . Semi-linear
subsets of Qk can capture a great variety of spatial geometries, e.g., points, lines,
11
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line segments, polygons, k-dimensional unions of convex polygons possibly with
holes, thus they give us a lot of expressive power. However, they cannot be used
to represent other geometries that need higher-degree polynomials e.g., circles1 .
Example 1. The following are sRDF triples2 :
(ex:lp1, rdf: type, ex:LandP arcel)
(ex:lp1, ex: landU se, “f orest”)
(ex:lp1, ex: hasP oints, “0 ≤ x ≤ 5 ∧ 1 ≤ y ≤ 4”)
In a GIS application the above triples define a land parcel, its use and its 2dimensional geometry using a conjunction of linear constraints. The last triple
is not a standard RDF triple since its object is an element of set C.
In terms of the W3C specification of RDF, sRDF can be realized as an extension of RDF with a new kind of typed literals: quantifier-free formulae with linear
constraints. The datatype of these literals can be e.g., strdf:SemiLinearPointSet
and can be defined using XML Schema. We now move on to define stRDF.

2.2.3

The stRDF Data Model

We will now extend sRDF with time. Since [44], database researchers have differentiated among user-defined time, valid time and transaction time. RDF
(and therefore sRDF) supports user-defined time since triples are allowed to
have as objects literals of the following XML Schema datatypes: xsd:dateTime,
xsd:time, xsd:date, xsd:gYearMonth, xsd:gYear, xsd:gMonthDay, xsd:gDay,
xsd:gMonth.
stRDF extends sRDF with the ability to represent the valid time of a triple
(i.e., the time that the triple was valid in reality) using the approach of Gutierrez
et al. [13, 12] where the notion of temporal RDF graphs is introduced. This
approach has also been followed in the definition of the data model and language
for SPARQL-ST [34].
We will consider time as a discrete, linearly ordered set of time points. A time
interval [a, b] is an ordered pair of time points such that a ≤ b.
Definition 3. An stRDF quad is an sRDF triple (a, b, c) with a fourth component
t which is a temporal label (a natural number). For quads, we will use the notation
(a, b, c, t), where t denotes the time point that the triple (a, b, c) is valid in the real
world. The expression (a, b, c, [t1 , t2 ]) is just syntactic sugar for the set of quads
{(a, b, c, t)| t1 ≤ t ≤ t2 }. An stRDF graph is a set of sRDF triples and stRDF
quads.
1

There has been work on polynomial constraint databases as well, but the evaluation of
queries in this case is more difficult [24] so we choose to stay with linear constraints.
2
In this and remaining examples of this chapter, we will be using namespaces but we will
not define them explicitly.
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Figure 2.1: Land parcels, states and fire stations
The above definition is essentially from [13] with the difference that stRDF
graphs can represent temporal and non-temporal data. Temporal data are represented by quads and non-temporal daya by triples.
We will now define a declarative query language for querying stRDF graphs.

2.3

Query Language

In this section we give the syntax of the query language stSPARQL and we will
present its main features by means of examples. A more formal definition of the
language is presented later in Section 2.4. The exact syntax of stSPARQL is
given in [27].
We will consider a dataset from a typical GIS application that describes land
parcels that represent the ground occupancy or the land use of a certain geographic region, such as cropland, pasture or forest. These land parcels may
reside inside a state or may intersect several states. Fire stations, where firefighting apparatus is stored, are located near the forests. In Figure 2.1 we can see
the states of Ohio, Pennsylvania and New York that are visualized with a blue,
purple and maroon polygon respectively, some green polygons that represent the
forests in the area and some yellow points that represent the fire stations3 .
The stRDF description of the state of New York, a forest and a fire station
that have geometries that are expressed using linear constraints is the following:
3

For visualization purposes we used the MLPQ/PReSTO System (http://cse.unl.edu/
revesz/MLPQ/mlpq.htm),
a constraint database system developed at the University of
~
Nebraska-Lincoln by Peter Revesz and his group.
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ex:s1
ex:s1
ex:s1
and
and
and

rdf:type ex:State
ex:has name "New York"
ex:has geometry "(-66x+90y<-8748 and 26y<12974
-66x+6y>-52380 and 110y>47630) or (24y < 10392
-6x+15y > 1497 and 6x+9y > 8751) or (-6x+15y <1497
18x < 14994 and 12x+15y > 16221)"

ex:lp13 rdf:type ex:LandParcel
ex:lp13 ex:land use "forest" [1955-01-01T00:00:00,1988-07-18T23:59:59]
ex:lp13 ex:land use "industrial" [1988-07-19T00:00:00,2008-07-19T00:00:00]
ex:lp13 ex:has geometry "x+0.2y<=798 and x-2.5y<=-286 and
-x-0.156864y<=-772 and -x+11.6y<=4078"
ex:fs1 rdf:type ex:FireStation
ex:fs1 ex:has location "x=796 and y=437"
Note that land parcel ex:lp13 used to be a forest but (sadly!) in 1988, it was
declared an industrial area; a status which lasted for the next 20 years.
Example 2. Spatial selection (point query). Which land parcel contains the
point (710,400)?
select ?LP, ?USE
where {?LP rdf:type ex:LandParcel . ?LP ex:has use ?USE .
?LP ex:has geometry %GEO .
s-filter(%GEO contains "x=710 and y=400")}
Let us now explain the new features of stSPARQL by referring to the above
example. stSPARQL has a new kind of variables: spatial variables that are
prefixed by the character % (in this, we follow the syntax of SPARQL-ST [34]).
Spatial variables can be used in basic graph patterns (e.g., ?LP ex:has geometry
%GEO) to refer to spatial literals denoting semi-linear point sets. They can also be
used in spatial filters, a new kind of filter expressions introduced by stSPARQL
that is used to compare spatial terms using spatial predicates. Spatial filters are
introduced by the keyword s-filter. Spatial terms include spatial constants
(finite representations of semi-linear sets e.g., "x=710 and y=400"), spatial variables and complex spatial terms (e.g., %GEO INTER "x=710 and y=400"). There
are several types of spatial predicates such as topological, distance, directional,
etc. that one could introduce in a user-friendly spatial query language. In the
current version of stSPARQL only the topological relations of [7, 9] can be used
as predicates in a spatial filter expression e.g., s-filter(%GEO1 inside %GEO2).
The predicate inside returns true when the interior and boundary of %GEO1 are
contained in the interior of %GEO2. The spatial terms and predicates allowed will
be defined in detail in Section 2.4.
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Example 3. Query with intersection of areas and spatial function application.
Find all land parcels that are forests and intersect the state of New York; compute
the area of this intersection.
select ?LP, AREA(%GEO1 INTER %GEO2) AS ?LPAREA
where {?LP rdf:type . ex:LandParcel . ?S rdf:type ex:State .
?S ex:has name "New York".
?LP ex:has use "forest" .
?LP ex:has geometry %GEO1 . ?S ex:has geometry %GEO2 .
s-filter(%GEO1 anyinteract %GEO2)}
In the select clause of an stSPARQL query we allow arbitrary spatial terms
such as AREA(%GEO1 INTER %GEO2) above. Notice also the predicate anyinteract
in the s-filter clause that returns true when two geometries are not disjoint.
We also allow expressions like AREA(%GEO1 INTER %GEO2) that return the area
(or surface) of the spatial term %GEO1 INTER %GEO2.
Example 4. Spatial function application (e.g., clipping) and temporal selection.
Find the URIs and parts of all land parcels that were forests on January 1st, 1988
and intersect the rectangle R(710, 405, 770, 425); compute this intersection.
select ?LP, %GEO INTER "710 <= x <= 770 and 405 <= y <= 425"
where {?LP rdf:type ex:LandParcel .
?LP ex:has use "forest" #TIME . ?LP ex:has geometry %GEO .
s-filter(%GEO anyinteract "710<=x<=770 and 405<=y<=425") .
t-filter(#TIME contains 2007-01-01T00:00:00)}
The above query demonstrates the features of stSPARQL that are used to
query the valid times of triples. stSPARQL offers one more new kind of variables
in addition to spatial ones: temporal variables that are prefixed by the character
# (in this, we again follow the syntax of SPARQL-ST [34]). Temporal variables
can be used as the last term in a new kind of basic graph pattern called quad
pattern to refer to the valid time of a triple. Temporal variables can also appear
in t-filter expressions, a new kind of filter that can be used in stSPARQL to
constrain the valid time of triples.
The expressions that can appear in a t-filter are temporal constraints.
A temporal constraint is a Boolean combination of atomic temporal constraints
among temporal variables or constants. We allow any of the thirteen interval
relations identified in [2] to be used as the predicate in an atomic temporal constraint e.g, contains in the above example. Other atomic temporal constraints
allowed in stSPARQL are discussed in [27].
Example 5. Projection and spatial function application. Find the URIs of the
fire stations that are north of the state of Pennsylvania.
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select ?FS
where {?S rdf:type ex:State . ?FS rdf:type ex:FireStation .
?S ex:has name "Pennsylvania".
?S ex:has geometry %GEO . ?FS ex:has location %FS_LOC .
s-filter(MAX(%GEO[2]) < MIN(%FS_LOC[2]))}}
The above query demonstrates the projection of spatial terms and the application of metric spatial functions to spatial terms. Projections of spatial terms (e.g.,
%GEO[2]) denote the projections of the corresponding point sets on the appropriate dimensions, and are written using the notation Variable "[" Dimension1
"," ... "," DimensionN "]". We also allow expressions like MAX(%GEO[2])
that return the maximum value of the unary term %GEO[2]. The metric functions
allowed in stSPARQL will be defined in detail in Section 2.4.
More details of stSPARQL can be found in Deliverable D3.1 [27].

2.4

Formalization and Semantics of stSPARQL

In this section, we give a formal definition of stSPARQL and define its semantics by following an algebraic approach like the one originally pioneered in [33].
We only cover the spatial features of stSPARQL in detail and their interactions
with existing SPARQL concepts. The temporal features of stSPARQL can be
formalized similarly using ideas from [12] and are omitted.
Let us recall from Section 2.2.2 the definitions of sets I, B, L, C1 , C2 , . . . and
C. We define ILC = I ∪ L ∪ C and T = I ∪ B ∪ L ∪ C ∪ R. We need to include
the set of real numbers R in the set T since as we will see below (Definition 8)
the application of certain metric functions such as AREA etc. can result in real
numbers as answers to stSPARQL queries (see also Example 3 of Section 2.3).
We also assume the existence of the following disjoint sets of variables: (i)
the set of non-spatial variables Vns , (ii) an infinite sequence Vs1 , Vs2 , . . . of sets of
variables that will be used to denote elements of the sets C1 , C2 , . . . and (iii) the
set of real variables Vr . We use Vs to denote the infinite union Vs1 ∪ Vs2 ∪ . . . and
V to denote the union Vns ∪ Vs ∪ Vr . The set V is assumed to be disjoint from
the set T .
Let us now define a concept of mapping appropriate for stSPARQL by modifying the definition of [33]. A mapping µ from V to T is a partial function
µ : V → T such that µ(x) ∈ I ∪ B ∪ L if x ∈ Vns , µ(x) ∈ Ci if x ∈ Vsi for all
i = 1, 2, . . . and µ(x) ∈ R if x ∈ Vr .
The notions of domain and compatibility of mappings is as in [33]. The domain
of a mapping µ, denoted by dom(µ), is the subset of V where the mapping is
defined. Two mappings µ1 and µ2 are compatible if for all x ∈ dom(µ1 ) ∩ dom(µ2 )
we have µ1 (x) = µ2 (x). For two sets of mappings Ω1 and Ω2 , the operations of
join, union, difference and left outer-join are also defined exactly as in [33]:
Ω1 1 Ω2 = {µ1 ∪ µ2 | µ1 ∈ Ω1 , µ2 ∈ Ω2 are compatible mappings}
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Ω1 ∪ Ω2 = {µ | µ ∈ Ω1 or µ ∈ Ω2 }
Ω1 \ Ω2 = {µ ∈ Ω1 | for all µ0 ∈ Ω2 , µ and µ0 are not compatible }
Ω1 Ω2 = (Ω1 1 Ω2 ) ∪ (Ω1 \ Ω2 )
Using an algebraic syntax for stSPARQL graph patterns which extends the
one introduced for SPARQL in [33], we now define the result of evaluating a
graph pattern over an stRDF graph.

1

Definition 4. Let G be an stRDF graph over T , p a triple pattern and P1 , P2
graph patterns. Evaluating a graph pattern P over a graph G is denoted by [[P ]]G
and is defined as follows [33]:
1. [[p]]G = {µ | dom(µ) = var(p) and µ(p) ∈ G}, where var(p) is the set of
variables occurring in p.
2. [[(P1 AN D P2 )]]G = [[P1 ]]G 1 [[P2 ]]G
3. [[(P1 OP T P2 )]]G = [[P1 ]]G

1[[P ]]

2 G

4. [[(P1 U N ION P2 )]]G = [[P1 ]]G ∪ [[P2 ]]G
The semantics of F ILT ER expressions in stSPARQL are defined as in [33].
To define the semantics of S-F ILT ER expressions formally, we first need the
following definitions.
Definition 5. A k-ary spatial term is an expression of the following form:
(i) a quantifier-free formula of L from the set Ck .
(ii) a spatial variable from the set Vsk .
(iii) t ∩ t0 (intersection), t ∪ t0 (union), t \ t0 (difference), BD(t) (boundary),
M BB(t) (minimum bounding box), BF (t, a) (buffer) where t and t0 are
k-ary spatial terms and a is a rational number.
(iv) the projection t[i1 , . . . , ik0 ] of a k-ary spatial term t where i1 , . . . , ik0 are
positive integers less than or equal to k.
Definition 6. A metric spatial term is an expression of the form f (t) where f
is one of the metric functions V OL (volume), AREA (area or surface), LEN
(length), M AX (maximal value) or M IN (minimal value) and t is a k-ary spatial
term. Area is a quantity expressing the two-dimensional size of a defined part of
a surface, typically a region that is bounded by a closed polyline. The term surface
refers to the total area of the exposed surface of a 3-dimensional solid for example,
such as the sum of the areas of the exposed sides of a polyhedron. So, in the case
of AREA we require k ≥ 2. In the case of LEN , M AX and M IN , we require
k = 1.
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Note that Definition 6 is not recursive like Definition 5 i.e., f can only be
applied once to a k-ary spatial term. The result of the application of f is a real
number and the definition of mapping has already catered for this possibility.
Definition 7. A spatial term is a k-ary spatial term or a metric spatial term.
We will be interested in the value of a k-ary spatial term t for a given mapping
µ such that the variables of t are all among the spatial variables of µ. This is
captured by the following definition.
Definition 8. Let t be a spatial term. Let µ be a mapping such that all the spatial
variables of t are elements of dom(µ). The value of t for µ is denoted by µ(t)
and is defined as follows:
(i) If t is an element of Ck then µ(t) = t.
(ii) If t is a spatial variable x then µ(t) = µ(x).
(iii) If t is a projection expression of the form t0 [i1 , . . . , ik0 ] then µ(t) is a quantifierfree formula φ of L which is obtained after eliminating from µ(t0 ) the variables corresponding to all the other dimensions except i1 , . . . , ik0 .
(iv) If t is the intersection t0 ∩t00 of two k-ary spatial terms then µ(t) = µ(t0 ∩t00 ) =
µ(t0 ) ∧ µ(t00 ).4
(v) If t is the union t0 ∪ t00 of two k-ary spatial terms then µ(t) = µ(t0 ∪ t00 ) =
µ(t0 ) ∨ µ(t00 ).
(vi) If t is the difference t0 \ t00 of two k-ary spatial terms then µ(t) = µ(t0 \ t00 ) =
µ(t0 ) ∧ ¬µ(t00 ).
(vii) If t is M BB(t0 ) where t0 is a k-ary spatial term, then µ(t) is a quantifierfree formula of the language L that represents the minimum bounding box
of t0 .
(viii) If t is BD(t0 ) where t0 is a k-ary spatial term, then µ(t) is a quantifier-free
formula of the language L that represents the boundary of t0 .
(ix) If t is BF (t0 , a) where t0 is a k-ary spatial term and a is a rational number,
then µ(t) is a quantifier-free formula of the language L that represents the
buffer of t0 with distance a. The buffer of t contains t and a zone of width
a around t.
4

In this and subsequent definitions, we assume that standardization of variables takes place
before forming the conjunction etc.
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(x) If t is V OL(t0 ), AREA(t0 ) or LEN (t0 ) where t0 is a k-ary spatial term, then
µ(t) is a real number that represents the volume, surface (or area) or length
of t0 .
(xi) If t is M IN (t0 ), M AX(t0 ) where t0 is a unary spatial term, then µ(t) is a
real number that represents the minimum or the maximum value of t0 .
To guarantee closure of stSPARQL it is important to point out that the value
µ(t) in the above definition is a well-defined formula of L in the cases (i)-(ix) and
a real number in the cases of (x) and (xi). This is easy to see for cases (i)-(vi). For
k
V
the case t = M BB(t0 ), µ(t) is (li ≤ xi ∧ xi ≤ ui ) where li , ui are the minimum
i=1

and maximum values of xi for which the formula µ(t0 ) holds in the structure
Q. For the case t = BD(t0 ), the formula µ(t) can be constructed by performing
quantifier elimination in the quantified formula defining the boundary given in
Proposition 3.1 of [49]. For the case t = BF (t0 , a) and the standard definition of
buffer that uses the Euclidean distance [28], the formula µ(t) is not general an
element of L (e.g., BF (“x = 0 ∧ y = 0”, 1) is the unit circle with center (0, 0)).
There are two alternative non-standard definitions of BF that allow us to stay
in the realm of linear constraints. In the first case, BF can be defined using the
Manhattan distance which measures the distance between two points along axes
at right angles. For example, in the case of two dimensions, the formula µ(t)
would now be the formula that remains if we eliminate variables x0 , y 0 from the
formula:
(φ(x0 , y 0 ) ∧ 0 ≤ x − x0 ≤ a ∧ 0 ≤ y − y 0 ≤ a)∨
(φ(x0 , y 0 ) ∧ 0 ≤ x − x0 ≤ a ∧ 0 ≤ y 0 − y ≤ a)∨
(φ(x0 , y 0 ) ∧ 0 ≤ x0 − x ≤ a ∧ 0 ≤ y − y 0 ≤ a)∨
(φ(x0 , y 0 ) ∧ 0 ≤ x0 − x ≤ a ∧ 0 ≤ y 0 − y ≤ a)
where φ(x0 , y 0 ) is the formula µ(t0 ). If using Manhattan distance seems like a crude
alternative to the standard definition then more detailed alternatives are likely.
For example, if t defines a polygon then BF (t, a) is a new polygon that contains
t and the zone of width a around the polygon (however, “circular” curves are
approximated by polylines). Note that the same approach is followed by vector
data models e.g. the computational geometry library CGAL5 . The cases(x) and
(xi) are straightforward.
Definition 9. An atomic spatial condition is an expression in any of the following forms:
5

http://www.cgal.org/
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(i) t1 R t2 where t1 and t2 are k-ary spatial terms and R is one of the topological relationships DISJOINT, TOUCH, EQUALS, INSIDE, COVEREDBY,
CONTAINS, COVERS, OVERLAPBDDISJOINT (overlap with disjoint boundaries) or OVERLAPBDINTER (overlap with intersecting boundaries) of
[9].
(ii) a linear equation or inequality of L with metric spatial terms in the place
of variables.
Note that the form (ii) does not destroy closure of our language since these
equations/inequalities allows linear equations or inequalities with terms that evaluate to real numbers and they will only be checked for satisfaction (see Definition
11), not used as constraints i.e., as elements of sets Ck .
Definition 10. A spatial condition is a Boolean combination of atomic spatial
conditions.
Definition 11. A mapping µ satisfies a spatial condition R, denoted by µ |= R,
if:
1. R is atomic and the spatial condition that results from substituting every
spatial variable x of R with µ(x) holds for semi-linear sets in Qn .
2. R is (¬R1 ), R1 is a spatial condition, and it is not the case that µ |= R1 .
3. R is (R1 ∨ R2 ), R1 and R2 are spatial conditions, and µ |= R1 or µ |= R2 .
4. R is (R1 ∧ R2 ), R1 and R2 are spatial conditions, and µ |= R1 and µ |= R2 .
The semantics of S-F ILT ER expressions can now be defined as follows.
Definition 12. Given an stRDF graph G over T , a graph pattern P and a spatial
condition R, we have:
[[P S-F ILT ER R]]G = {µ ∈ [[P ]]G | µ |= R}.
Now we can define the semantics of the SELECT clause of an stSPARQL expression where variables (spatial or non-spatial) are selected and new spatial terms
are computed. To capture the peculiarities of the SELECT clause of stSPARQL,
we first need the following definitions.
Definition 13. Let t be a spatial (resp. metric spatial) term and z a spatial
(resp. real) variable that does not appear in t. Then, z : t is called an extended
spatial term with target variable z.
Definition 14. A projection specification is a set consisting of non-spatial variables, spatial variables and extended spatial terms such that all the target variables
of the extended spatial terms are different from each other and different from each
spatial variable.
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Definition 15. Let µ be a mapping and W a projection specification with spatial
and non-spatial variables x1 , . . . , xl and extended spatial terms z1 : t1 , . . . , zm : tm .
Then, πW (µ) is a new mapping such that
(i) dom(πW (µ)) = {x1 , . . . , xl , z1 , . . . , zm }.
(ii) πW (µ)(xi ) = µ(xi ) for 1 ≤ i ≤ l and πW (µ)(zj ) = µ(tj ) for 1 ≤ j ≤ m.
The next definition closes this section by giving the semantics of an arbitrary
stSPARQL query.
Definition 16. An stSPARQL query is a pair (W, P ) where W is a projection
specification and P is a graph pattern. The answer to an stSPARQL query (W, P )
over a graph G is the set of mappings {πW (µ) | µ ∈ [[P ]]}.

2.5

Summary

In this chapter we reminded the reader of the data model stRDF and the query
language stSPARQL defined in Del. 3.1. We gave a formal definition of stRDF,
introduced stSPARQL by examples and presented a detailed semantics of stSPARQL
using the algebraic approach pioneered for SPARQL in [33]. As a result, we now
have an algebra that will be used as the basis of the stSPARQL implementation
presented in the next chapter.
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Chapter 3
Strabon: A Centralized
Implementation of the
SemsorGrid4Env Registry
In this chapter we present a centralized implementation of the SemsorGrid4Env
registry currently under development in the context of WP3. The SemSorGrid4Env architecture has three major classes of services that can be characterized as an Application Tier, a Middleware Tier and a Data Tier [10]. The
Application Tier comprises of services that provide domain specific functionality
to consumers and applications. The Middleware Tier provides two main classes
of services: the Semantic Registration and Discovery service that can be seen as
a storage and querying service that can be accessed by prospective clients who
want to manage thematic, spatial and temporal metadata and the Semantic Integration service that virtualize semantically heterogeneous data sources. The
Data Tier comprises of services that virtualize one or more data sources in such
a way as to reconcile any heterogeneity other than semantic ones.
The Semantic Registration and Discovery Service implements the registry
of the SemsorGrid4Env project. It is built on top of our implementation of
stSPARQL which we have nick-named Strabon1 .
The organization of this chapter is as follows. In Section 3.1 we present how
the Semantic Registration and Discovery Service of SemsorGrid4Env relates with
Strabon. In Section 3.2 we present the conceptual architecture of Strabon and
in Section 3.3 we present the systems Sesame and PostGIS that we chose to
use as the basis of our implementation. Finally, in Section 3.4 we present some
implementation details for Strabon.
1

Strabon (Greek: Στράβων) was a Greek historian, geographer and philosopher (http:
//en.wikipedia.org/wiki/Strabo/).
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Figure 3.1: Semantic Registration and Discovery Service and Strabon

3.1

Strabon and the Semantic Registration and
Discovery Service

The Semantic Registration and Discovery Service relates with Strabon in the
way depicted in Figure 3.1. Strabon lies between clients i.e., metadata providers
or metadata consumers, and the underlying DBMS that stores the metadata
that are produced by the metadata providers. For example, a Web Mashup may
have both roles, as it may register sensor descriptions to the registry and query it
afterwards to discover sensors (published by itself or by other metadata providers)
that are located inside a given region.
The interfaces exposed by the Semantic Registration and Discovery Service are
presented in detail in Deliverable D1.3 [10]. For the convenience of the reader, we
discuss below only the interfaces that are mandatory for a Semantic Registration
and Discovery Service (colored azure in Figure 3.1).
• Service Interface. This interface enables clients to make well-informed and
well-formed interactions with the service. For example, a client may access
the Service Interface to be informed about the interfaces that are offered
by the registry.
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• Registration Interface. This interface enables a metadata provider to register an RDF(S) document that describes Semantic Sensor Web/Grid resources (e.g. sensors, sensor networks, data sources, etc.).
• Query Interface. This interface allows a metadata consumer to query the
contents of the registry in order to discover relevant resources using a formal
query language.

3.2

The Architecture of Strabon v0.1

The implementation of Strabon is being developed on top of standard technologies for data storage, indexing and optimizing of the SPARQL and SQL query
languages. Strabon is built on top of Sesame and extends Sesame’s components
to be able to manage thematic and spatial metadata. The purpose of this section is to present the architecture of Strabon v0.1. The proposed architecture
can be seen to satisfy the functional requirements of Strabon v0.1 that are tied
in closely with services that need to be provided to clients as they have been
discussed in Deliverable D3.1 [27]. However, there is one piece of functionality
discussed in Deliverable D3.1 which is missing from Strabon v0.1. We have decided to omit support for time in this version since support for space/geometry
appears more urgent for the project use cases, and time in stRDF is orthogonal
to space/geometry so it can be added later2 .
Figure 3.2 presents the system architecture of Strabon. The architecture
consists of the following modules:

• Query Engine: This module is used to evaluate stSPARQL queries posed by
metadata consumers. The Query Engine receives all the stSPARQL queries
from the clients, parses the queries, optimizes them, prepares an execution
plan and returns the appropriate response to the client.
• Constraint Engine: This module is responsible for processing the part of
the stSPARQL queries on spatial data represented by constraints. Although
spatial objects in stRdf and stSPARQL are represented by constraints (see
Chapter 2), we want our implementation to cater for the case that spatial
objects provided by the users are expressed in other spatial data models e.g.,
in the vector based model. For this reason, the Representation Translator
sub-module has been introduced to translate spatial objects between the
equivalent constraint and vector-based representation.
2

So the reader familiar by now with the jargon of Deliverable D3.1 and Chapter 2, might
prefer to read sRDF and sSPARQL whenever we write stRDF or stSPARQL.

25

D3.2 Distributed data structures and algorithms for a Semantic Sensor Grid
registry
Constraint Engine

Parser

Constraint
Manipulator

Optimizer
Evaluator

Storage Manager
Repository
SAIL

Representation
Translator

RDBMS

Convex
Partitioner

Query Engine

Transaction
Manager

PostGIS

Figure 3.2: System Architecture
• Storage Manager : This module is responsible for storing data in the underlying RDBMS. Non-convex objects must be convexified prior to storage,
since efficient computational geometry algorithms exist for various operations on convex objects. The Convex Partitioner sub-module may be used
during data loading to decompose a non-convex object to a set of nonoverlapping convex objects.
• PostGIS : An Object Relational Database Management System that is used
for storing the stRDF data.

3.3

Implementation Choices

One of the implementation choices we had to make during the design of the
system Strabon was to choose which RDF framework to extend. We examined
numerous alternatives, among which were AllegroGraph RDFStore3 , Virtuoso
RDF4 , OpenRDF Sesame5 and Jena Toolkit6 . Sesame’s and Jena’s open-source
nature was an important factor that influenced our decision to concentrate on
3

http://www.franz.com/agraph/allegrograph/, last accessed July 21, 2009.
http://www.openlinksw.com/dataspace/dav/wiki/Main/VOSRDF, last accessed July 21,
2009.
5
http://www.openrdf.org/, last accessed July 21, 2009.
6
http://jena.sourceforge.net/, last accessed July 21, 2009.
4
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these two systems. Since we aimed to implement a system whose data model
would be an extension of RDF, support for OWL, that is Jena’s main advantage,
was not of use to us.
On the other hand, we were greatly influenced by the fact that Sesame appeared to be more scalable than Jena. The layered architecture it is based on
allows implementations of Sesame on top of a wide variety of repositories without
changing any of Sesame’s other components. What is more, the ability to intercept the query evaluation process in Sesame is either already supported on some
layers, or it can be easily implemented. Moreover, Sesame provides full support
for all the basic functions needed i.e., full compliance with SPARQL grammar,
a statement that cannot be said for every alternative framework that we took
under consideration. Sesame’s APIs handling of inferencing tasks was another
reason we leaned towards using it instead of Jena. Particularly, Sesame tends to
handle inferencing tasks internally. The reason for this is that the efficiency of
the inferencing and the actual storage model being used are strongly connected.
Therefore, since implementations based on Sesame have complete understanding
of the storage model, assumptions based on inference are more efficient in Sesame.
In this section we will present the Sesame framework that we chose to extend
and the PostGIS ORDBMS that will be used as the relational back-end of the
system.

3.3.1

OpenRDF Sesame

OpenRDF Sesame is a framework developed by Aduna7 in order to facilitate
the storage and querying of RDF and RDFS metadata. Sesame has a layered
architecture that consists of the following layers: Access APIs and Storage and
Inference Layer (SAIL) APIs. The highest ones, which are typically accessed
by client programs, are the Access APIs. Access APIs are basically two: the
Repository API and the Graph API. The Repository API is mostly used for
querying and updating data. Since it is placed so high on the layers’ hierarchy,
the level of abstraction that is achieved is high as well. In other words, its goal
is to conceal a substantial amount of implementation information in order to be
more developer-friendly. The Graph API provides a more fine-grained service,
since it represents RDF Graphs using Java Objects.
Storage and Inference Layer (SAIL) is the layer below the Access APIs. SAIL
API’s role is to offer storage support to the entire application, while the Repository API mentioned above just provides transparent access to SAIL. SAIL API
includes interfaces, whose implementations enable numerous types of stores to
be placed on the bottom layer of the Sesame Layer Stack. These stores can vary
from Native RDF to RDBMS storage, such as PostgreSQL and MySQL. They
are also the ones determining the functions that are available to (higher-level)
7

http://www.aduna-software.com/, last accessed July 21, 2009.
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Store RDF(S)
document

Sail Repository

Forward Chaining RDFS Inferencer

Notifying Sail Wrapper
SAIL STACK
Native Sail Store

Figure 3.3: Example SAIL stack
repositories.
A very important aspect of Sesame is the ability to stack layers, be they SAIL
or Repository implementations. This feature benefits Sesame users in many ways,
mostly because it becomes possible for them to use a SAIL/Repository to monitor
the layers below it with the use of listeners, so that a query can be intercepted,
or even so that reasoning and inferencing can be performed. Thus, the system
reaches high levels of scalability. In Figure 3.3 we can see SAIL stack. By stacking
a SAIL on top of another, all calls to the lower SAILs pass through the SAILs
that are on top of them. In this example we can see a user storing an RDF file
by calling the relevant function of a Repository. The call is propagated to the
lower stacked SAIL layers; once the new statements reach the Forward Chaining
Inferencer, new triples may be generated and propagated to the lower layers.
The Notifying Sail Wrapper in this example, is a simple layer that produces
Notifications whenever a change occurs on the underlying data that are stored in
the bottom layer.
Due to the fact that Sesame is available under an Open Source License,
modifying its code in order to accommodate someone’s needs is a common phenomenon. Patches contributed by its users are often published. As a result of
this, it is a constantly evolving application that can easily be extended, or altered
according to its user’s intentions. Sesame is a rather fast RDF database, while
at the same time it is widely available, since it is open-source. It is possible to
achieve various levels of abstraction while using it. Specifically, one can decide
the level of detail he wants to be involved with. Last but not least, it should be
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mentioned that Sesame supports RDF query languages (such as SPARQL and
SeRQL), and it generally provides a flexible environment for anyone attempting
to get involved with Semantic Web.

3.3.2

PostGIS

Many organizations, especially the ones dealing with mapping applications, have
at some point faced the problem of storing spatial data required for their operations. Numerous solutions have emerged in order to address that issue. Some of
these are Spatial MySQL8 , IBM DB2 Spatial Extender9 , SQL Server 2008 spatial10 and Oracle Spatial11 . The RDBMS that we will describe in this section and
aim to use in the context of SemsorGrid4Env is PostGIS12 .
PostGIS is a spatial language extension to the PostgreSQL13 object-relational
database, that complies with the standards set by the Open GeoSpatial Consortium (OGC). PostGIS enables PostgreSQL to support geographic objects.
Therefore, PostgreSQL enhanced with PostGIS can be used as a backend storage
database for Geographic Information Systems.
The objects that are supported by PostGIS are points, linestrings and polygons. In addition to the ability to store spatial data, PostGIS offers extensive
querying capabilities. Spatial querying with use of PostGIS is highly effective,
because of the existence of R-tree-over-GiST spatial indexes. Moreover, it can
be used as a data analysis tool, since it includes a variety of spatial operators
and predicates. All in all, PostGIS extends PostgreSQL with more than 300
operators, spatial functions, indexing extensions and data types.
The language usually used for the representation of the spatial objects is Well
Known Text (WKT)14 . WKT is a format specified by OGC that can convert
geospatial information from a binary format to a textual display format, and vice
versa.
PostGIS itself uses a great variety of libraries in its background. The ones
worth mentioning are the following: The Computational Geometry Algorithms
8

http://dev.mysql.com/doc/refman/6.0/en/spatial-extensions.html, last accessed
July 21, 2009.
9
http://www-01.ibm.com/software/data/spatial/db2spatial/, last accessed July 21,
2009.
10
http://www.microsoft.com/sqlserver/2008/en/us/spatial-data.aspx, last accessed
July 21, 2009.
11
http://www.oracle.com/technology/products/spatial/index.html, last accessed
July 21, 2009.
12
http://postgis.refractions.net/, last accessed July 21, 2009.
13
http://www.postgresql.org/, last accessed July 21, 2009.
14
http://portal.opengeospatial.org/files/?artifact_id=10378, last accessed July
21, 2009.
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Library (CGAL)15 , the Cartographic Projections Library PROJ.416 and the Geometry Open Source (GEOS)17 . CGAL is a C++ library used to provide access
to a range of geometric algorithms whose implementation is reliable and efficient.
PROJ.4 is a cartographic projection program, while GEOS simply works as a
C++ port of the Java Topology Suite18 . In other words, it provides access to the
OpenGIS Simple Features Interface Standard (SFS)19 functions and operators.
Thus, GEOS can be described as the backbone of the PostGIS extension.

3.4

Data Storage and Query Evaluation

To better understand how the Strabon components relate to one another we
sketch two scenarios: 1) a user wants to store stRDF metadata in Strabon and
2) a user wants to query Strabon using stSPARQL.

3.4.1

Storing stRDF data

When a user wants to store RDF(S) metadata in Sesame, she makes them available in the form of an RDF document. The document is decomposed into RDF
triples by the Rio (RDF/IO) library of Sesame, a set of parsers and writers for
different RDF serialization formats20 . Each triple is stored in the underlying
repository according to the storage schema of Sesame. Currently Sesame supports two storing schemes. A “monolithic” scheme where all triples are stored
to a single table, and a vertical partitioning scheme that stores triples in a perpredicate schema. In both cases, the data is stored using dictionary encoding.
Dictionary encoding is the term used for a method of data compression in which
each word is replaced by a number which is the position of that word in a dictionary. The use of this method enables the achievement of high information
density. What is more, it facilitates the efficient further translation into various
other machine languages.
Let us explain the dictionary encoding technique in more detail. It is not
uncommon for URIs and literal values in RDF triples to be long strings. Therefore, their storage in RDF stores is hindered by their excessive size. A solution
to this problem is not to store the entire strings in the triple tables of the RDF
store. Instead, the use of shortened versions or keys is promoted. Sesame uses
dictionary encoding in the following manner: It maps string URIs to positive
integer identifiers. As a result, data is normalized in the following tables:
15

http://www.cgal.org/, last accessed July 21, 2009.
http://trac.osgeo.org/proj/, last acccessed July 21, 2009.
17
http://trac.osgeo.org/geos/, last accessed July 21, 2009.
18
http://www.vividsolutions.com/jts/jtshome.htm, last accessed July 21, 2009.
19
http://www.opengeospatial.org/standards/sfa, last accessed July 21, 2009.
20
http://www.openrdf.org/, last accessed July 20, 2009.
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• A triples table, in case the “monolithic” storing scheme is used, or multiple
per-predicate tables otherwise, using identifiers for each value.
• A mapping table, that maps the identifiers to their corresponding strings.
By using dictionary encoding, RDF triple storage overhead is kept to a minimum.
Moreover, since every resource and literal is encoded using an integer value as its
id field, lookups are much faster.
Example 6. Consider the following triple that is to be stored in an RDF store:
exstaff:85740 exterms:age "27"^^xsd:integer. Let 1, 2 and 3 be the integers that are assigned to the subject, predicate and object of the triple by the
dictionary encoding. The subject of the triple will be stored in the RDBMS table
named “uri values”, along with the integer deriving from its dictionary encoding
(1). The literal’s label will be stored in the RDBMS table named “label values”,
along with the integer deriving from its dictionary encoding (3). In addition, the
literal’s datatype will be stored in the table named “datatype values”, together with
the integer 3. Assuming that the per-predicate storing scheme is used, an additional tuple to RDBMS table named “age 2” will be inserted that will contain the
values 1 and 3 that correspond to the subject and the object of the initial triple.
We use the following table for storing spatial literals:
SpatialLiterals
id

integer

value

varchar

mbb

geometry

constraint

SemiLinearPointSet

The unique identification number for
the spatial literal
The string representation of the spatial
object
The minimum bounding box of the spatial object
The geometry represented by constraints

Whenever an stRDF triple is to be stored, it is checked in order to find out
whether its object is a spatial literal. If so, a tuple is inserted to the table mentioned above. Each tuple in this table has an id that is the unique identification
number that corresponds to the spatial literal according to the dictionary encoding that has taken place. The string representation of the spatial geometry is
stored in the value attribute. Additionally, the minimum bounding box of the
spatial geometry is computed and stored in the mbb attribute of the table. This
attribute is used in the query evaluation proccess, as a first step to select those
objects whose mbb’s satisfy a spatial predicate. Finally the constraint representation of the spatial object is stored in the constraint attribute. The internal
form for the constraint representation satisfies the following requirements so that
efficient computational algorithms may be used for various spatial operations:
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Representation
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id
value
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PostGIS

points, lines,
polygons, TINs and
polyhedrons

Figure 3.4: Two data loading scenarios
• Non-convex geometries are convexified prior to storage. The constraint
representation of the spatial geometry is in disjunctive normal form (DNF)
where each conjunct represents a convex object.
• No redundant constraints exists in each conjunct.
• The constraints are stored in a specific order, to speed up certain operations
like the translation between the constraint representation and the vectorbased representation.

In Figure 3.4 we present two scenarios of data loading. In the first, a geometric
object may already be represented with constraints(as in stRDF), so we need to
partition the geometry to convex geometries if necessary, calculate the minimum
bounding box of the geometry and normalize the constraint representation prior
to storage. Finally, we store the normalized constraint representation to the
SpatialLiterals table according to the storing scheme mentioned above. In the
second scenario, we assume a user wants to store a geometric object that is
represented with Well Known Text (WKT), a format that is proposed by the
Open Geospatial Consortium (OGC) and is widely accepted. If the object is
non-convex, it is partitioned to convex geometries. Afterwards, the minimum
bounding box of the geometry is computed and the new normalized geometry is
inserted into the table SpatialLiterals according to the storing scheme described
earlier.
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Figure 3.5: Query Evaluation

3.4.2

Evaluating stSPARQL queries

The most important module of Strabon is the query engine sub-system. The
design of the query engine is classical and is illustrated in Figure 3.5. The query
engine consists of a Parser, an Optimizer, a Query Processor and a Constraint
to Vector Translator.

The Parser extends Sesame’s parser to parse stSPARQL queries and check
their syntax. The next step is the optimization of the query according to rewriting
rules that are related to the storing scheme that is used (“monolithic” or “perpredicate”). The Query Processor takes as input the Query Execution Plan that
is selected by the Optimizer and translates it to an SQL query that is executed
by the underlying RDBMS. The Query Processor will be extended so that the
evaluation of a spatial predicate is performed in two steps: a filtering step and
a refinement step. The filtering step selects those spatial objects whose mbb’s
satisfy the spatial predicate. The result of the filtering step is a superset of the
solution. In the refinement step, this superset is sequentially scanned and the
spatial predicate is evaluated against the precise geometry of each spatial object.
This two-step process is also used in [40] and allows the detection of spatial
objects that will not satisfy the spatial predicate at a very low cost. Finally,
spatial geometries represented by constraints may be translated to the equivalent
vector mode representation if the user that posed the query desires so.

3.5

Summary

In this chapter we presented the centralized implementation of the SemsorGrid
registry that is currently under development in WP3. We presented the conceptual and system architecture and implementation details for Strabon.
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Chapter 4
Recent Extensions to Atlas
In this chapter we present some extensions to the system Atlas that we undertook
recently so that we can have a more mature state-of-the-art implementation that
could then be integrated with the centralized implementation of Chapter 3 to
provide a distributed implementation of the SemsorGrid4Env registry. The new
features in Atlas are:
• Being able to answer queries over RDF(S) databases; not just RDF databases
as in our previous work [29, 20, 19]. The ability to query RDF data but also
RDFS ontologies of sensors etc. is a crucial aspect of the SemsorGrid4Env
project.
• Using a dictionary encoding as in recent work on centralized RDF stores.
Dictionary encoding is a method of data compression in which an RDF term
is replaced by a number which is the position of that word in a dictionary.
In this respect, we are the first to use and evaluate this technique in a
distributed implementation such as Atlas.
• Utilizing query optimization techniques based on histograms and various
heuristics [48, 36].
Al the extensions of Atlas that we present in this chapter have been full
evaluated experimentally on PlanetLab.

4.1

An Example

In the previous deliverable we have presented several example queries of the
stSPARQL query language focusing on the syntax of the language and its spatial
and temporal features. In stRDF and stSPARQL, RDFS inference is also very
crucial as the spatial and temporal extensions that a query language should be
able to handle. For example, consider a scenario where many sensor networks
are integrated to enable the observation of various phenomena such as fire, flood,
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hurricanes, earthquakes etc. An ontology describes how all different phenomena
can be categorized under a hierarchy. Figure 4.1 shows a fraction of such an
ontology taken from the GEONGRID1 project.
Phenomena

WeatherPhenomena

ObscurationPhenomena

PhysicalPhenomena

Hydrometeor

Frozen

OceanPhenomena

Tide

Seiche

Frost

RDFS class
Smoke

Smog

Fog

Rain

rdfs:subClassOf

Figure 4.1: Fraction of GEON Phenomena ontology
Imagine now that we have the following dataset described in stRDF:
sotonmet:s1 rdf:type sit:Sensor
sotonmet:s1 sit:senses sit:parameters1
sit:parameter rdf:type geon:Smoke
sotonmet:s1 sit:location "lon=50.8839 and lat=-1.3936"
sotonmet:s2 rdf:type sit:Sensor
sotonmet:s2 sit:senses sit:parameters2
sit:parameter rdf:type geon:Fog
sotonmet:s2 sit:location "lon=50.8839 and lat=-1.3936"
chimet:s3 rdf:type sit:Sensor
chimet:s3 sit:senses sit:parameters3
sit:parameter rdf:type geon:Tide
chimet:s3 sit:location "lon=50.77556 and lat=-0.94611"
A simple query is: Find all sensors that sense weather phenomena inside
the rectangle R(50.744072, -1.577019 , 50.917442, -0.79875). The query can be
written in stSPARQL as follows:
select ?SENS, %POS
where {?SENS rdf:type sit:Sensor .
?SENS sit:senses ?par .
1

http://www.geongrid.org/
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?par rdf:type geon:WeatherPhenomena
?SENS sit:location %POS .
s-filter(%POS inside
"50.744072 <= lon <= 50.917442 and
-1.577019 <= lan <= -0.79875")}
The evaluation of this query over the above dataset would not find any sensors
that sense weather phenomena. Therefore, RDFS inference should take place to
infer that smoke and fog are weather phenomena based on the RDFS schema
shown in Figure 4.1.
In the following sections, we show how we have implemented and evaluated
RDFS reasoning in Atlas together with some optimization techniques. Our contributions can be summarized as follows:
• We present a query processing algorithm that deals with SPARQL basic
graph pattern queries over RDF(S) databases (Section 4.3.1). The algorithm extends the algorithm QC of [29] by utilizing the backward chaining
approach of [18] to enable RDFS inference.
• As triples might contain long strings, we implement a distributed mapping
dictionary and replace entire URIs and literals by integer identifiers in our
storage scheme (Section 4.3.2). Although this is by now standard in centralized RDF stores [30, 6, 50], our paper is the first that discusses how to
implement and evaluate this scheme in a DHT environment.
• We present query optimization techniques that improve query response time
and network bandwidth consumption (Section 4.4). Our techniques rely
on a simple variation of the standard bound-is-easier heuristic of relational
and datalog query processing [48] and estimations of the selectivity of triple
patterns using VOptimal histograms [36].
• We implement the algorithms and optimization techniques presented as
extensions to our prototype Atlas (http://atlas.di.uoa.gr/) and evaluate them in PlanetLab (http://www.planet-lab.org/) using the Lehigh
University Benchmark (LUBM) [11] (Section 4.5).

4.2
4.2.1

System and Data Model
System model

We assume a structured overlay network where peers are organized according to
a DHT protocol. DHTs are structured P2P systems which try to solve the lookup
problem; given a data item x, find the peer which holds x. Each peer and each
data item is assigned a unique m-bit identifier by using a hash function (e.g.,
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Table 4.1: Adorned RDFS Entailment Rules
1a
2a(rdfs2)
3a(rdfs3)
4a(rdfs9)
5a
6a(rdfs5)
7a
8a(rdfs11)
9a
10a(rdfs7)

Head
typekf (?x, ?y)
typekf (?x, ?y)
typekf (?x, ?y)
typekf (?x, ?y)
subP roperty kf (?x, ?y)
subP roperty kf (?x, ?y)

Body
triplekbf (?x, rdf :type, ?y)
triplekf f (?x, ?p, ?z), triplef bf (?p, rdf s:domain, ?y)
triplef f k (?z, ?p, ?x), triplef bf (?p, rdf s:range, ?y)
triplekbf (?x, rdf :type, ?z), subClassf f (?z, ?y)
triplekbf (?x, rdf s:subP ropertyOf, ?y)
triplekbf (?x, rdf s:subP ropertyOf, ?z),
subP roperty f f (?z, ?y)
kf
subClass (?x, ?y)
triplekbf (?x, rdf s:subClassOf, ?y)
subClasskf (?x, ?y)
triplekbf (?x, rdf s:subClassOf, ?z), subClassf f (?z, ?y)
kf
f
inf T riple
(?x, ?p, ?y) triplekf f (?x, ?p, ?y)
inf T riplekf f (?x, ?p, ?y) triplekf f (?x, ?p1, ?y), subP roperty f f (?p1, ?p)

SHA-1). The identifier of a peer can be computed by hashing its IP address. For
data items, we first have to determine a key k and then hash this key to obtain the
identifier idk . The lookup problem is then solved by providing a simple interface
of two methods; Put(idk , x) and Get(idk ). In Bamboo [39], when a peer receives
a Put request, it efficiently routes the request to a peer with an identifier that
is numerically closest to idk using a technique called prefix routing. This peer
is responsible for storing the data item x. We will call this peer responsible peer
for key k. In the same way, when a peer receives a Get request, it routes it to
the responsible peer for k to fetch data item x. Such requests can be done in
O(logN ) hops, where N is the number of network peers.

4.2.2

Data model

We define the data model that we will use in the rest of the paper. We assume
that the reader is familiar with the notions of RDF triple and triple pattern.
RDF data as well as RDFS schemas (we will further use the term RDF(S) to
refer to both) can be encoded by sets of triples. An RDF(S) database is a set of
triples. To support RDFS reasoning, we will use the RDFS entailment rules of
RDF Semantics [15] expressed in datalog.
Let I, L, V denote the non-empty and pairwise disjoint sets of IRIs, literals and variables, respectively. Let P red and Const denote the sets of datalog
predicates and constants respectively that are allowed in our rules. P red is equal
to the set {subClass, subProperty, type, infTriple, triple} and Const
is equal to the set I ∪ L. Predicate triple is the only extensional database relation (edb) and predicates subClass, subProperty, type, infTriple are the
intensional database relations (idb). A datalog atom of arity n is an expression
p(t1 , .., tn ) with p ∈ P red and t1 , .., tn ∈ (Const∪V ). To avoid confusion with the
double meaning of the word predicate, from now on we will refer to the predicate
of a triple with the word property and to the term of a datalog rule with the word
predicate.
We extend the concept of rule adornment from recursive query processing
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[48] in order to exploit the distributed philosophy of DHTs. An adornment of a
predicate p with n arguments at a peer i is an ordered string a of k’s, b’s and f ’s
of length n, where k indicates an argument of p which is the key that peer i is
responsible for, b indicates a bound argument which is not the key, and f a free
argument.
One adorned version of each RDFS entailment rule is shown in Table 4.1
(other used adornments are omitted due to space limitations). A careful inspection of Table 4.1 reveals the semantics of the given datalog rules which can be
informally expressed as follows. The predicates type, subProperty, subClass
encode all the facts that can be retrieved from an RDF(S) database DB regarding instantiation, property hierarchies and class hierarchies respectively or can
be inferred from DB using the RDFS entailment rules of [15] appearing in Table
4.1. The predicate infTriple represents all the other knowledge present in an
RDF(S) database: triples explicitly created that do not capture instantiation,
subproperty or subclass relationships plus inferred triples using the rule rdf s7 of
[15].
A basic graph pattern (BGP) of a SPARQL query is a set of triple patterns
[37]. For the rest of the paper, we deal only with BGP queries. We assume that
the reader is familiar with the semantics of BGP queries and only present some
definitions that will be used throughout the paper.
A pair of triple patterns or datalog atoms will be called joined if they share
at least one variable. We will use the equivalence of triple patterns to datalog
atoms as defined above to navigate freely among these two representations.
Let DB be an RDF(S) database. The answer to a BGP query is defined as
the answer to the same query posed over the logic program formed by the union
of the triples in DB and the RDFS entailment rules of Table 4.1.
We define a query plan adopting the graph-based approach also used in [46, 30]
(such techniques are also standard in relational DBMS starting with System R).
A BGP is represented as a set G of undirected connected graphs that are pairwise
disconnected. The execution order of the query graphs in G does not affect the
query performance since the final answer corresponds to the Cartesian product
of the partial result sets of each element of G. For that reason, in the rest of the
paper, we focus on single connected graphs that are assumed to be members of
G and are defined as follows. A query graph g is a pair (N, E), where N (the
nodes of g) is a set of triple patterns and E (the edges of g) is a set of pairs of
joined triple patterns. The size Ng of a query graph g is the number of nodes of
g, i.e., the number of triple patterns. An execution plan pg for g is a total order
of the nodes of g. The size of the execution plan space is Ng !.
In Fig. 4.2(a), we present an example query that will be used throughout the
paper. The query is SPARQL LUBM Q9 [11] and asks for the students who take
courses taught by their advisor. The query graph of Q9 is shown in Fig. 4.2(b).
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PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
PREFIX ub:<http://www.lehigh.edu/~zhp2/2004/0401/univ-bench.owl#>
SELECT ?x ?y ?z
WHERE {
?x rdf:type ub:Student . ( tp1)
?y rdf:type ub:Faculty . ( tp2)
?z rdf:type ub:Course . ( tp3)
?x ub:advisor ?y.
( tp4)
?x ub:takesCourse ?z . (tp5)
?y ub:teacherOf ?z) ( tp6) }

tp5

tp3

tp1

tp6
tp4

(a) SPARQL query

tp2

(b) Query graph

Figure 4.2: LUBM Query 9
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Figure 4.3: System architecture

4.2.3

System architecture

A higher level view of each peer’s architecture as implemented in Atlas is shown
in Fig. 4.3. Any peer can accept either a request for storing RDF(S) data in the
network (Store request) or a request for evaluating a SPARQL query (Query
request). Upon receiving a Store request, the store processor is responsible
for initiating the protocol that distributes the given triples in the network using
Bamboo’s Put interface. Every triple that arrives at the responsible peer, it is
stored in the local RDF(S) database of this peer. In case of a Query request,
the SPARQL translator receives the SPARQL query and translates it to the
equivalent query graph. Then three modules are responsible for the distributed
evaluation of the query: the query optimizer, the query processor and the RDFS
engine. Sections 4.3 and 4.4 explain in detail how this is accomplished.

4.3

Query Evaluation Algorithms

In [18], we presented both forward and backward chaining algorithms for RDFS
reasoning on top of DHTs. In this paper, we extend this work and, based on
our previous work on RDF query processing on top of DHTs [21, 29], we present
an algorithm for evaluating SPARQL BGP queries over RDF(S) databases on
top of DHTs. The algorithm implements the needed RDFS reasoning functionality by incorporating and adapting the backward chaining approach of [18] using
the adorned datalog rules. We could have also used forward chaining where all
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inferred triples are precomputed and stored in the network a priori and then
exploit the RDF query processing algorithms of [21, 29]. However, after having
experimented with both RDFS reasoning algorithms in [18], we have shown that
a straightforward forward chaining algorithm in a distributed setting, such as a
DHT, has two important disadvantages: excessive space requirements and inability to reach a fixpoint at a reasonable amount of time. Therefore, we choose to
use the backward chaining algorithm of [18].
Storage scheme. Firstly, let us briefly explain how RDF(S) triples are stored in
the network after a Store request. As in [18], we have adopted the triple indexing
algorithm originally presented in [5] where each triple is indexed in the DHT three
times, once for its subject, once for its property and once for its object. Whenever
a node receives a request to store a triple, it sends three DHT Put requests using
as key the subject, property and object respectively, and the triple itself as the
item. The key is hashed to create the identifier that leads to the peer where the
triple is stored. We exploit the fact that many triples share a key (i.e., they have
the same subject, property or object) and should be stored at the same peer. So,
instead of sending different Put messages for each triple, we group triples in lists
based on their distinct keys, hash these keys and send the triples to the peer that
will store them using a single message [18]. This storage scheme actually creates
three indexes on a giant triples table which is distributed in the network. The
benefit of this scheme for the work we present in this paper is that it enables
complete and efficient RDFS reasoning using the backward chaining algorithm of
[18]. In our earlier work [29], we have also experimented with indexing all possible
combinations of subject, property and object. Independently, this method has
also been utilized in most recent centralized RDF stores [30, 50, 14] where several
indexes are maintained for faster retrieval. The use of these more exhaustive
indexing schemes in the problem studied in this paper is the subject of future
work.

4.3.1

Evaluating BGP queries using backward chaining

Let us, firstly, introduce the notation in our algorithms description. Keyword
event precedes every event handler for handling messages, while keyword procedure declares a procedure. In both cases, the prefix is the peer identifier in
which the handler or the procedure is executed. Local procedure calls are not
prefixed. Keyword sendto declares the message that we want to send to a peer
with known its identifier. Keyword receive is used similarly.
Query evaluation starts when peer x receives a Query request. The SPARQL
translator of peer x translates the query to a set of query graphs G and delivers
G to the optimizer. For each graph g ∈ G, the optimizer is responsible for
generating an efficient execution plan pg (details of how this is done will be
explained in Section 4.4). Then, each execution plan is delivered to the query
processor which creates a queryReq message and sends it in the network. If
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more than one query graphs where created, peer x sends the relevant messages in
parallel, gathers all the result sets and produces the final answer by computing
the Cartesian product of these result sets. Notice that the Cartesian product is
computed at peer x and is not transmitted in the network.
The main idea of Algorithm 1 is that each triple pattern in a query graph is
evaluated at a (potentially) different peer possibly by performing RDFS reasoning
using the rules of Table 4.1. Then, the results are joined with the intermediate
results from previous triple patterns. To evaluate a triple pattern, a key from the
triple pattern is chosen and then hashed to create the identifier that will lead to
the responsible peer. The key is one of the constant parts of the triple pattern.
When there are multiple constant parts, we select keys in the order “subject,
object, property” based on the fact that we prefer keys with lower selectivity and
the reasonable assumption that subjects or objects have more distinct values than
properties. In that way, we achieve a better load distribution among the peers
[29]. We will call the peer that is able to evaluate a triple pattern responsible peer
for the triple pattern. The bindings of the triple pattern’s variables are retrieved
from the matching triples stored locally at the peer.
The left part of Algorithm 1 shows the pseudocode for the case when a
queryReq message arrives at a peer p. The message contains the triple pattern tp which should be evaluated at peer p, the execution plan pg which has not
been evaluated yet, the intermediate results partialRes so far (initially empty),
the answer variables vars and the IP address retIP of the peer that posed the
query. Peer p firstly transforms the triple pattern to the equivalent adorned datalog atom and calls local procedure BC-RDFS. This procedure outputs a new
relation localR which contains all the bindings of the triple pattern’s variables
including the inferences. If partialRes is empty, peer p is the first peer to participate in the the query evaluation of the query and assigns localR to partialRes.
Otherwise, it computes the natural join of localR and partialRes and assigns
it to partialRes. This procedure terminates in two possible ways. Either, the
execution plan pg becomes empty or the relation partialRes becomes empty. In
the latter case, peer p returns an empty set to the peer that issued the query.
In the former case, the peer computes the projection of relation partialRes on
the answer variables vars of the query and returns the result set to the peer that
issued the query. If nothing of the above occurs, the query evaluation continues
with the next triple pattern tp0 and a new queryReq message is sent to the next
peer responsible for tp0 .
The right part of Algorithm 1 shows the pseudocode for the procedure BCRDFS which illustrates how the backward chaining algorithm works. When BCRDFS is called, the input predicate pa is checked against the head of the adorned
rules of Table 4.1. Rules that can be applied to the predicate are added to the
list adornedRules. Each rule can have one or two predicates in its body. Rules
that have one predicate in their body (e.g., rule 1a) actually imply information
that comes from the local triples that are stored in the peer’s database and can
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Algorithm 1: BGP Query evaluation algorithm with backward chaining
1 procedure p.BC-RDFS (pa )
2
adornedRules =ApplyRule(pa );
3
forall rules in adornedRules do
4
r ← RemoveFirst(adornedRules);
5
if r has one predicate then
R=MatchPredicate (pa );
6
else
7
Let pk be the adorned predicate of r
with a k element in its adornment and
pf the free predicate;
8
R0 = MatchPredicate (pk );
9
if R0 = ∅ then return R;
10
for each value vi of the shared variable
Z in R0 do
11
idi =Hash (vi );
rewrite pf to p0f ;
12
sendto
idi .BC-RDFSReq(p0f )
13
14
receive BC-RDFSResp(Ri ) from
idi
15
R = R ∪ Ri ;
16
end
17
end
18
end
19
return R;
20 end procedure

1 event n.queryReq (id, key, tp, pg ,
partialRes, vars, retIP ) from m
Let pa be the adorned atom of tp;
localR=BC-RDFS (pa );
if partialRes = ∅ then
partialRes = localR;
else
partialRes = localR 1 partialRes;
end
if partialRes = ∅ then
sendto retIP .queryResp(∅);
return;
end
if pg = ∅ then
answer = πvars (partialRes);
sendto retIP .queryResp(answer);
return;
end
tp0 = GetNextTriplePattern(pg );
pg ←Remove(tp0 , pg );
key 0 = FindKey(tp0 );
id0 = Hash(key 0 );
sendto id0 .queryReq(id0 , key 0 , tp0 , pg ,
partialRes, vars, retIP )
23 end event

2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

1 event n.BC-RDFSReq (pa ) from m
2
R=BC-RDFS (pa );
3
sendto m.BC-RDFSResp(R)
4 end event

always be evaluated locally since this predicate is an edb relation. For rules
with two predicates in their body, we have to decide which predicate should be
evaluated first. We select to first evaluate the predicate that can be processed
locally to avoid extra communication costs. This can be done easily by selecting
the appropriate adorned rule. Then, by using sideways information passing, more
messages are sent to collect all inferences from other peers. For more details on
how the algorithm works the reader might refer to [18].

4.3.2

Mapping dictionary

As URIs and literals may consist of long strings, we have implemented a mapping
dictionary similar to centralized RDF stores [30, 6]. URIs and literals are mapped
to integer identifiers and then, triple storage and query evaluation is performed
using these identifiers. Since the DHT inherently provides the functionality of
hash indexing, we have chosen to utilize this functionality to implement a distributed, scalable and fault-tolerant mapping dictionary.
When peer p receives a Store request for a set of RDF(S) triples, it needs
to invent a unique integer identifier id for each triple component c or retrieve the
identifier of c if such an identifier has been assigned already (by p itself or any
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other peer). Thus, p first examines its local database to see whether it already
knows an identifier for c. If not, it sends a Get request with parameter the hash
value of c to discover the id from the network. Then, for each triple component c
that does not have an identifier already, peer p sends two Put requests, one with
key c and value id and one with key id and value c so that the mapping between
c and p is stored in the DHT and become available to other peers. Finally, p
replaces each triple component with its assigned identifier and stores the given
set of triples in the network.
When a query arrives at peer p, all constants appearing in the query need to
be translated to their identifiers. For each constant c, p runs a procedure similar
to the one we sketched above to retrieve the dictionary identifier of c. After
gathering all results, p replaces constants in the query by their identifiers and the
query processing begins. In case any of the constants has no assigned identifier,
the answer to the query is empty so no query processing needs to take place.
After the query processing has finished and peer p has received the result set of
the query, p needs to replace the identifiers included in the result set with their
corresponding values. For each id found in the result set, p sends a Get request
with parameter the hash value of id and replaces the identifiers with their initial
values.
The uniqueness of identifiers in the above protocol could be ensured in various
ways. We have chosen to use the following scheme which is fully distributed
(thus scalable and fault tolerant) and does not require any kind of coordination
between the peers that need to create dictionary identifiers. In our scheme, each
peer keeps a local integer counter consisting of l bits which is initial set to 0. l
is incremented by 1 everytime we want to generate a new identifier. Remember
that each peer that joins the network is assigned a unique m-bit identifier by
hashing its IP address. We create an n-bit identifier id for a triple component
c by concatenating the m bits of the peer’s unique identifier with the l bits of
the current local counter. Depending on the network setting and the application
requirements, we can determine an appropriate value for l so that each n-bit
identifier is of reasonable space (e.g., 32 bits in our implementation).

4.4

Query Optimization

The goal of query optimization is to find an execution plan pg that optimizes the
performance of a database system with respect to a metric of interest. The main
metrics of interest to us in this paper are the time required to answer a query
(query response time), and the network bandwidth that is consumed during query
evaluation. The optimization techniques we use are selectivity-based heuristics
since the selectivity of the triple patterns can affect both of these metrics. Using
standard terminology from relational systems, the selectivity of a triple pattern
tp, denoted by sel(tp), is the fraction of total number of triples in the network
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Figure 4.4: Query optimization example of LUBM Query 9
that match tp. We first describe the optimization algorithm which orders the
triple patterns based on their selectivity and then present two selectivity-based
heuristics.
The optimization algorithm works as follows. Using the query graph representation, each node is assigned with the selectivity of the corresponding triple
pattern. The algorithm firstly selects the query graph node n0 with the minimum selectivity and adds it to the final execution plan. Then, it marks the nodes
that are connected with n0 and removes n0 from the graph. The algorithm iteratively chooses the node nmin with the minimum selectivity, selecting only from
the marked ones, adds it to the final execution plan, marks the nodes connected
with nmin and removes nmin from the graph. The algorithm terminates when no
nodes are left in the graph. Figure 4.4 depicts how the optimization algorithm
would perform for the example query of Fig. 4.2 given some randomly chosen
selectivities. At each iteration the selected triple pattern (i.e., the node with
the minimum selectivity) is shown with a double circle. The algorithm ensures
that a Cartesian product computation will never occur. This is crucial for the
performance of a distributed system where intermediate results are transmitted
through the network.
The above algorithm is a variation of the minimum selectivity algorithm [45].
This algorithm has also been used recently for the optimization of SPARQL
BGP queries in a centralized environment by [46]. The difference of the above
algorithm with the algorithms of [45] and [46] is that we use selectivities of single
triple patterns and not selectivities of joined triple patterns (the extension to
joins is the subject of future work).
A variation of the bound-is-easier heuristic. We consider a simple
variation of the standard bound-is-easier heuristic of relational and datalog query
processing [48] and assume that the more components of a triple pattern are
bound the more selective it is. We further enrich this heuristic by considering
the position of the bound components of a triple pattern if two triple patterns
have the same number of bound components. We assume that subjects are more
selective than objects which in turn are more selective than properties and make
the following assumption regarding the selectivity ordering: sel((s, p, o)) <
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sel((s, ?x, o)) < sel((s, p, ?x)) < sel((?x, p0 , o)) < sel (?x, rdf:type,
o) < sel((s, ?x, ?y)) < sel((?x, ?y, o)) < sel((?x, p, ?y)), where p0 6=
rdf:type. Notice that some of these selectivity relationships are always true
independently of the data while other are simply heuristics. For example, if we
have two triple patterns of the form (?x, p, o) and the property p is equal to
rdf:type to the second one, we heuristically assume the first one more selective.
Finally, we add to this heuristic the fact that a triple pattern with a variable that
can be projected out is preferable from a triple pattern of the same form with an
answer variable. Based on this heuristic, we can assign weights to the nodes of
the query graph accordingly and then run the optimization algorithm described
above.
Histograms. Using the attribute value independence assumption [41], the
selectivity of a triple pattern tp is computed using the formula: sel(tp) = sel(s) ∗
sel(p) ∗ sel(o). In order to compute the selectivity of each triple pattern, the
frequency distribution of each triple component is required. Since a structure with
the exact frequency distribution of each such component would require excessive
memory space, a commonly used method is estimating the frequency distribution
by creating statistics using histograms. We compute the selectivity of the bound
components of tp using histograms and we assume a selectivity of value 1.0 for the
variables. We also assume selectivity 1.0 for the property rdf:type. As future
work, we consider the implementation of multidimensional histograms.
The scheme we used for building histograms in the distributed setting is the
following. Each peer is responsible for creating and maintaining statistics of its
locally stored RDF(S) data and more precisely of the triple components which is
responsible for. In order to create the statistics, peer p retrieves all triples from
its local database. Triples of the form (s,rdf:type,o) are treated differently.
Therefore, p creates four histograms: one for estimating the frequency of subjects, one for estimating the frequency of properties, and two for estimating the
frequency of objects. The first one is used for keeping the frequency estimation
of the objects whose property is rdf:type (i.e., objects are RDFS classes) and
the second one for keeping the frequency estimation of the objects with different
properties. We found experimentally that this differentiation between objects
gives a more accurate estimation for the objects’ frequency. The histograms we
use are VOptimal histograms [36]. In addition, in order to estimate the selectivity
of a component, the total number of triples indexed in the network is required.
We have adopted a broadcast protocol for this reason. In [31], several solutions
for distributed counting in peer-to-peer environments are outlined and a specific
distributed structure is proposed. Studying such issues is out of the scope of the
paper.
Note that the components used for creating the histograms are only the components for which peer p is responsible for. The storage scheme we use guarantees
that every triple containing a component c will be located at the local database
of the peer responsible for c and hence the number of occurrences of c in the
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whole RDF(S) database can be found locally.
When peer p receives a Query request, it needs to retrieve the selectivity for
each bound component c appearing in the triple patterns of the query. This is
achieved by sending a message to the peer responsible for c specifying also the
type t of the component (i.e., subject, property, object or class). The peer that
receives this message retrieves the average frequency of c from the corresponding
histogram (depending on the t value) and sends back the selectivity. Then, p
computes the selectivities of all triple patterns, assigns them to the nodes of the
query graph and runs the optimization algorithm.
Further considerations. The number of distinct property values found in an
RDF(S) database is small in general. In addition, since our data are distributed
in the network, the number of distinct properties which a peer is responsible for
becomes even smaller. Therefore, we allow for maintaining the exact frequency
distribution of properties. However, if the structure exceeds a fixed amount of
memory, the system adaptively chooses to construct a histogram as described
above. The same holds for the frequency of the class names. Finally, the histograms built do not take into account inferred data. Therefore, every time
a query is evaluated and new inferences are discovered, the corresponding histograms are updated. Notice that the update of the histogram does not affect
the performance of the query evaluation since it is performed at a peer that has
already participated in the query evaluation and has already forwarded the query
to a different peer.

4.5

Experimental Evaluation

In this section, we present an experimental evaluation of the algorithms presented
in the paper, which have been implemented as an extension to our prototype
system Atlas (http://atlas.di.uoa.gr/). We used as a testbed the PlanetLab
network (http://www.planet-lab.org/) with 281 nodes across four continents
that were available and lightly loaded at the time of the experiments. For our
evaluation we used the LUBM benchmark [11] that provides datasets of arbitrary
sizes and 14 queries. In the following, we only present results for queries with
more than 4 triple patterns so that the benefits of the proposed optimizations
can be clearly demonstrated. All measurements are averaged over 10 runs.
Query processing with a mapping dictionary. We first evaluate the
query processing algorithm of Section 4.3.1 and demonstrate the importance of
having a mapping dictionary. Measurements about the storage usage are omitted due to space limitations. We compare the query processing algorithm with
and without the mapping dictionary functionality (M D and N oM D), using the
bound-is-easier optimization in both cases. Figures 4.5(a) and 4.5(b) show two
metrics concerning queries Q8 and Q4 respectively: bandwidth usage (left y-axis)
and query response time (right y-axis). In the x-axis, we depict the number of
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Figure 4.5: Query performance of a mapping dictionary
triples stored in the network. Due to the performance of the algorithm without
the mapping dictionary, we show experiments with only up to 68, 969 triples,
which correspond to 10 departments of the LUBM University0. In the next section, we show experiments for the complete LUBM University0.
Bandwidth consumption. In both queries, we observe that M D achieves a
significantly lower bandwidth consumption than N oM D. The size of the result
set of Q8 grows with the number of triples stored and more messages are required
for decoding the dictionary identifiers. Thus, the bandwidth usage of Q8 is also
increasing with the number of triples as depicted in the graph. On the contrary,
Q4 produces a constant number of results regardless of the number of triples
stored which is determined from the first join using the bound-is-easier heuristic;
hence, bandwidth consumption remains almost the same.
Query response time. The query response time (QRT) is shown with the
lines in the graphs. We observe that the slope of the M D line (red dashed line)
is smaller than the gradient of the N oM D line (blue line), which means that
the QRT of M D increases more smoothly than the QRT of N oM D with the
number of triples stored. The ActualM D line (green dashed line) shows the
query response time without the time needed for decoding the RDF components
from the identifiers returned in the result set. Although the result set size of
the queries affects the bandwidth consumption, it does not have an important
impact on QRT. This is due to the fact that messages for decoding the dictionary
identifiers are sent in parallel, so the load is distributed to almost every peer in
the network. In both Figures 4.5(a) and 4.5(b) the QRT of ActualM D is smaller
than the QRT of M D by an almost constant factor. The only case where the
decoding time deteriorated the QRT of M D, also depicted in Fig. 4.5(b), was at
Q4 after having stored only 8, 816 triples.
The total QRT for a certain query consists of the sum of the local processing
time of each peer participating in the query processing plus the network time for
transmitting the intermediate and the final results. The local processing time at
each peer consists of the time for retrieving the triples matching a triple pattern
from the local database, the time for joining intermediate results and the time
needed for various local operations such as inference using the adorned rules of
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Figure 4.6: Query optimization performance
Table 4.1. In the case of M D, we should also take into consideration the time
for decoding the identifiers at the end of the query evaluation. Figure 4.5(c)
presents a stacked bar that shows these proportions of the total QRT for M D
and N oM D after having stored 68, 969 triples. We observe that for every time
slice, M D outperforms N oM D. More significantly, we also observe that the most
time-consuming operation in the query evaluation is retrieving triples from the
peers’ database. In our implementation, we have used the BerkeleyDB which is
tightly integrated with the Bamboo DHT. From our experiments, we found that
the time needed to retrieve a single triple from a peer’s local database ranged from
0, 1ms to 128ms for the different peers in Q4 and from 0, 18ms to 2096ms in Q8
at the time of the experiments. As demonstrated in [4], slow nodes in PlanetLab
can cause such problems. In a best case scenario, where all peers would need
0, 1ms to retrieve one triple from their database (i.e., the smaller time we found
in the experiment), the QRT of Q4 would be reduced by a factor of 2, 3 (i.e.,
from 37s to 16s) while the QRT of Q8 would be reduced by 100s. We plan to
further investigate the behavior of our system’s database and experiment with
different database implementations or in-memory data structures for speeding up
the retrieval of the triples.
Query optimization. In this section, we discuss how the performance of
our system improves with respect to the chosen metrics with the use of the
query optimizer. The metrics we use are the query response time, the bandwidth
consumption and the time for joining the intermediate results. Motivated by
the previous experiments we assume the use of a mapping dictionary. In this
experiment, we have stored 103, 314 triples in the network which correspond to
the complete LUBM University0. Figure 4.5 shows the performance of our system
for several queries using the optimization techniques we described. In all graphs,
the x-axis shows the LUBM queries while the y-axis depicts the metric of interest.
The first bar in all graphs shows the performance of the query evaluation if the
query graph is used to avoid Cartesian products but no other optimization is
performed. The second and third bars depict the bound-is-easier and histograms
heuristics respectively.
Figure 4.6(a) shows the QRT for different queries. In the graph, QRT also
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contains the time required by the query optimizer for determining an execution
plan. When using the bound-is-easier heuristic, this time is negligible, while when
using the histograms the time ranged from 273ms to 451ms for the different
queries. The different execution plans certainly can affect the join processing
time and the bandwidth consumption of transmitting the different intermediate
results. Since the peers that participate in the evaluation of a certain query are
the same regardless of the execution plan and the triples that these peers will
retrieve from their local database are the same, the total time spent for retrieving
these triples and the RDFS reasoning performed is independent of the execution
plan (this does not hold for a query with an empty result set). Figures 4.6(b) and
4.6(c) show on a logarithmic scale the total bandwidth consumption in Kbytes
and the total join processing time in ms.
Let us now explain the results that we see in Fig. 4.5 for each query. Q2
is a query that yields an empty result set caused by joining its last two triple
patterns (triple patterns 5 and 6). For that reason, the query graph and the
bound-is-easier heuristic, which choose the same execution plan where the join
of these triple patterns is computed last, perform identically. Their performance
is poor compared to using the histograms where a very selective triple pattern is
chosen first and the join that yields an empty result is executed third.
Q4 is a star-shape query with its triple patterns sharing the same subject
variable. The bound-is-easier and the histograms heuristics choose the same
ordering for the first two triple patterns which actually determine the size of the
final result set. Therefore the histograms heuristic performs slightly better. In
Q7, all metrics are reduced significantly when using either heuristic since both
generate the same execution plan. Finally, Q9 is a tricky query which contains a
cycle join of its last three triple patterns. The combination of all triple patterns
is the one that yields a small result set. So, even if the query optimizer took into
consideration the selectivities of the joined triple patterns, it would still fail to
find the optimal execution plan. It is by chance that the query graph and the
bound-is-easier choose a better execution plan than the histograms heuristic.

4.6

Related Work

[5, 1, 29] consider RDF query processing on top of structured overlay networks,
such as DHTs. [5] and [29] consider no RDFS reasoning while [1] provides semantic interoperability through schema mappings. In [18], we described how both
forward with backward reasoning can be implemented on top of DHTs and presented an analytical and experimental evaluation. BabelPeers [3] is a DHT-based
system that supports a forward chaining approach for RDFS reasoning. However,
having experimented with forward chaining in [18], we believe that this approach
cannot perform well in a real distributed environment since forward chaining not
only has excessive space requirements but also cannot reach a fixpoint at a reason50
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able amount of time. MARVIN [32] is another DHT-based system that performs
RDF(S) reasoning using forward chaining. In contrast to the dynamic and uncontrollable environment we used for our experiments, MARVIN runs on DAS-3
(Distributed ASCI Supercomputer http://www.cs.vu.nl/das3/) and manages
to scale to a considerable number of triples. Using an analytical model, the authors show that a fixpoint will be reached eventually but the time needed still
remains questionable. Apart from this, the system uses an in-memory implementation at each peer which speeds up inferencing significantly.
Query optimization for SPARQL has been addressed only recently. In [46],
the authors present a selectivity-based framework for optimizing SPARQL BGP
queries. The optimization algorithm proposed is based on the minimum selectivity heuristic of [45]. The join selectivity is precomputed by executing SPARQL
queries on every pair of properties that is related through the RDFS schema
and keeping the size of the result sets. In the absence of an RDFS schema all
combinations of distinct properties should be considered which becomes very expensive. In RDF-3X [30], the authors propose two kinds of statistics for the
selectivity estimation of the joins: specialized histograms which can handle both
triple patterns and joins, and the computation of frequent join paths in the RDF
graphs. An interesting work that deals with query optimization in a distributed
environment, although not a DHT, is presented in [47]. The authors of [47] address the problem of query optimization by defining a cost model and adopting
randomized algorithms from the database literature for join ordering [45]. The
join selectivity of two triple patterns is assumed to be estimated but no method
is clearly proposed.

4.7

Summary

We presented some extensions to the system Atlas that we undertook recently
so that we can have a more mature state-of-the-art implementation that could
then be integrated with the centralized implementation of Chapter 3 to provide
a distributed implementation of the SemsorGrid4Env registry. The new features
in Atlas we presented in this chapter are:
• Being able to answer queries over RDF(S) databases; not just RDF databases
as in our previous work [29, 20, 19].
• Using a dictionary encoding as in recent work on centralized RDF stores.
In this respect, we are the first to use and evaluate this technique in a
distributed implementation such as Atlas.
• Utilizing query optimization techniques based on histograms and various
heuristics [48, 36].
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Al the extensions of Atlas that we presented in this chapter have been full
evaluated experimentally on PlanetLab.

52

Chapter 5
Conclusions and Future Work
This deliverable is the second deliverable of WP3 which will design, implement
and deploy an open, dynamic and scalable registry for the SemsorGrid4Env software architecture defined in WP1.
In this deliverable, we presented a semantics and an algebra for stSPARQL
in the spirit of the algebra for SPARQL given in [33]. This will be the algebraic
language that will drive the stSPARQL implementation.
We also presented Strabon, the implementation of stSPARQL that is currently
been developed in WP3 by extending the Sesame RDF store. Strabon will serve as
the basis of the SemsorGrid4Env registry implementation. This implementation
is currently centralized and it will be later on extended to a distributed one.
Finally, we presented data structures and algorithms for efficient distributed
query processing in the system Atlas and a detailed performance evaluation of
these on Planetlab. This work has resulted in a more mature implementation of
Atlas which will be integrated with Strabon to provide a distributed implementation of the SemsorGrid4Env registry.
Our future work in WP3 will concentrate on the following:
• Extending Strabon to handle temporal information.
• Implementing the Semantic Registration and Discovery Service and integrating Strabon with the rest components of SemsorGrid4Env.
• Provide detailed performance evaluation in the context of the software architecture of WP1 and the use cases of the project. In addition, the performance of distributed query processing algorithms that will be developed
will be evaluated experimentally on PlanetLab.
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