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1 Introduction

Description Logics (DLs) are nowadays an accepted standardor decidable knowledge
representation. DLs also provide the theoretical foundaton for representing and reason-
ing with ontologies as well as for the Semantic Web. Thus, DL gstems (e.g., Fact++,
Pellet, RacerPrg and DL-based technology in general will play an increasinty important
role for building the next generation of deductive, ontolog/-based information systems.

The RacerProdescription logic system [HMO01a] implements the very exprssive DL
ALCQHI g+ (D ), also known asSHIQ (D )[HST99, HMO01b]. RacerPrés most promi-
nent feature is the support for so-calledABoxes which allow for the representation of a
\concrete state of the world" in terms of individuals and relationships. In the following,
we assume familiarity with DLs as well as DL systems.

In order to provide the information technology backbone for next generation infor-
mation systems (IS), current DL systems still have a long wayto go. Nowadays, building
ontology-based IS with a DL system is still a non-trivial task: One the one hand, DLs
somehow live in their own \realm" and are thus not really interoperable with the rest
of \more conventional" IS infrastructure (e.g., existing r elational databases). One the
other hand, only recently issues such as persistency and penful query languages (QLS)
have been considered and incorporated into DL systems. DLdself have their de cien-
cies as well and are thus not a panacea for arbitrary informabn representation and
(ontology-based) retrieval tasks: Due to the complexity ofthe inference problems, scal-
ability (in the average case) is not easy to achieve and noways only achievable for
knowledge bases (KBsyvhich use simple DLs. Standard DLs are well suited for the rep
resentation of (and reasoning about) semi-structured (or gen unknown/indeterminate)
information, but things become more complicated if, say,n-ary relationships or special
\non abstract"” domains such as space are considered. Then,ther non-standard DLs
or complicated logical encodings are needed. For non-stamadd DLs, no working sys-
tems exist, and complicated logical encodings are likely talecrease the performance and
complicate the information handling and maintenance.

To get working systems on timetoday, we must thus agree upon pragmatic solutions.
This also implies that existing technology (i.e., existing DL system such asRacerPrg
must be exploited and possibly extended for the task of IS buding. Due to the intel-
lectual inherent complexity of the eld, application and sy stem studies on how to use
DL system in real-world IS scenarios are thus of utmost impatance in order to provide
guidance.
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In this paper, we consider the IS domain of deductive geogrdpic information sys-
tems (GIS), which can be called a \non-standard domain". We cescribe the problems
encountered and pragmatic solutions found during the endear of building an ontology-
based query answering system for digital city mapshe DLMAPS system [Wes03a]. We
useRacerProas a DL system, which can be called an empirically successfaystem, since
it is widely used.! In this IS domain of digital city maps, we must

1. pragmatically solve the map representation problem, esecially regarding the spa-
tial and thematic aspects,

2. provide an expressivespatio-thematic query languagdQL) which supports ontology-
based query answering (w.r.t a \city map background ontolog/"). This QL must
be able to address spatial as well as thematic aspects of theap objects.

The paper provides the following contributions:

We describe how an existing DL system such aRacerProcan be used for building
an ontology-based IS in such a \non-standard" IS domain for viich a standard DL such
as ALCQHI g+ (D ) is not very well suited. This mainly concerns the represenation
of the spatial aspects of the maps, which we call the \spatialrepresentation problem"
in the following. We will demonstrate which representation options are available in this
setting.

We demonstrate what can be done with nowadays available sta-of-the art DL
(and Semantic Web) technology such agkacerPrg and identify and motivate and design
pragmatic extensions to tackle the spatial representationproblem. Making this explicit
by means of this paper will help other users to build their ownIS with enabling DL
technology by exploiting similar \design patterns” as we did.

Spatial representations are, in principle, possible with &pressive spatial concrete
domains (CDs) [HLM99, LMO05] or specialized DLs [Wes03b] or spatial modal dgics
[LWO04]. However, no optimized mature DL system supporting these non-standard DLs
exist, and building a DL system which supports them is a non-tivial task.

Even if the spatial representation is achieved, then additonally an expressive spatio-
thematic QL is needed for the 1S. Designing and implementingsuch a QL is again a
non-trivial task. We will demonstrate (from a pragmatic per spective) how such a QL
can be designed. Moreover, the QL is also implemented and aNable for other users.

RacerPrdhas been extended in 2003 by an expressive QL calleRQL[WMO05, KG06].
Given that we have solved the spatial representation problen, we can use and extend
nRQL by \spatial atoms" to get the desired spatio-thematic query language. ThenRQL
guery answering engine (which is an integral part ofRacerPrg can be called an empir-
ically successful system, since it is used by manjracerProusers. At the time of this
writing, this engine is (to the best of our knowledge) the onl optimized ABox query
answering engine which provides complex ABox queries and st addresses issues such
as life cycle management of queries (queries are managed dgects which have a state),
concurrent and incremental query answering, version conwl of query answers, de ned
gueries, etc.

Another contribution of this paper is the identi cation and description of (software)
abstractions which we claim can be useful for other develops of ontology-based IS with

1And is commercially distributed by the start-up company Rac er Systems.
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DL system components as well: We have based thBLMAPS system on the so-called
substrate data model.This data model serves as dayer of indirection and abstraction,
shielding the IS from the details of the used DL system (a kindof \semantic middle
ware™). But more importantly, the substrate data model enables us to attach or asso-
ciate additional information on or with ABox individuals, f or which no encoding in an
ABox is possible or appropriate. We will show how the substrae data model can be used
to solve the spatial representation problem of the map. The esulting representations
will by hybrid; thus, a hybrid QL will be needed to combine the information distributed
on the di erent substrate layers.

The paper is structured as follows. We rst describe the IS domain of digital
city maps, the concrete map data we use, and the idea of ontoffy-based queries to
such city maps. We then present various options how to repremnt the maps. Next we
describe thenRQLABox QL which plays a crucial role here, sincenRQL is the QL which
is extended to become a hybrid spatio-thematic QL in this pager. Finally, the resulting
QL is presented. Then comes the conclusion.

2 The Scenario - Ontology-Based Queries To a City Map

For what follows, we call the TBox or ontology of the DLMAPS IS the intensional com-
ponent, whereas the actual map data is kept in theextensional component. Ontology-
based query answeringhen means that the (de ned) vocabulary from the intensional
component can be used in queries to retrieve the desired infmation (by means of
guery answers) from the extensional component. Theguery answering component is
responsible for computing these answers.

The data in the DLMAPS IS are digital vector maps from the city of Hamburg
provided by the land surveying o ce (\Amt far Geoinformati on und Vermessungswesen
Hamburg"); these maps are called theDISK (\Digitale Stadtkarte"). Part of the DISKis
visualized by the Map Viewercomponent of our system in Fig. 1. Each map object (also
called geographic featurg is thematically annotated The basicthematic annotation (TA)
has been established by the land surveying o ce itself. The TA says something about
the \theme" or semantics of the map object. Simple symbols/rames such as \green
area”, \meadow", \public park", \lake" are used. A few hundr ed TAs are used and
documented in a so-calledthematic dictionary (TD) , which is GIS-typically organized
in thematic layers (e.g., one layer for infrastructure, onefor vegetation, etc.).

Sometimes, only highly speci c TAs are available, such as \emetery for non Chris-
tians", and generalizing \common sense" vocabulary such ‘&\cemetery" is often miss-
ing. This is unfortunate, since it prevents the usage of comran sense vocabulary for
guery formulation. We can repair this defect by adding a baclground ontology (in the
form of a TBox) providing generalizing TAs by means of taxonamic relationships. On
the other hand, de ned concepts (\if and only if") can be added and exploited to au-
tomatically enrich the given basic annotations. Thus, we might de ne our own neded
TA \public park containing a lake" as a \park which is public w hich contains a lake"
with a TBox axioms such as

public_park _containing _a_lake _park u public u 9 contains:lake
or
bird _sanctuary _park _park u 8contains:: building
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Figure 1: The Map Viewerof the DLMAPS System

and we might want to retrieve all instances of these concepts This is what ontology

based query answering is all about. Inference is required t@btain these instances,
since there are noknown instances ofpublic_park _containing _a_lake (this is not among
the basic TAs provided by the land surveying oce). For simpl e queries, instance
retrieval queries might be su cient as a QL. However, in our scenario one must rdrieve

constellations® of map objectswhich satisfy acomplex query expressionthus, a QL with

variables is needed.

A de nition such as public_park _containing _a_lake refers to thematic as well as to
spatial aspectsof the map objects:

Thematic aspects: the name of the park, that the park is public, the amount of
water contained in the lake, etc.

Spatial aspects: the spatial attributes such as the area of the park (or lake), the
concrete shape, qualitativespatial relationship such as \contain", quantitative (metric)
spatial relationships such as the distance between two ob@ts, etc.

We use the following terminology: athematic conceptrefers only to thematic aspects,
similarly a spatial concept solely to spatial aspects, whereas &patio-thematic concept
refers to both. We also talk of thematic, spatial and spatio-thematic queries A strict
separation might be di cult sometimes.

Thus, there are di erent thematic and spatial aspects one waild like to represent
and address with the spatial QL. Since the concrete geometrys given by the map,
the spatial aspects of the map objects are in principle intrhsically represented and
available. This mainly concerns the spatial relationshipswhich are depicted in the
map. However, also attributes like the area etc. can in pringple be computed from
the geometry (although this will not be very accurate). A function that exploits the
geometry to dynamically check the requested spatial aspecfi.e., spatial property or

2We use the term \constellation" to stress that a certain spat ial arrangement of map objects is
requested with a query.
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EQ DC EC PO TPP NTPP
Figure 2: RCC8 base relations:EQ = Equal, DC = Disconnected ,EC = Externally
Connected, PO = Partial Overlap, TPP = T angential Proper Part, NTPP = Non-
T angential Proper Part. All relations with the exception of TPP and NTPP are
symmetric; the inverse relations of TPP and NTPP are called TPPI and NTPPI .

relation) is called an inspection method in the following.

It is obvious that qualitative spatial descriptions are of great importance. On the
one hand, they are needed in order to be able to de ne conceptim the TBox such as
\public park containing a lake". On the other hand, they are needed in the spatial
QL (\retrieve all public parks containing a lake"). A popula r and well-known set of
gualitative spatial relationships is given by the RCC8 relations, see Fig. 2.

One the other hand, since the concrete geometry is given by nams of the map, in
principle, no qualitative representation is neededin the extensional component. How-
ever, if we want to use aRacerPro ABox for the extensional component, then the
spatial representation options are limited, and we must neessarily make use qualitative
descriptions for the map representation, see below.

The DLMAPS system will support ontology-based spatio-thematic conjunctive queries
to the DISK. To give a rst impression of what will be possible, suppose w want to
identify the chemical plants in the DISK which might be responsible for a chemically
contaminated lake:

ans(?lake; ?park; ?creek;?industrial _area; ?chemical _plant)
lake(?lake); chemically .contaminated (?lake);
park (?park); public(?park); contains (?park; ?lake);
creek(?creek); flows _in (?creek;?lake);
crosseq?creek;?industrial _area);
contains(?industrial _area; ?chemical_plant); unreliable (?chemical plant):

We assume that the reader has an intuitive understanding of ach a query. The di erent

conjuncts of such a query are calledjuery atomsin the following. A ground query atom
is an atom in which the free variables have been substituted wh (satisfying) individuals

resp. \constants". We formalize these notions subsequengl An atom with one variable
is equivalent to a simpleinstance retrieval query.

3 Representing and Querying the  DISK

It is clear that the kind of representation we will devise for the DISK in the extensional
component will also determine what we can query, and how we eaquery (i.e., which
techniques to be used for computing the query answers). Withut doubt, the thematic
aspects of theDISK map objects can be represented satisfactory with a standardL.
To solve the spatial representation problem of theDISK in the extensional compo-
nent, we consider three representation options and analyzéheir impacts:
Representation Option 1 { Use a Single ABox: We can represent \as
much spatial aspects as possible" in &ALCQHI g+ (D ) ABox. Regarding the spatial
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Figure 3(a): Concrete geometric scene Figure 3(b): Hybrid map substrate:
and corresponding RCC8 network variables are bound in pard¢l
(inverse edges omitted)

relationships, we can only representqualitative relationships. From the concrete map
geometry, we can compute a so-calledRCC network and represent this by means of
RCC role assertionsin the ABox, e.g. (i;j ) : TPPI etc. In Abb. 3(a) a \scene" and its

corresponding RCC8 network is depicted. Such a network willalways take the form of
a an edge labeled complete graph, a so-calléd, (see graph theory), due to theJEPD

property of the RCC base relations: The base relations arg¢ointly exhaustive, pairwise

disjoint). Moreover, an RCC network derived from a geometric scene will always be
RCC consistent (see below).

Moreover, selected spatial attributes such as area and lertly can be represented in
the CD of the ABox; we then useconcept assertionssuch asi : 9(has_area): = 12:345.

Moreover, since the represented spatial aspects are accidsds to RacerPrg this sup-
ports richer spatio-thematic concept de nitions in the TBo x, for example

public_park _containing _a_lake _park u public u 9 contains:lake

(we are using9contains:lake instead of OTPPI :lake)t (9INTPPI :lake)). Obviously,
an individual i in the ABox can only be recognized as an instance of that cong if
RCC role assertions are present in that ABox.

In principle, the speci ¢ properties of qualitative spatial relationships resp. roles can-
not be captured completely within ALCQHI r+ (D ) (we will elaborate this point below
when we discuss qualitative spatial reasoning with the RCC gbstrate). This means that
the computed taxonomy of the TBox will not correctly re ect t he \real" subsumption
relationships, and that the TBox might be incoherent without being noticed. We believe
that careful modeling can avoid this. Another option is to compute the taxonomy of
the TBox \o ine" with a specialized (non-optimized, protot ypically) DL system with
space semantics such as aALCIl rccg prover (see [Wes03b]), even though this DL is
undecidable, [LW04]2 The deduced implied subsumption relationships can be made
syntactically explicit by means of additional TBox axioms, and the augmented TBox
can replace the original one.

Much more importantly in our setting is the observation that ontology-based query
answering can still be achieved in a way that correctly re ects the semantics of the spa-
tial relationships with RacerPro Consider the instance retrieval query
(?x; public_park _containing _a_lake) on the ABox

30ne could at least try to compute the taxonomy.
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A = fi : park u public; k : lake;j : meadow;(i;j ) : TPPI ;(j;k) : NTPPI g:
If this ABox has been computed from the concrete geometry ofie map, then it must
also contains {;k) : NTPPI , since each RCC network which has been computed from
a spatial constellation which shows {;j) : TPPI and (j;k) : NTPPI must also show
(i;k) : NTPPI . In order to retrieve the instances of public_park _containing _a_lake, we
check each individual separately. Let us consider. Checking that i is an instance of
public_park _containing _a_lake is reduced to checking the unsatis ability of the ABox
A[ f (i;k) : NTPPI g [
fi:(: parkt: publict (8NTPPI :: lake) u (8TPPI :: lake))) g
This ABox is obviously unsatis able and thus, i is a public_park _containing a_ake.

Regarding concepts that \contain or imply" universal role or number restrictions,
we can answer queries completely only if we turn on a \closedamain reasoning mode",
we must close the ABox w.r.t. the RCC role assertionsand enable the unique name
assumption (UNA) in order to keep the semantics of the RCC roles.

To close the ABox A w.r.t. the RCC role assertion, we count for each individuali 2
individual¢A) and each RCC roleR the number of R-successorsn = jf jj (i;j): R 2Aqgj;
and add so-callednumber restrictions i : ( R n)u( R n)to A. This assertion is
satis ed in an interpretation | i n=fjj (i';j) 2 R' g, thus, i must have exactly n
R successors in every model.

In combination with the UNA, this enables a closed domain reasoningon the indi-
viduals which are mentioned in the RCC role assertions and ths prevents the reasoner
from generating \new anonymous RCC role successors" in orddo satisfy an existential
restriction such as9NTPPI :lake. In order to satisfy 9NTPPI :lake, it must then nec-
essarily reuse one of the existing individuals in the ABox, thus the domain is \closed"
[Wes03a]. Let us demonstrate this using the concept

bird _sanctuary _park _park u 8 contains:: building:
Assuming that both lake and meadowimply : building , we can show thati is an instance
of a bird_sanctuary, since the ABox
A f (i;k):NTPPI g

fi: 1 TPPlu 1TPPl;i: 1 NTPPlu 1NTPPI;:::g]

fi:(: parkt ((9TPPI :building) u (9NTPPI :building))) g
is again unsatis able, because the alternative : : park immediately produces an incon-
sistency. Thus, the alternative fi : (9TPPI :building) u (9NTPPI :building)g is consid-
ered. Duetoi: 1 TPPlu 1 TPPI,onlyj can be used to satisfhy@TPPI :building, and
only k to satisfy 9NTPPI :building. Sincej : meadow and thus j : : building, k : lake
and thus k : : building, the ABox must be unsatis able.

Thus, we have argued that spatio-thematic ontology-based gery answering can be
done on such an ABox representation of theDISK.

Moreover, we must not resort to simple instance retrieval qeries, but can use a
powerful ABox QL such asnRQL With nRQLwe can pose queries (here in mathematical
syntax) such as

ans(?living _area; ?park; ?lake)
living _area(?living _area); park (?park);
contains (?park; ?lake); adjacent(?living _area; ?park);
(8adjacent:: industrial _area)(?living _area)

Note that 8adjacent:: industrial _area is a complex query concept; we could have put
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a concept de nition such as healthy _living _area 8 adjacent:: industrial _area into the
TBox and used the atom healty _living _area(?living _area) instead. The concretenRQL
syntax will be shown and used below.

However, the discussed ABox representation has th&llowing drawbacks:

1. The size of the generated ABoxes is huge. Since the RCC netwoiis explictly
encoded in the ABox, the number of required role assertionssi quadratic in the number
of map objects (resp. individuals).

2. Most spatial aspects cannot be handled that way. For example distance
relations are very important for map queries. It is thus not possible to retrieve all
subway stations within a distance of 100 meters from a certai point.

3. Query processing will not be e cient. More e cient query pro cessing can be
done if spatial index structures are added.

4. In the DLMAPS system, the geometric representation of the map is needed
anyway, at least for presentation purposes. Thus, from a nodogical point of view, the
ABox cannot be the only representation used by the extensioal component of such a
system. Thus, it seems plausible to exploit the representabn for query answering as
well.

5. Most importantly, we have demonstrated that this kind of ont ology-based query
answering only works if the domain is closed. However, DL syems and thus RacerPro
are not really good at closed domain reasoning, since thepen domain assumption
is made in DLs. In contrast, since the geometry of the map is ampletely speci ed,
there is neither unknown nor underspeci ed spatial informaion. This motivates the
classi cation of the map as \spatial data”, in contrast to \s patial information”. Thus,
regarding the spatial aspects, deduction or logical inferece is not needed. Instead,
model checkingwould be su cient regarding the spatial aspects. All these points thus
motivate

Representation Option 2 { Use a Map Substrate: Due to the problems with
spatio-thematic concepts and since closed domain reasorgnis anyway all that we can
achieve here, it seems more appropriate to represent the spal aspects primarily in a
di erent representation layer which we can associate with an ABox, a kind of \spatial
database", that contains instances of spatial datatypes (mlygons etc.). We already men-
tioned that the geometry of the map must be represented in theextensional component
anyway (at least for presentation purposes). This also re &ts appropriately that there
is neither unknown nor underspeci ed information regarding the spatial aspects of the
map. Everything is explictly given (the \logical theory" of the map is thus complete).
This is a reasonable assumption in this scenario.

In the following, this spatial medium is called an SBox. If we say that spatial
aspects areprimarily represented in the SBox, then this doesot necessarily exclude
the (additional) representation possibilities of dedicated spatial aspects in the ABox
as just discussed. The resulting hybrid EBox; ABox) representation is illustrated in
Fig. 3(b), we call it a map substrate It is shown that some ABox individuals have
corresponding instances in the SBox, and vice versa, sincehé mapping function is
partial and injective. This association / mapping function is called the -function in the
following.

If spatial information about the map is now primarily kept in the SBox, then it is no
longer available for ABox reasoning. Thus,nRQL (or instance retrieval) queries are no
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longer su cient to address the spatial aspects { we will thus extend nRQL to become a
hybrid spatio-thematic QL, o ering also spatial query atomsto query the SBox: SnRQL
The SnRQLquery answering engine will combine the retrieved resultsrbm the SBox
and ABox part of the hybrid map substrate representation. The purely thematic part
of the query will be a plain nRQL query which will be answered on the ABox, and the
spatial part of the query will contain spatial atoms which are evaluated on the SBox.

Since the SBox represents the geometry of the map, it can evaate the requested
spatial aspects on the SBox \on the y" during query evaluati on by means ofinspection
methods (see Page 5). The SBox provides apatial index, supporting the e cient com-
putation of spatial relationships by means of spatial seletton operations. Computed
spatial aspects can also be made explicit and \materializedin order to avoid repeated
re-computation (e.g., computed RCC relations can be materdlized as edges).

By means of query rewriting and expansion, the hybridness oSnRQLcan be made
transparent for the users. Ideally, a user can abstract fromthe details of the DISK
representation in the extensional component of theDLMAPS system. He/she must not
known how and where a special aspect of thBISK s physically represented (in the ABox
or SBox) in order to be able to formulate queries which returnthe intended results. The
exploited query expansion and rewriting procedures are cuently hard-coded, though.

In order to provide these exible representation options, to \break out" of the strict
DL ABox framework, but nevertheless keep a clear mathematial semantics, we base
the DLMAPS IS on a semi-structured graph-basedsubstrate data modelwhich provides
this exibility. As explained, it serves both as a mediator and software abstraction
(\semantic middle ware"), but also enables us to formally describe and combine di erent
representation layers to build hybrid representations sub as a map substrate. Since
ABoxes play a role here as well, the data model must also genalize the notion of an
ABox:

Denition 1 A substrate is an edge- and node-labeled directed graphV( E;Lv;Lg),

with V being the set ofsubstrate nodesand E being a set ofsubstrate edgesThe node
labeling function Ly : V ! L v maps vertices to descriptions in an appropriate node
description languageL v, and likewise forLg : E ! L g, whereLg is an edge description
language.

The languagesLy and L g are not xed and can be seen asubsets of rst-order predicate
logic (in appropriate syntax). For example, we can consider an ABa as a substrate if
we identify V with the ABox individuals, E with the pairs of individuals mentioned as
arguments in role assertions in that ABox, L v with the set of ALC concepts, andL g with
the set of ALC role names closed under conjunction. Using the rst-order grspective,
V is a set of constant symbols, and_y and Lg are indexing functions. Obviously, an
encoding ofLg and Ly into rst-order logic is possible. Moreover, an associatedT Box
manifests itself in additional rst-order sentences whichare assumed to be \intrinsically
encoded" into the substrate as well.

We do not claim that this data model is interesting from a theoretical perspective;
its \generic de nition" is of course also its weakness. Thus it must be speci cally in-
stantiated. However, the given de nition enables a formal speci cation of the semantics
of our substrate representation and query answering framewrk on which we have based
the DLMAPS system.
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The data model is somehow inspired by the work onE-Connections [KLWZ04] or
the tableaux data structure [HST99], as well as by RDF. Howeer, we feel that we need
more exibility than, e.g., E-Connections or RDF can provide; e.g., RDF does not allow
us to describe the geometry of map object. Moreover, a subsdte is not simply a \graph
database", since DL ABoxes are considered part of the framewrk and thus, inference
is required in order to answer queries. We have the feeling tt rst-order logic is all we
need here in order to formally describe the data model, it semntics and its inference
services as well as thgyeneric substrate query languagésee below).

As just explained, an ABox can be seen as a specialized subate. The substrate
establishes a graph perspective on the ABox (by means of thendexing functions).
Moreover, an SBox can be seen as a specialized substrate adlwélere, the nodes are
instances of spatial datatypes. We need not leave the frameovk of rst-order logic if we
agree that the geometry of such nodes can be described using appropriate geometry
description language We do not want to go into the details (of logical encoding of
instances of spatial data types) here.

In order to make use of the substrate representation, aubstrate QLis needed. The
substrate QL framework enables the creation of specialized substrate QLs which can
be tailored for special kinds of substrates (e.g., ABox, SBxes). This QL framework is
based on the general notion ofground query atom entailment All that matters is that
a notion of logical entailment (F) between a substrateS and a ground query atom for
S is de ned and decidable. Thus, give the (unary and binary) ground query atomsP (i)
and Q(i;j) fori;j 2V, SE P(i) and S F Q(i;j ) must be de ned and decidable.

The [ relation is, in principle, the standard rst-order one. Th e = relation de ned
for a substrate canintrinsically encode a rich background theory,for example, the addi-
tional axioms of a background TBox, or domain closure axioms,or even the full set of
Clark completion axioms. These additional axioms are thus not explicitly representel
in the substrate as sentences, but are assumed to be part of ¢hinherent structure of
the substrate. The models relation is thus further constraned. For example, in the case
of an SBox, deciding thef relation boils down to simple model checking We will give
an example for such a background theory when we discuss the RCsubstrate.

The substrate QL framework provides a great exibility, ext ensibility and adapt-
ability, since specialized query atoms can be tailored for jgeci ¢ instantiations of the
substrate data model. If only a notion of entailment is de ned and decidable for these
specialized atoms, then the substrate query answering engge immediately supports the
evaluation of these atoms. In fact, it su ces to overload a single Clos multimethod
entails-p . Moreover, decidability of the QL is automatically guaranteed by the frame-
work. Complex substrate queriesare combined from query atoms by means of body
constructors. The substrate QL framework provides the folbwing constructors: nega-
tion as failure (NAF, \ n"), conjunction (\," and \ ~"), union (\ _"), as well as a pro-
jection operator (\ "). The semantics (and decidability) of these generic QL opeators
will become clear if we considemRQL, which is a specialized substrate QL tailored for
RacerProABoxes; it thus shares the same semantics for the body consictors as all
substrate QLs.

De nition 2 A hybrid substrate is a triple (S1;Sy; ), with S;, i 2 f 1;2g being sub-
strates (Vi;Ei;Lv,;Lg;) using Ly; and Lgj, being a partial and injective function
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The DLMAPS system is designed in such a way to work on ABoxes, SBoxes, onap
substrates:

De nition 3 A map substrateis a hybrid substrate (S1;Sy; ), where S; is an SBox,
and S, is an ABox (substrate).

Given the hybrid representation, a hybrid query now contains two kinds of query atoms:
Those for S;, and those forS,. In order to distinguish atoms meant for S; from atoms
meant for S, easily, we simply pre x variables in query atoms which for S, with a\? "
instead of \?"; the same applies to constants / individuals. Intuitively, the bindings
which will be established for variables must re ect the -function: If ?x is bound to
i 2 Vg, then 2 x will automatically be bound to (i) 2 V,, and vice versa (w.rt. 1).
Such a binding is called -consistent. We will only consider -consistent bindings. The
notion of -consistent bindings is also depicted in Fig. 3(b).

Assume we use a map substrate for th®ISK representation now. Then, thenRQL
example query given above will become a hybricSnRQLquery; nRQL atoms now use

-pre xed variables (since the ABox is Sy, and the SBox is S;):

ans(?living _area; ?park; ?lake)
living _area(? living _area); park(? park);
contains (?park; ?lake); adjiacent(?living _area; ?park);
n ( (?living _area) ( adjacent(?living _area; 7industrial _area);
industrial _area(? industrial _area)))

Please note that the last conjunct in the query is the \equivalent" of the nRQL atom
(8adjacent:: industrial _area)(?living _area).

By means of the de nition of the semantics of the QL (see beloWy it will become
clear that (? living _area) (adjacent(? living _area;? industrial _area);:::) is in
fact equivalent to (resp. has the same extension agdns(? living _area) adjacent(?
living _area;? industrial _area);:::. This subquery therefore retrieves all map objects
which are adjacent to an industrial area. The NAF operator complementsthis subquery
result (see next Section onnRQL semantics). Thus, the binding to diving _area must
be an instance ofliving _area which does not have a (known) adjacent industrial area.
This implies that that all known adjacent areas are not industrial areas.

Representation Option 3 { Use an ABox + RCC Substrate: We have
argued that in general we cannot completely capture the inheent properties of the
RCC relations in an ALCQHI g+ (D ) ABox, since ALCQHI g+ (D ) lacks the required
expressivity. However, we have argued that (see Option 1) ateast for ontology-based
spatio-thematic query answering aALCQHI g+ (D ) ABox can still be used, given that
the RCC network in the ABox was computed from a concrete map. The RCC network
is thus complete (lacks no edges) and automatically RCC constent. Moreover, we must
enable closed domain reasoning for the RCC roles.

In order to make a comparable query answering functionalityavailable to other users
of the RacerProsystem without having to add the whole SBox functionality to RacerPro
(spatial datatypes and spatial indexes, etc.), we devise yteanother kind of substrate,
the RCC substrate which captures the semantics of the RCC relations by explding
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techniques fromqualitative spatial reasoning. Users of RacerProcan associate an ABox
A with an RCC substrate RCCby means of a hybrid substrate @&;RCC ) and query
this hybrid substrate with nRQL + RCC query atoms (see below). Note that, unlike a
map substrate, there the ABox is S; and thus the \primary" substrate.

The RCC substrate is basically an RCC network consistency chcker which can
decide (relational) consistency of RCC networks and entailment of RCC relations resp.
RCC ground query atoms:

De nition 4  An RCC substrate RCCis a substrate such thatV is a set of RCC nodes
with Ly = ;, and Lg = 2fEQ:DCECPO;TPP; TPPI ;NTPP;NTPPI g

An edge label represents alisjunction of RCC base relations representing coarser or
even unknown knowledge regarding the spatial relation. Diginctions of base relations
are thus RCC relations as well. Theproperties of the RCC relations are captured by the
so-called JEPD property (see Page 6) as well as the so-calleRCC composition table
This table is used for solving the following basic inferenceproblem: Given: RCC
relations R(a;b) and S(b;g. Question: Which relation T holds between a and
c? The table thus lists, at column for base relation R and row for base relationS, the
possible values forT. In general, T will not be a base relation, but a set: fTq;:::Thg.

An RCC network RCC (viewed as set of rst-order ground atoms) containing only
base relations is said to be consistent i it satis es a numbe of rst-order sentences:

RCCP= RCC |
f8xy;ZR(Y) " S(y;2) ! Tulxiz) . _ Ta(X2) |
W R S=1fT1;:::;Thg2RCG g |
f8X; Y \Wr2ree ROGY)T [
f8XY: rsarccires ROGY) N S(Xy)g [
f8 x:EQ(X;x)g

For example, the network RCC= fNTPP (a;h); DC (b;9; PO(a; c)g is inconsistent, be-
cause ifa is contained in b (atom NTPPI (a;b)), and b is disconnected fromc (atom
DC (b;9), then a must be disconnected fromc as well. The RCC8 composition ta-
ble contains the axiom NTPP DC = DC. Thus, RCC° g DC(a;c), which con-
tradicts P O(a;c), due to the JEPD property. Entailment of RCC relations or RCC
ground query atoms can bereduced to inconsistency checking:RCC® E R(a;b) i
S[ (fEQ;DC;EC;PO;TPP; TPPI ;NTPP;NTPPI g nR) is not consistent. An
RCC network is consistent i at least one of its con gurations is consistent. A con-
guration of an RCC network is obtained by choosing (and adding) one disjunct from
every non-base relation in that network. Thus, a con guration contains only base rela-
tions. Consider nowRCC= fNTPP (a; b); DC (b;9g. We have RCC’F DC (a;c), since
RCA[f (EQ_EC_PO_TPP _TPPI _NTPP _NTPPI )(a;c)gis inconsistent, because
its con gurations RCC[f EQ(a;c)g...RCC[f NTPPI (a;c)g are all inconsistent.

Since the RCC substrate de nes a notion of logical entailmety the semantics of
the RCC relations will be correctly captured for query answeing: Consider the hybrid
substrate (A;RCC )

A = fhamburg: german_city; paris : french _city; france : country; germany : country g

with
RCC= fNTPP ( hamburg, germany); EC( germany; france); NTPP ( paris; france)g
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and with the obvious (trivial) mapping
= f(hamburg, hamburg); (paris; paris); (france; france);(germany; germany)g:
Then, the query
ans(?city 1; 2city 2)  city (?city 1); city (?city 2); DC (? city 1;? city2)

will correctly return

?city 1 = hamburg; ?city 2 = paris, and vice versa, even thoughDC ( paris; hamburg)
is not explicitly present in RCC Thus, unlike the [ relation for the SBox which only
requires model checking, \spatial inference" is required dr query answering on the RCC
substrate.

4 The nRQL ABox Query Language

The nRQL ABox QL is now described in some detail here, since this is th€L which is
used and extended to a spatial QL in this paper.

At a rst glance, it will seem that nRQL s in a line of QLs which is closely related
to Horn logic (query) languages such as Datalog: After all,nRQL provides some form
of conjunctive queries. As such, one might criticizenRQL for not being \state of the
art in logic programming techniques". However, considerig nRQL as some-kind of non-
recursive Datalog with Negation is inappropriate and pragmatically misleading, since the
language has been designed under a di erent perspectiveadRQL is an instantiation of a
more general QL framework, thesubstrate QL framework We claim that this framework
provides more exibility and options for extensions than, for example, Datalog, and
demonstrate this in this paper. In order to support this claim, it is thus crucial that
we formally de ne syntax and semantics of nRQL resp. of the generic substrate QL
framework.

In the following we will use the concrete syntax ofnRQL A nRQL query consists of
a query headand a query body

(retrieve (?x ?y) (and (?x woman) (?x ?y has-child)))
has the head (?x ?y) and the body (and (?x woman) (?x ?y has-child)) . The
guery returns all mother-child pairs from the ABox which is queried. In a nutshell,
NRQL can be characterized as follows:

Variables and individuals can be used in queries. The variables range over
the individuals of an ABox (this is called active domain semanticy, and are bound to
those ABox individuals which satisfy the query. The notion of satis ability of a query
used innRQLis de ned in terms of logical entailment. A variable is bound to an ABox
individual i it can be proven that this binding holds in all models of the knowledge
base. Returning to our example query body(and (?x woman) (?x ?y has-child)) ,
?x is only bound to those individuals which are instances of theconcept womarhaving
a known child ?y in all models of the KB.

NRQL distinguishes variables which must be bound todi erently named individuals
(pre x ?, e.g., ?x, ?y cannot be bound to the same ABox individual) from variables
for which this does not hold (pre x $?, e.g., $?X, $?y). Individuals from an ABox are
identi ed by using them directly in the query, e.g. betty .

Di erent types of query atoms are available: these include concept query
atoms, role query atoms, constraint query atoms, and samesaquery atoms. To give
some examples, the atom(?x (and woman (some has-child female))) is a concept
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query atom, (?x ?y has-child) is a role query atom, (?x ?x (constraint
(has-father age) (has-mother age) =)) is a constraint query atom (asking for the
persons?x whose parents have equal age), an(same-as ?x betty) is a same-as query
atom, enforcing the binding of ?x to betty .

As the given example concept query atom demonstrates, it is pssible to use com-
plex concept expressions within concept query atoms. Regding role query atoms,
the set of role expressions is more limited. However, it is pssible to use inverted
roles (e.g., role expressions such gmv R) ) as well asnegated roleswithin role query
atoms. Note that negated roles are not supported in the congat expression language
of ALCQHI g+ (D ); thus, they are only available in nRQL For example, the atom (?x
?y (not has-father)) will return those bindings for ?x, ?y for which RacerProcan
prove that the individual bound to ?x cannot have the individual bound to ?y as a
father. If the role has-father was de ned as having the conceptmale as a range, then
at least all pairs of individuals in which ?y is bound to a female person are returned,
given male and female can be proven to be disjoint.

Complex queries are built from query atoms using the boolean constructorsand,
union, neg, project-to . This holds for all substrate QLs We have already seen an
example: (and (?x woman) (?x ?y has-child)) is a simple conjunctive query body.
These constructors can be combined in an arbitrary (orthogoal) way to create complex
gueries. This is why we callnRQL an orthogonal language.

The neg operator implements a negation as failure semantics (NAF): (neg (?x
woman))returns all ABox individuals for which RacerProcannot prove that they are in-
stances ofwomanThus, (neg (?x woman)) returns the complement set of(?x woman)
w.r.t. the set of all ABox individuals. If used in front of a ro le query atom, e.g.(neg (?x
?y has-child)) , then this returns the complement of (?x ?y has-child) (w.r.t. to all
pairs of ABox individuals), i.e. all pairs of individuals which are not in the extension of
has-child in all models. The semantics ofnRQL ensures that DeMorgan's Laws hold:
(neg (and a;::: a,)) is equivalent to (union (neg ai) ::: (neg an)) .

Note that (?x (not woman)) has a dierent semantics from (neg (?x woman)),
since the former returns the individuals for which RacerProcan prove that they are not
instances of woman, whereas the latter returns all instances for whichRacerProcannot
prove that they are instances of woman.

Support for retrieving told values from the CD: Suppose thatage is a
so-calledconcrete domain attribute of type integer. Thus, the age attribute llers of a
certain individual must be concrete domain values of typeinteger . We can use the
following query to retrieve all adults as well as their ages:(retrieve (?x (told-value
(age ?x)) (?x (min age 18)))) , and a possible answer might beg(((?x michael)

((told-value (age michael)) 34))) . Please refer to [WMO05, KG06] for more details
and the design rationale.
Support for CD constraint checking : The so-calledconstraint query atoms

allow one to \compare" concrete domain attribute llers of d i erent individuals. Con-
sider the query

(retrieve (?x (told-value (age 7?x)))
(and (?x (and woman (an age))) (?x ?y has-child)
(?y ?y (constraint (has-father age) (has-mother age)
(<= (+ age-2 8) age-1)))))
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which returns the list of women and their ages. The women areequired to have children
whose fathers are at least 8 years older than their mothers. bte that (has-father age)
denotes a \path expression™: starting from the individual bound to ?y we retrieve the
value of the concrete domain attribute age of the individual which is the ller of the
has-father role (feature) of this individual. In a similar way, the age of the mother
of ?y is retrieved. These concrete domain values are then used astaal arguments
to evaluate the compound concrete domain predicat¢<= (+ age-2 8) age-1) . Here,
age-2 refers to (has-mother age) , and age-1 refers to (has-father age) . Note that
the suxes -1, -2 have been added to theage attribute in order to di erentiate the
two values. Obviously, this mechanism is not needed if the v chains are ended by
di erent attributes.

Special support for querying OWL documents , €.g., retrieving told datatype
value llers of OWL datatype and OWL annotation properties. Retrieval of these
datatype values is supported in a similar style as in the conete domain case, by means
of concept query atoms and head projection operators. We doat go into detail here,
please refer to [KGO06].

The body projection operator ( project-to ): Sometimes this operator is
required in order to reduce the \dimensionality" of a tuple set, for example, before
computing its complement with neg.

Let us motivate the necessity for such an operator: Considefretrieve (?x) (and
(?x mother) (?x ?y has-child))) . This query returns all mothers having a known
child in the ABox. Now, how can we query for mothers which donot have aknown child?
Our rst attempt will be the query (retrieve (?x) (and (?x mother) (neg (?x
?y has-child)))) . A bit of thought and recalling that (neg (?x ?y has-child))
returns the complement set of (?x ?y has-child) w.r.t. the Cartesian product of
all ABox individuals will reveal that this query doesn't sol ve the task. In a sec-
ond attempt, we will probably try (retrieve (?x) (neg (and (?x mother) (?x ?y
has-child)))) . However, due to DeMorgan's Law andnRQLs semantics, this query
is equivalent to (retrieve (?x) (union (and (neg (?x mother)) (?y top)) (neg
(?x ?y has-child)))) { rst the union of two two-dimensional tuple sets is con-
structed, and then only the projection to the rst element of these pairs (?x) is re-
turned. Obviously, this set contains also the instances whih are not known to be
mothers, which is wrong as well. Thus, the need for the projeion operator be-
comes apparent: (retrieve (?x) (and (?x mother) (neg (project-to (?x) (?x
?y has-child))))) solves the task. This body projection operator was not preset
in earlier versions of NRQL, special syntax was introduced to address these problems,
namely the special unary atoms(?x (has-known-successor has-child)) , (?x NIL
has-child) and (NIL ?X child-of) . These atoms (which still work) can now be
seen as \syntactic sugar" for the bodiegproject-to (?x) (?x ?y has-child)) , (neg
(project-to (?x) (?x ?y has-child))) and (neg (project-to (?x)
(?y ?x has-child))) . The project-to operator can be used at any position in a
query body.

We can now de ne syntax and semantics ofnRQL Please note that all substrate
QLs share in principle the same syntax and semantics, onhatom (and possibly also
head projection _operator) are rede ned appropriately, as already mentioned:
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De nition 5 (Syntax of nRQL) A nRQL query has ahead and a body.
A head can contain the following (note that f ajbg representsa or b):

head := (headentry )
object := variable j individual
variable := a symbol beginning with \ ?"
individual := a symbol
head entry := object] head_projection _operator

head_projection _operator (cd_attribute object) j
(told-value ( cd_attribute object)) |
(told-value (  datatype_property object)) |

(annotations ( annotation _property object))
The body is de ned as follows:

body := atom j( fandj uniongbody ) j (neg body) |
(project-to ( object ) body)

atom := (object conceptexpr) j (object object roleexpr) j
(object object(constraint  chain chain constraint _expr)) j
(same-as object objec)

chain := (role_expr cd_attribute)

The \bridge" to the RacerProsyntax is given by the following rules:

a RacerProconcept, with some extensions for OWL
a RacerProrole or the special role equal j
(inv role_expr) j (not role_expr)
a (possibly compound) RacerProconcrete domain
predicate, e.g.(< (+ age-1 20) age-2)

cd_attribute := a RacerProconcrete domain attribute
datatype_property a RacerProrole used as OWL datatype property

conceptexpr
role_expr

constraint _expr

Note that nRQL permits the use of negated roles in role atoms, as well as thescial
role equal . The equal role can only be used innRQL, not in ALCQHI g+ (D ) concept
expressions. The semantics ofqual is xed: equal' =ger ID . 1+ = fhijiij i2 'g

De nition 6 (Semantics of NRQL) Let A be a RacerProABox, and T denote its
associated TBox. Denote the set of individuals used irA with Indsa.

Let g be anRQL query body. The function varqq) is de ned inductively:
var(Xx conceptexpr)) =g4ef fXg, varg(xi Xy role_expr)) =gef fX1;X20,
varq(x1 X2 (constraint ...)) ) = gef FX1;X20,
var(f and | union | neg g O1:::Gn)) =def 1 | mVardqg), BUT
var(project-to ( X1:::Xm) :::)) =gef TX1:::Xm@g. Thus, vars\stops at projections".

with 1 ij n foral 1 | m. Then we denote the setT® of m-ary tuples
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Let b= Hu;:::;bi be abit vector of lengthn, by 2f0;1g. Let m n. If Dis a bit
vector which contains exactly m ones, andB is a set, T is a set ofm-ary tuples, then
the n-dimensional cylindrical extension T%of T w.r.t. B andBis de ned as

TO=yger fhiv;iz:inij hjyiijmi2T ;1 1 m;1 k n

with iy, = j; if be =1,
and by is the Ith one (1) in B,
otherwise,ix 2B ¢
and denoted by g, ., i (T). For example,
fapgo;1;0,1i (X yig) = fhasx;a;yi ;ha;x; byyi shb; x;a;yi ; Ho; x; b; yig.

We denote ann-dimensional bit vector having ones at positions speci ed ly the index
set | 1:::n asy; . For example, 45135 = hl;0;1;0i. Moreover, with ID n.g we de-
note the n-dimensional identity relation over the setB: ID .5 =gef ThX; {z ;xi j x2Bag:
The semantics of anRQL query is given by the set of tuples it returnsn if posed to an
ABox A. This set of answer tuples is called the extension off and denoted by gF.

In order to simplify the speci cation of the semantics, the query body g rst un-
dergoes some syntactical transformations. In a rst step,q is rewritten by consistently
replacing all its individuals with representative (fresh) variables throughout the body:
If the individual i has been replaced with the variablex;, then we also add the conjunct
(same-as Xx; i) to q, yielding a body of the form (and q (same-as x; i) :::). In a
second step, the role chains (see syntax rulehain) possibly present in constraint query
atoms are decomposed. This means they are replaced by conjctions of role query
atoms such that only concrete domain attributes remain in ctains of constraint query
atoms. Fresh variables are used for this purpose.

We can now de ne the semantics of the di erent query atoms, béng part of q°. Keep

of variables returned by vargqY. The semantics for the di erent nNRQL query atoms is
given as:

(%2 conceptexpr) & = gef Indsa ;Imig(conceptinstance(;A;conceptexpr))
(g g rolen_expr) ® Sdel ndss 1,1, o (TOle-pair{A; role_expr)); if i &
(42 o roleexp)® =det g, 1, 1, (role-pairgA; role_expr) \ 1D 2nas, )
(same-as ¢ ind)® =ger e, 1,11, (fiNdQ)
(same-as ind G2)% =def  jngs, 1,,,,,(FiNAQ)

(same-as QQ, q)?,)E = def Inds I 1 g(lD 2indsy ); If 16 ]

(same-as 0F &0)° =def  jngsy sz, i, (1D 2ndss)

(2 qf (constraint attrib 1 attrib 2 P)) & = ger

Indsy i1, 11, o (PredicatepairgA; attrib 1; attrib 5; P)); if i 6

(a2 o (constraint attrib 1 attrib , P)) & = ger
g(predicatepairs(A;attrib p;attrib 2;P) \ ID 2:nds, )

Indsa ;In; fi

10€ Empirically Successful Computerized Reaso



This de nition uses some auxiliary functions, providing th e bridge to the classical ABox
retrieval functions o ered by RacerPro These functions have the standard DL semantics
in terms of logical entailment:

conceptinstances$A ; conceptexpr) = ges
fiji2Indsa;(A;Ta) F conceptexpr(i)g
role_pairg A ; role_expr) = get
fhi;jij i;j 2 Indsa;(A;Ta) F role_expr(i;j)g
predicatepairg A; attrib 1; attrib 2; P) = get
fhi;jij i;j 2 Indsa;(A;Ta) F
9x;y : attrib 1(i; x) ~ attrib 2(j;y) * P(X;y) g

Moreover, a nRQL role expression (ole_expr) can also be anegated (or inverse) role.
In the case ofrole_expr = equal we have A;Ta) F equal(i;j)i i' =j' inall models
( '; ") of (A;Ta), and in the case ofrole_expr = : equal we must havei' 6 j' in
all models. The predicatesP are made from the vocabulary o ered by RacerProfor
building CD predicates (e.g., < (+( age; 8); age;) is a CD predicate with free variables
age;age, and + is a functor with the standard semantics).

The semantics of complexnRQL bodies can be de ned easily now:

(and qu:::G)E = gef Sl iqu

(union ch:::G)E =ger g4 OF

(neg o) =ger (INds)"ng

(project—to( Xil;q:::xik§q) q)E = def Hl;:::;iki(qE)

So far we have speci ed the semantics of a query body. To get #gnanswer of a query, the
head has to be considered. This can be seen as a further projectiaf g to the variables

mentioned in the head. If the head contained an individual, ten this individual has also
been replaced by the representative variable in the head. I& head projection operator is
encountered, the functional operator is applied to the bindng of the argument variable.

The value is included in the query answer (producing nested imding lists); a more

formal de nition of this function application is omitted he re.

5 Hybrid Spatio-Thematic Queries

According to the discussion in Section 3, we are either using single ABox A (option 1),
a (hybrid) map substrate (SBox; A; ) (option 2), or or a hybrid substrate (A;RCC )
(option 3) for DISK representation in the DLMAPS system. nRQL s used in all settings.
We already explained how we make a substrate QL such asRQLhybrid: A hybrid query
uses now two kinds of query atoms, those fo8;, and those forS,. Variables / individuals
in atoms for S, are simply pre xed with *. Then, in a query body, any combination
of atoms for S; and S; is permitted, and variables are bound in a -consistent way, see
Page 11.

Basically, all substrate QLs share the samebody syntax (Def. 5). The atoms are
substrate speci c, as explained. Also the head projection perators can be specic. The
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semantics of complex query bodies in Def. 6 is shared by all bgtrate QLs. However,
each specialized atom must de ne its own extension by meansfahe dedicated F rela-
tion; e.g., for an arbitrary atom, its extension atom® must be de ned (w.r.t. substrate
S). That's all. For a hybrid query language, we additionally r equire that the computed
binding tuples respect the -function, that is, computed bindings must -consistent. We
do not go into formal details here.
Which spatio-thematic QL is now applicable for the di erent representation options

in the DLMAPS system?

For option 1:  We can only use plainnRQL, as explained.

For option 2: The resulting hybrid QL is called SnRQL It provides the following
spatial atoms in addition to nRQL

RCC atoms: Atoms such as(?x ?y (:itppi :ntppi)) etc. Spatial prepositions
such as:contains, :adjacent, :crosses, :overlaps, :flows-in are available.
Distance Atoms: (?x ?y (iinside-distance <min> <max>)) , where <min>,

<maxspeci es an interval [min; max]; NIL can be used for 0 respl (this applies to
the subsequent interval speci cations as well). For exampé, the extension of(i ?x

(:instance-distance nil 100)) consists of all SBox objects which arenot further
away than 100 meters from. Either the shortest distance or the distance of the centroic
of these objects can be used for distance computation.

Epsilon Atoms: (?x ?y (iinside-epsilon <min> <max>)) . With that atom,
all objects ?y are retrieved, such that ?y is contained within the bu er zone of size
[min;max] around ?x. This buer zone consists of all points (x;y) whose shortest
distance to the fringe of ?x is contained within [min ; max].

Geometric Attribute Atoms: Atoms regarding geometric attributes, e.g. length
and area: The extension of?x (:area 100 1000)) consists of all polygons whose area
is in [100; 1000]. Alscllength is understood.

Moreover, simple type checking atoms such ag?x :is-polygon) , (?x :is-line)
etc. are available.

To give a nal example, consider this ShnRQLquery in concrete syntax which selects
an appropriate home for a millionaire:

(retrieve (?villa ?living-area ?golf-club ?church)
(and (?*living-area (and living-area
(or (all classification first-class-area)
(string= name "Beverley Hills")))
(?living-area ?villa :contains)
(?*villa (and villa (all status for-sale) (> has-price 1000 0000)
(some has-comfort swimming-pool)))

(?church ?living-area (:inside-epsilon nil 200))
(?living-area ?golf-club :adjacent)
(?*golf-club (and golf-club (all members millionaire)))) )

The extensions of the atoms are computed on the y from the gemetry with spatial
inspections methods (see Page 5). As argued, this can be understood as a kind of
(spatial) model checking.

For option 3, the resulting hybrid QL is called nRQL + RCC atoms. This language
can only o er RCC atoms, since the geometry of the map is not reresented. The syntax
of the SnRQLRCC atoms is identical to the RCC atoms just discussed.
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6 Conclusion

Building ontology-based IS with enabling DL technology is anon-trivial task, especially
for IS in non-standard domains such as the one considered her The space of design
decisions is very large. Since decidability is not always esy to achieve it is thus of even
more importance to identify pragmatic and practical solutions which, even though if
they do not exploit or advance the latest theoretical state-of-the-art techniques in DL
research, can nevertheless be considered an advance w.ttte current state-of-the-art of
IS technology and provide guidance and \road maps" for simiar designs. We claim that
our framework for building pragmatic combinations of specalized representation layers
(including DL ABoxes) for which orthogonal specialized sulstrate QLs can be de ned
provides a great deal of exibility for building similar ont ology-based IS. Moreover, the
implemented functionality is available for other users andsystem designers. Thus, we
believe that these pragmatic solutions can be called empically successful. DLMAPS can
be found under http://www.sts.tu-harburg.de/~mi.wessel/dimaps/dima ps.html.
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