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Abstract. There is a commonly accepted need for contexts and Contextual data can be viewed as being part of a spectrum where
ontologies to describe the vast amounts of data that are available ttata modelled by ontologies lie at one extreme, data modelled by
pervasive computing applications. Existing contexts and ontologiesontexts lie somewhere in the middle, and data without an explicit
are either much generalised, very application specific, or inflexiblemodel lie at the other extreme. In an effort to clearly illustrate this
An integrated approach is required in which new concepts can bepectrum, we propose the concept aegmantic spheref pervasive
added and related to existing ones transparently. This paper describggstem data (see figure 1). In the semantic sphere we define a set of
a novel approach to the design of a set of contexts and ontologiesindamental ontologies for pervasive systems. We call this set the
for context-aware pervasive computing systems. It descrieseay ~ coreontology. The core ontology describes the principle concepts in
Service that lies between applications and contextual information,a pervasive computing environmentvho, whereandwhen More
which complemented by the contexts and ontologies, offers a morprecisely, these are: the entities that are in the environment (people,
powerful query answering service to application developers than isensors, etc.), the locations of interest, and the times of interest, re-
currently available. spectively. All remaining data are viewed as being somewhat less
general and are modelled usiagplication contextgfor example,

) weather and music), or not modelled explicitly. Within the semantic

1 Introduction sphere, a class definition in a context or ontology can be viewed as

. . . . a hook By creating an instance of one of these classes, contextual
Pervasive systems are interactive systems, whose behaviour mygtoimation is effectively hooked onto the context or ontology. Our

adapt to the user's changing tasks and environment using differeni,eyts and ontologies are designed in such a way that semantically
interface modalities and devices [8]. In order to be able to adapt taq i alent contextual data can be found regardiess of their syntax,
its environment, the pervasive system’s applications and the ENVINONeng coarser levels of abstraction can be inferred from finer ones.
mental sensors must have a common understanding of the contextud},\sequently, the scope of an information search is broadened us-
|nformat|0n. For this purpose, .contexts. and ontologies are vital. Wer'ng simple relations. In this paper we also present the Query Service
view an ontology_ as an explicit modelling of the fundamental C‘_’”'(QS) that has been developed so that high-level application queries
cepts of a domain that may be shared and reused. A context is g4, he handled transparently, and results of the appropriate level of
explicit model of the secondary concepts in a domain. Itis more Spezpgiraction and representation are returned to the application.
cialised than an ontology_ but can stil b_e shared and reused. Our design approach delivers contexts and ontologies that are
To date, most ontologies for pervasive systems have been devefe|_gefined and flexible. Sensor developers can hook contextual
oped in a top-down manner in which the main focus is on application, s onto, or extend, an existing context or ontology. They can be eas-
semantics. This leads to ad-hoc models which are neither extensyy 5 janted to different applications and environments. Once hooked,
ble nor support interoperability [12]. On the contrary, they shouldy,e contextual data is put into a distributed store, and applications can
be flexible in their design to support a wider range of applications,cess it independently of the sensors. The novelty of this approach
and environments. Moreover, the current approach to modelling cong ho organisation of the ontologies. This, along with a powerful QS,

textual data is to give it a single representation in contexts and Ongjj| pe very useful for the building and supporting of a large number
tologies. However, it is evident that sensors acquiring conceptuallyy¢ - text-aware applications

equivalent data provide different representations of such because of Our work is built within a framework called Construct, a fully-

their nature; issues such as accuracy and heterogeneity necessitajiesyinted and decentralised context aggregation infrastructure for
that the data provided by these sensors are represented differently, o jve computing environments [15]. Construct consists of a num-
At a common level of abstraction these representations are CONCeRg, of nodes that aggregate contextual data. Each node has its own
tually equivalent. The need to incorporate such relationships into th@a¢s_store, and sensors register themselves with a node and inject
design of contexts and ontologies should be recognised and is thig, jnto it. Construct nodes gossip [6] amongst themselves to main-
the primary focus of this paper. Dealing with this issue at de&gnhmetain a global model of the system as a whole. All information is
can be instrumental in the run-time inference of unknown facts fron}epresented using RDF as the underlying data model. Applications
known contextual data. therefore see a soup of contextual data derived from sensors and can
1 This work is partially sponsored by Science Foundation Ireland under gran?“:_ceSS it through the QS. High-level queries are passed to _the QS
numbers 05/RFP/CMS0062 and 04/RP1/1544. Adrian Clear is funded by &1sing RDQL (RDF Data Query Language) [14]. The low level infer-
joint IBM/IRCSET EMBARK scholarship. ring is handled transparently and application-interpretable results are

2 The authors are with the Systems Research Group, School of Computegiyrned. A model of this process can be seen in figure 1.
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erences which “support the declarative specification of interest in a
set of CTK components through a general query package”. Refer-
ences process queries to discoverers and automatically subscribe to
any components that match. Like our approach, the low level queries
are handled transparently.

Khedr et al [12] introduces context-level agreements into a mul-
tiagent pervasive computing environment. They allow user agents to
specify context that is relevant to them so that the context manage-
ment agent can subscribe to the appropriate context providing agents
in order to have the appropriate context delivered.

All three systems support a high-level query language that decom-
poses requests into satisfiable responses and then returns a response
to an application’s request without the application needing to know
the details of how the infrastructure is satisfying the response. How-
ever, there is no effort to structure the semantics of the context data
to provide a more powerful query service.

Similar to the work from Chen et al on SOUPA (Standard Ontol-
ogy for Ubiquitous and Pervasive Applications) [4], we use the Web
Ontology Language (OWL) [3] to model our ontologies. The distinc-
tion that we make between the application contexts and the ontolo-
gies is closely based on the divide that exists in SOUPA between

The rest of this paper is organised as follows: Section 2 brieflySOUPA Core and SOUPA Extension. Although the models that they
illustrates the related work in the area along with the semantic welglefine are quite extensive, we take the approach of organising our
technologies that our approach depends on; in Section 3 we introdugtologies more effectively while keeping them simple. We also use
the ontologies that are defined for the pervasive computing domaidena [1] which is a semantic web framework for java.
and describe some specific application contexts; Section 4 describes
how thg dat.a repres.entedlln these ontologles' and contexts.are o8- contexts and Ontologies for Pervasive
verted into information suitable for consumption by pervasive ap- Combputi

- . . . . puting
plications. This process is demonstrated with an example location-
based application in Section 5. Finally, in Section 6 we conclude thé&dumerous ad hoc ontologies have been created for pervasive com-
paper and give some directions for future work. puting systems to date. They have been designed with the primary
goal of providing a semantics for contextual data so that a common
understanding can be given to data from heterogeneous sensors along
2 Related Work with entities in the pervasive environment. The goal of this work is

This paper addresses the issues of context modelling and context d€ not only develop such a semantics for contextual data, but also to
cessibility in context-aware pervasive computing systems. The are@€Vvelop our ontologies in a way in which they can be efficiently rea-
has attracted attention recently and some seminal approaches that fned about. The hypothesis is that different applications may require
cus on the same issues have emerged: Firstly, the work carried otfte same contextual data, but in different representations or levels of
by Heer et al on the liquid extension to the Context Fabric [10, 11]abstraction. By adding a structure to our ontologies, using relations
consists of a query service which supports distributed, continuougetween their contents, this reasoning over data can be done at a
query processing for context data. They introduce the notion of afower level and will thus be transparent to the application developer.
infospace which is a logical storage unit that may be centralised or The three core ontologies @fhere whenandwho are described
decentralised. Once context is sensed, it is added to the appropridfethis section along with their general properties and relationships.
infospace. Context is stored in infospaces using tuples consisting dfhese ontologies form a base model that is general enough to be
types and values. The value can be a basic value or another infogsed in a range of pervasive computing applications. An overview
pace allowing queries to be structured as a concatenation of differe®f the application contexts along with a description of the relations
types. Thus, to resolve a query involves the traversal of a string ofised in the contexts and ontologies to achieve equality and levels of
tuples. There are drawbacks to this, however. The user is require@ostraction are also given.
to know the structure of the infospaces and the types of their tuples
in order_ to make a query. Also, there is no men_tion_ of a commonz 1 The Where Ontology
semantics for types that tuples may contain making interoperability
difficult. Thewhereontology describes the concept of location in a pervasive
Another related concept is that of the Enactor extension to the&eomputing environment. A location may be defined as a p&@ot (
Context Toolkit (CTK) [13, 9]. The CTK introduces Widget com- ordinate or as a region§pacé. Figure 2 shows the hierarchy of
ponents which are structures that encapsulate a particular type @dcation types that are possible. Locations may be either physical,
context acquiring sensor, for example, a location sensor. Each Iee.g. a set of GPS coordinates; or symbolic, e.g. “RivadelGarda”.
cation sensor will have the same interface, be they an internal RF Locations may be related to each other in ways that declare equiva-
location system or GPS. This, however, allows only one level of abience, e.gRivadelGarda=GPS (45.88,10.82) and contain-
straction per interface. The Enactor, which encapsulates some apient, e.gRoomA007 isContainedin CS-Building
plication logic, obviates the application developer from having to Section 5 gives an example of how these mappings are used to
subscribe to each widget manually. It consists of a number of Reftransform location data from multiple contexts into a single result at

‘ Application Layer ‘

‘ Query Service ‘

information soup

Figure 1. Contexts and Ontologies within Construct



@ SymbolicLocation | ® PhysicalLocation | specific to be modelled in an ontology. We have.def.ined application
contexts for data from a number of diverse applications that we are

working on. These include weather data, flight data and music data.

These contexts are stored in a catalogue of data models and are avail-

| | o -
able as hooks for application developers who wish to access the data

of that type that are in the data store.

Figure 2. ThewhereOntology 3.5 Transitivity and Equivalence

Contextual data can be modelled using set-theory. Referring to our
the correct level of abstraction in response to a query from an appli(-:ore ont(_)lnogies anc_i application con_tgx_ts, two relgtions in particu-

. lar are critical to their structure; transitivity and equivalence. Conse-
cation. quently, there exists the notion of transitive and equivalence relations
on elements of sets.
3.2 The When Ontology In mathematics, a binary relatiddover a sei is transitiveif it

] ) ] ] holds for alla, b andcin X, that ifais related td andb is related to

The whenontology defines the concept of time in pervasive cOm-¢ thena s related tec. Transitive relations strengthen the reasoning
puting environment. Figure 3 illustrates this hierarchy. Time maycapapilities and are invaluable for certain ontology structures. For
be declared as an instaringtantTimg or as a range of time (€.9.  example, thavhereontology is naturally modelled using transitive
TimeRegiop Time may be declared as being either symbolic, €.9.re|ations between different levels of abstraction of contextual data.
Yesterday ; or physical, e.9.00:28, Friday 7th April Rooms are contained in floors which are contained in buildings, so
2006 . Again, there is an equivalence relationstipneRegiorex-  ha¢ 4 result for an application query for a high level of abstraction
presses a period of time in a tupledfom, to> . \We define three  g,ch a5 “What building..” can be inferred from lower level represen-
relationships for timeequals before andafter. tations of the same content.

The equivalence relation is a little simpler. An equivalence rela-
[© SymbolicTime J<———| © PhysicalTime ] tion on a sek is a binary relation oiX that is reflexive, symmetric,
and transitive and it is used to group objects that are similar in some
sense. Taking thevhereontology as an example, symbolic names
for locations are equivalent to their corresponding physical represen-
tations. Furthermore, in theho ontology, theldentity instances of
an Entity are equivalent representations of the Entity.
To demonstrate the usefulness of these relations alone, a general
Figure 3. ThewhenOntology query for a building name can be derived frdm y, z) coordinates
sensed by a tag-based location system by inferring the physical loca-
tion that contains the coordinate (at a building level of abstraction)
and finding the equivalent symbolic name.

3.3 The Who Ontology 4 Query Service

Thewhoontology is different from thevhenandwhereontologies. It The Query Service (QS) is a layer that sits between the application
describes an agent that inhabits a pervasive computing environmenéyer and the data-store. It provides an interface to the application
e.g. a human user, intelligent agent or sensor.\Wheontology has  to make high-level queries on the store, and returns the results to
only one hook: arEntity. EveryEntity in the system will be attached  the application in the correct level of abstraction. In order for sensor
to this hook and will be uniquely identified. Ea@mtity must con-  developers to take advantage of the QS functionality, they can make
tain one or morddentity classes which are represented as attributesyse of the existing ontologies and contexts so that their contextual
with values. Any piece of contextual data that identifies an agent dedata can be represented with the appropriate semantics and relations
clares itself to be representative of this token, e.g. in a tag-based Igyetween levels of abstraction. The ontologies and contexts mentioned
cation application the tag ID is mapped to kientity attribute of  in the previous section make such a tool possible.
the corresponding usé&mtity. Instances of thevhoontology can be The QS consists of three main components; the Query Handler,
mapped to further, less general, contextual information such as a pefhe Query Executer and the Query Service Reasoner:
sonal profile. Thus, by traversing the equivalence relations between The Query Handler is the query interface that the QS provides
Identity classes, any representation can gain access to contextual ity the applications of the system. Any application can use the QS
formation regarding the agent in question. by sending a high-level query to the Query Handler. When an ap-
In Section 5 we demonstrate how three representatldestitiey  plication makes a query, the Query Handler must first determine the
of a user from three different sensors are mapped together allowingnownandunknowrfacts of the query. The unknown facts are those
an application to benefit from access to each of the contexts. that the application is requesting and the known facts are those that
the unknown facts are requested in relation to. For example, take the
query “What room is Bob in now?”. In this situation, the unknown
fact is the room and the known facts are Bob (the subject) and Tues-
Besides these core ontologies, there exist many other types of datky, 11th April, 10:03am (the time that the query is made at). The
that are reusable in a pervasive environment. However, they are tawext step is to find the different representations of the known and

3.4 Application Contexts



unknown facts, and query for each representation of the unknown’s Ubisense [2] sensors generate coordinate location data for each
using the known ones as filters on the results. The Query Executer is tagged user with a peak level of abstraction of 30cm in 3D space.
handed all of the derived queries and the results are returned to the Bluetooth location sensors which can track location to approxi-
QS Reasoner. mately ten metres. This provides a room-level abstraction to the
The Query Executer The purpose of the Query Executer is to  data-store.

execute all of the low-level queries that are passed to it from thes Activity sensors determine whether an individual is located at a
Query Handler. The Executer queries the data-store and passes thecomputer by checking whether they are logged in and active at the
results on to the Query Service Reasoner so that it can then infer terminal. This sensor also provides a room-level abstraction.
further information that the application requires. Virtual sensors may
be used to derive properties that are not explicit in the contexts an

ontologies. For example fasLocatiorproperty can be derived from

a higher level notion of a sighting. A sighting might introduce three sensor generates raw data that looks as followeglp=tag184,

predicate triples to the data-store; one stating the person, one statiﬁ'g]e=30/03/2006 13:22:13, x=13.28, y=11.82,

the time, and another stating the location. z=0.35 _). These data are hopked to the cuiteo, When_andwhere
The Query Service ReasonefThe basic results returned by the ontologies as followstagID is hooked onto theédentity class of

Query Executer may not be of the level of abstraction required b)}he who ontology; time is hooked onto thenstantTimeclass of

the application. The job of the Reasoner is to reason about the resulttlge whenontology, an_dx=13.28, y=11.82, z=0.3%ve collectively
ooked onto th€oordinateclass of thevhereontology.

so that, if possible, they can be moulded into the representation r@- Wh licati K i lating t s |
quired by the application. Currently, only bottom-up inferencing is . €n an application asks a question refating to a persons loca-

. . . i H H o
supported as top-down inferencing would produce ambiguous or &{é{?n' €.g. (;Nhit roomtls Bob |ndnow. ' tthe Que_rty tl;:andler te_lkeF?DtheL.
perfluous results (e.g. a building reasoning about what is containe own and unknown terms and generates a suitable query in RDQL:

in it could return numerous rooms). Finer levels of abstraction carfSELECT ?location WHERE

be generalized to coarser ones using the relations from Section 3.3.person alsoKnownAs Bob

From the query, the Reasoner knows the type, level of abstractioRtime after (currentTime — 5)
and representation that it must match. Using the ontologies and corex hasTime ?time

texts as a reference, this match can be inferred from different repré2x hasldentity ?person
sentations and finer levels of abstraction. In the above example, thex hasLocation ?location
tag-based location system may return a coordinate which, using the
whereontology as a reference, can infer that the coordinates are ipe
a particular room which, in turn, is in a building as these physical

spaces are defined by a set of coordinates. lowing format: (Bob, 30/03/2006 13:22:13, (13.28,

Currently, a simple custom-inferencer has been implemented 191 82 0.35) . These results are passed to the Query Service
reason over equivalence and transitive relations in order to seek oﬁeasc’)ner

the required levels of abstraction. Referring to tieere ontology,
one of the transitive relationsisContainedInEquivalence relations

Each of these sensors insert data into the data-store which have
ﬁ1e propertieshasLocationhasTimeandhasldentity The Ubisense

The Query Executer executes this broad query. At least three
sults will be found (one for each active sensor). The data
that came from the Ubisense sensor might come out in the fol-

The required level of abstraction for the location data response is
. ) .at the room level. In this example, two different levels of abstraction
can be deflned_over multlple types also. Fo_r example, a Symb()“%re returned; data at the room granularity (the data that originated
name of a location might t_)e equal to a physical represent_atlon O_f &t the activity sensor and Bluetooth sensor); and at the coordinate
location. They are semantically equal but they are syntactically dlf'Ievel (from the Ubisense sensor). The former results are at the correct

ferent. Consequently, a query returned for one representation can t'I)&/el and can be returned unaltered. However, the coordinate data
converted to another to be of use to the application. Using these rel%ust’ be raised from the coordinate level to the r,oom level

tions, the Reasoner references the appropriate ontology to Iocate_ theFigure 4 illustrates a series of steps that the Query Service Rea-

'Yoner goes through to process this inconsistent data in order to return
for. If the values returned by the Query Handle_r are not Syn_taCt"the correct level of abstraction to the application. The Query Ser-
cally correct the Rea}soner searc_hes fo_r an equivalence re""‘t"_)nsr\'}?ce Reasoner starts at the level of abstraction of the available data;
between the syniactic form that is reqw‘red and the form that is "€ this case coordinate data, and follows the transii@ontainedin
turned by the Query Handler. If one exists, the Reasoner then al

tracts th lue to th t level of abstracti ing the t it elation, defined in thevhereontology, to discover whether it is con-
stracts the value fo the correct level ot abstraction using the ransitive,; o 4 \yithin a definedpace The equalsrelation is also used to
ity relation. Once the level of abstraction is met, the representatio

) . . : "hove between physical and symbolic locations. These relationships

can pe mapped to the required syntactic form using the equwalenc(,gre followed until the resulting location maps to a level of abstraction

relation. that matches the original query (or it fails if there is no valid mapping
—i.e. the coordinate does not match a known room). In this example,

L the Query Service Reasoner returns the room called “RoomA007”.

5 Application This is done for all available data and the results are returned to the
application that made the original query.

To demonstrate the exchange of context data and ontology data in a

pervasive system, we introduce a Ic_)catlon-tracklng application thaﬁS Conclusions and Future Work

queries the data-store for the location of a user. It has a semantic

map defining the locations in its realm, and a list of the users of théhis paper describes a novel design approach to a set of core per-

system. Itis capable of making queries for the location of a user at theasive computing ontologies describing the conceptstod, where

level of abstraction of a room, floor or building. We use the following andwhen These ontologies are used to ensure interoperability be-

sensors to provide location data at different levels of abstraction. tween data from different application contexts. Data is accessed us-
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Figure 4. The process by which location data is abstracted to a higher level.
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ing a specialised query service that searches for and translates agata-store. In this way, the result to every satisfiable query is explicit

propriate data to the required level of abstraction for the query. Wen the data-store. This has its own problems, but would improve la-

demonstrate this interoperability with an application that queries foitency, which is paramount in pervasive systems. Truth maintenance
location data. This data has been collected from a variety of sensois also a factor in pervasive systems, whereby information is inferred
at different levels of abstraction. By using the tools in this paper therom lower level data. If this data is deleted or changes, it is important

application developer does not need to be concerned with translatirihat this inference is still valid.

this data.

We describe the core ontologies. However, developers may SNEFERENCES
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