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Abstract

All aspects of human activity are rooted in geographic
space in some respect. As a conseguence, many web re-
sources include references to geographic context. In order
to assist in recognising spatial terms employed in a query;, it
is proposed to use a geographical ontology. A geo-ontology
play a key rolein the devel opment of spatially-aware search
engine, with regards to providing support for query disam-
biguation, query expansion, relevance ranking and web re-
source annotation. This paper describes the geo-ontology
designed for the SPIRIT system, before focussing on the
problem of integrating multiple datasets for constructing
such an ontology. Smilarity checking of datasetsis an es-
sential step in the process of integration. The validity and
effect of the different measures are studied by building a
prototype geo-ontology utilising different datasets. The ex-
perimental results obtained confirmed the effect of quality
of the datasets and the importance of the flexibility of the
technique proposed for adjusting the similarity measuresto
handle such an effect.
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1 Introduction

The Worl d W de Web holds vast amounts of infor-
mation. However, users do not always get information they
expect when searching the web. One reason for thisis that
existing web resources are rarely augmented with semantic
annotation that describe their content, which would make
them more easily accessible to automated search facilities.
The Semantic Web is one of solutions that are proposed
to enrich Web resources with some well-defined meaning
(meta-data), and it is recognised that ontologies play a key
role by acting as a shared vocabulary for such meta-data.

As an effort to this direction, in this paper we study the
design and construction of ageographical ontology (or geo-
ontology) to assist spatial search on the Internet. This re-
searchis part of the SPI Rl T project [5]. The main motiva-
tion of SPIRIT isthat alarge portion of web resources may

C.B. Jones, A.|.Abdel noty}@s. cf. ac. uk

be regarded as geographically located. For example, many
Web documents report on activities that take place in some
locations on the Earth’s surface. However, existing web fa-
cilities are poorly adapted to find information that relate to
a particular location. When supplied with a spatial query,
atypical search engine only return web pages that include
that place name involved. Other web documents that are
associated to that place, e.g. that refer to placesin the prox-
imity of the subject place or are contained within it, may
also be of interest but usually not returned.

The potential of using geographical information to assist
spatial search hasbeen recognisedin literature[4, 18, 9, 19].
Most research is based on the use of a gazetteer in which a
place is normally represented by point locations. The lim-
ited spatial semantics associated with these approaches nar-
rows the scope of their ability to effectively retrieve useful
resources for spatial queries. This research studies how to
build ageo-ontology which playsacentral roleinintelligent
spatial search on the Web. It serves as a shared vocabulary
for spatial mark-up of Web resources. It facilitates disam-
biguation and interpretation of users queries. It also enables
the generation of spatial index to support efficient retrieval
of web resources as well as relevance ranking of retrieved
results.

The process of building the geo-ontology involves first
developing an appropriate underlying conceptual model to
support the required functionalities, and secondly populat-
ing the ontology with enough detail to realise its full po-
tential. The later task is a significant challenge especialy
when integration of several different data sources is in-
volved. Data for populating the geo-ontology may come
from a variety of sources, and they may differ in their un-
derlying structures, their accuracy and the levels of details
on representations of the places. This paper focuses on the
problem of building a geo-ontology and in particular the
challenge of utilising multiple data sources for its popula-
tions. The remainder of the paper is organized as follows.
The conceptual design of the geo-ontology is described in
Section 2. Section 3 reviews related work. An approach
for integrating multiple resources for constructing the geo-
ontology is reported in Section 4 and experimental results



are given in Section 5. Conclusions are given in Section 6.

2 The Conceptual Design of the Geographi-
cal Ontology

A spatia query in SPIRIT can be formalised as a triple
< what,rel, where > whereWhat specifies a general
non-geographic object; where specifies a query term which
is geographically referenced; rel is a spatial relationship
which relates the what and where terms. An example of
such a query is “universities near Cardiff”. In this section,
we investigate various uses of the geo-ontology in SPIRIT,
and present a conceptua design of the geo-ontology. Fig-
ure 1 illustrates how the geo-ontology communicates with

other components of SPIRIT.
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Figure 1. Roles of Geo-Ontology in SPIRIT

The metadata extraction component interacts with the
geo-ontology to recognise the presence of place names in
a document for geo-markup of web documents. Once the
annotation of Web documents is achieved, the search com-
ponent interacts with the geo-ontology to retrieve the ge-
ometric footprint associated with the places in documents.
These footprints will then be used for building up the spa-
tial index of the web collection. The user interface com-
ponent interacts with the geo-ontology to interpret users
gueries. The geo-ontology is first used to detect if there
are multiple occurrences of the place name involved in the
query. Once the place name is disambiguated, the query
is expanded using the ontology, and a new interpreted ge-
ographic search extent satisfying the spatial relationship is
derived. For example, if the query is*“ castles near Cardiff”,
then the spatial search extent may cover “ Caerphilly”, are-
gion near Cardiff. Finaly, the ranking component interacts
with the geo-ontology to measure spatial relevance of the
retrieved documents basing on the comparison of the query
footprint and the document footprint.

To fulfil the above objectives, we proposed a conceptual
design of the geo-ontology for SPIRIT. To meet the needs of
therecognition of the geographical terminologiesin the user
interface and for metadata extraction of Web documents, the
geo-ontol ogy encodes the vocabulary of place namesfor its
region of applicability. Multiple names are supported for

each place. This is necessary as a geographic place may
havevariant names, e.g. “Abertawe” and “ Swansed’ refer to
the same place. By maintaining multiple place names, the
ontology facilitates the retrieval of resources that employ
alternative place names to that in the query.

To support spatial indexing, query expansion and rele-
vance ranking, the geo-ontology maintains geometric foot-
prints associated with a place. More than one geometric
footprints for each place are supported, each one can take
the form of Points, Polylines and Polygons. Footprints of
different types can be used for different purposes, e.g. ade-
tailed Polygon may be used to build up spatial indexing of
documents, and a central point may be used by the interface
for plotting the search results in an interactive map.

To support spatial query expansion, the geo-ontology
maintains classification categories of places, such as coun-
ties, districts. Thisis because some relationshipsin spatial
gueries, e.g. near are fuzzy and may have different inter-
pretation according to the types of places involved. For ex-
ample, the near relationship in a query which searches for
“rivers near Westerminster” need to be treated differently
from one which searches for “rivers near Lancashire”. As
“Lancashire” isaCounty, its neighbourhood regionislarger
than that of “Westminister* which isaWard.

Finally, to disambiguate the place names involved in
queries, the geo-ontology encodes containment relation-
ships between places. This is useful as a place name may
be shared by multiple places. By using the containment re-
lationship, the geo-ontology is able to derive the broader
spatial contexts of a place. For example, using following
information, a user should be able to disambiguate which
“Newport” gheisinterested in.

UK, Wales, Newport
UK, England, Devon, NorthDevon, N ewport
UK, England, Leicestershire, Melton, N ewport

3 Related Research and Resources

Using geographical information to assist spatial infor-
mation retrieval has been pursued in several studies ci-
teRie02a,GMV993,STV01a,JAT0la. Most of these stud-
ies use gazetteers and geographical thesauri, such as
citeADL04a,Getty04a,NIMAO4a, to help handle spatial
search. The essential components for the majority of
gazetteersor thesauri are place names, geographic locations
and type designation for each place. Existing geographi-
cal datasets are useful to SPIRIT, however, they may not
be sufficient for the several reasons. Some datasets may
only cover a specific area of space, such as [14], whereas
theinitial aim of SPIRIT is to support spatial search in the
scope of Europe. Some datasets are specialized for en-
coding places of specific types, such as [15], whereas the



SPIRIT geo-ontology needs to encode places that occur at
multiple levels of detail ranging from continents and oceans
down for example to small villages and streets. Moreover,
datasets vary in the degree of semantic richness, e.g. in
some datasets a place is only associated with asingle name
[7], while in other datasets aternative names are also en-
coded [13, 3]. Finaly, datasets may also vary in the type
of spatial information stored for a place. In some cases,
detailed representation of object boundaries are available
[20], while in others abstracted representations in the form
of centre points, for example, are stored [8].

As aconsequence, a geo-ontology which satisfies the de-
sign and system requirement as described in Section 2 needs
to be constructed in SPIRIT. The construction of such ageo-
ontology requiresintegrating datafrom variousdatasets. An
available dataset for SPIRIT is the SABE dataset [7]. The
SABE isadigital map dataset representing the geometry of
administrative boundaries for Europe. The main advantage
of using the SABE is that it contains the detailed geomet-
ric footprints for each place it stores. However, the SABE
only encodes places of administrative type and very lim-
ited thematic information is modelled in the SABE. There-
fore using it as the single resource for constructing the geo-
ontology will make it impossible to fully interpret the types
of spatial query that SPIRIT intends to support. A possi-
ble dataset, which complements the SABE is the TGN [8].
The TGN isastructured vocabulary containing information
about places with a Global scope. Though each placein the
TGN is represented only by a point footprint, the TGN is
rich in the thematic information, i.e. it includes names of
physical and administrative places not only from the mod-
ern world aswell as from historical and linguistic origins.

The availability of diverse data resources in one respect
enables us to construct a geo-ontology required by SPIRIT,
but it also imposes considerable difficulties when integrat-
ing them into the geo-ontology. For example, a same place
may be encoded in two datasets using different names, and
different place types may be assigned to it depending on
the classification schema adopted. Furthermore different
datasets may encode footprintsin different levels of detail.
All of this makesthe dataintegration process adifficult one.

Some research has been carried out to investigate the
integration of geographical data coming from different re-
sources, of which acritical step isto measure the similarity
of two places. We could classify these studiesinto two cate-
gories. Thefirst category of approachesinvestigatesthe use
of thematic properties, such as descriptors of concepts, or
their inter-relation, e.g. RT, BT, NT etc, to measurethe sim-
ilarity of places[2, 1]. The second category of approaches
uses the spatial properties as the main criteria to measure
whether two places match or not [11, 17, 6, 10]. The main
information used is the geometric footprint and various spa-
tial relations between places, such astopologica and direc-

tiona relationships. The use of a combination of thematic
and spatial information in similarity measureisinvestigated
inwork such as[16].

The approach proposed in this paper builds on the tech-
niques proposed in [16], i.e., both thematic and spatial in-
formation are used for data integration. However, it is dif-
ferent from previous research in the following. Firstly, we
study the geographical integration with the complexity of
the existence of multiple place names, classification types,
hierarchies and footprints, which have not been approached
previously. Secondly, previous methods focus on measur-
ing the geographical closeness of places. If two places are
geographically close to each other, they usualy have ahigh
similarity matching score even if they are entirely separate
places. Inthisresearch, we do not care about the geograph-
ical closeness between different places, rather we are con-
cerned with finding places which are potentially the same
by using spatia information, which allows our spatial mea-
surement criteriato be slightly different from existing ones.

4 Integrating Multiple Datasets for Geo-
Ontology Construction

An important step in the integration process is to apply
similarity checking procedures to identify whether places
in the new dataset already exist in the ontology. Four simi-
larity measures between geographic places are proposed in
this paper. Two are related to the thematic properties of a
place, namely, place name and place type. The other two
arerelated to the spatial properties of aplace: footprint and
geographical hierarchy which is derived from containment
relationships between places.

Given a place P; in a dataset, we look for in the geo-
ontology the places which match P;. This is achieved
by performing the similarity measure between P; with a
place P, in the geo-ontology. Each similarity measure
of < Pi, P, > generates a set of matching scores (each
for name matching, type matching, hierarchy matching and
footprint matching). A set of thresholds (corresponding to
name, type, hierarchy and footprint matching respectively)
is used to determine whether P; matches P,. If amatchis
found, then P; is updated with the information from P, as
appropriate, otherwise, P; is considered to be a new place
to be added to the ontology. By tightening and relaxing the
thresholds, the similarity matching process can be adapted
according to the characteristics of the datasets considered.

4.1 Place Name Matching

Place names can be considered as a primary factor for
indicating the similarity of two places. Names for a same
place may either match exactly or have some simple syn-
tactic differences. A normalization step needs to be applied



if two names do not match exactly. Typical normalization
operations include discarding letter case differences; drop-
ping stop words, eg. “a’, “of”, “the”, “and”, “-", “(",*)”
and white spaces etc; dropping prefix or a suffix wordsin a
place name, usually used to indicate the type of the place,
e.g. the“District” inthename* Christchurch District”. Usu-
aly more than one normalisation operation may need to be
applied to place names. Accordingly, the following crite-
riais used to determine the matching score of two places
according to their names N1 and N-.

1.0 if N1 = Na
(N, N2) = 1.0—-m/(n+1) if Ny :‘Nglafter
normalization
0.0 otherwise

That is, o(N1, N3) is 1.0 if N7 and N, match exactly.
If normalisation is needed, then o(N1, N») is calculated as
afunction of both the number of normalization steps m re-
quiredin order for IV, and N5 to match and the total number
of available normalization steps n that can be performed.
For example, if we have 3 different types of normalization
operationsand 2 stepsarerequired for N, and N> to match,
theno (N1, No) =1 — ﬁ = 0.50.

In the cases of a place with multiple names, the above
measure is applied for every possible pair of names and
the highest score is retained. Two place are considered to
be matching if the matching score is greater than or equal
to the name threshold (the similar process applies to other
similarity measures as well).

4.2 Place Type Matching

Place type matching used hereis based on the traditional
semantic measuring technigques where match scoreis calcu-
lated by using the minimum number of semantic relation-
shipsthat must be traversed to connect two terms[12]. Pos-
sible semantic relationshipsinclude BT (broader-than), NT
(narrower-than), RT (related-to), etc. As different datasets
may encode places using different classification schemes,
some equivalence links should firstly be established be-
tween classification hierarchies [2]. Several approachesin
the literature have been proposed for measuring the seman-
tic distance of two terms [2, 1]. In this work, we limit the
place similarity measure to utilise the BT/NT relationships
only. The formula below is used to calculate the matching
score of two places according to their types T, and 7.

10 ifTi=T

o(T1,T2) = { 1/n  otherwise
Thatis, o(T1,Tz) is1.0if Ty and T are equivalent, oth-
erwise o (11, T») is calculated using the number of steps n
required to traversefrom T, to 1. For example, given hier-

archies shown in Figure 2 (where a directed edge indicates
aBT/NT relationship between two types and a dashed edge
links equivalence types among hierarchies), the matching
score for (T3, T12) is 0.5 as only 2 steps are required to
travel from T to T2, and 0.33 for (T4, 7T71) as 3 steps are
required to travel from 7'y to 17 .

Figure 2. Matching Types

4.3 Hierarchy Matching

The hierarchical information can be derived by using ge-
ometric footprints or from the containment relationship be-
tween placesif exist. If two places have the same hierarchy,
then there is a strong possibility that they refer to the same
place. If two places have different hierarchies, they can be
considered to be different even if they have the same name
or placetype. Hierarchy matching used hereis based on the
work in [4, 16]. While these studies measure the closeness
of two places even if they are separate places, we only care
about placesthat are potentially same. Accordingly we have
a dightly different formulato compute the matching score
of two places by using their hierarchies H, and H».

1.0 if Hi = Ho
O'(Hl,HQ): nl/ng if (H1CH2)\/(H2CH1)
0.0 otherwise

That is, o(Hy, Hs) is 1.0 if H; and H, are equivalent. If
H, and H, are subsets of each other, e.g. “ United King-
dom, Wales, Cardiff” contains “United Kingdom, Wales’,
o(Hq, Hy) is computed using nq, and nq, where n; is the
number of places that are common to both A, and H, and
ny isnumber of placesin the bigger hierarchy. In the above
example, ny is2 and ny is 3, therefore the matching score
of thetwo hierarchiesis 0.667.

4.4 Footprint Matching

Intuitively footprintsare the strongest indication for sim-
ilarity of two places. That is, if atwo places are exactly in
the same location on the ground, then they can be consid-
ered to be similar. However, due to the quality of the data
and the different spatial representations that may be used,



locational matches may not be as reliable as expected. In
this work, the footprint similarity is based on the distance
between representative points for the placesinvolved. If the
place is represented by a polygon, then a centroid is used
as the representative point and the originis used in the case
of polylines. Accordingly, we have the following criteriato
measure the similarity of two footprint £'; and F5.

B 1.0 if i =F,
o(F1, ) { min(1.0, ol /dis) otherwise

If F; and F, arethe same, they have the matching score
1.0. Otherwise, atolerance tol is used in conjunction with
the distance dis between F; and F5 to determine the match-
ing score. Since tol is aconstant, the bigger dis, the lower
iSO’(F‘Il7 Fg) If dis < tol, O'(Fl, Fg) =1.0.

5 Experiments

A set of experiments have been carried out to test the
feasibility of the method proposed. Firstly, a set of algo-
rithms has been implemented to allow the automatic data
integration based on the method proposed. Secondly, ageo-
ontology which contains geographical places of UK has
been constructed. The data resources used for building the
UK geo-ontology isthe SABE and TGN. Theinitial dataset
we exploit is SABE, and 11569 places have been extracted
to build the initial image of the geo-ontology. We then ex-
tracted from TGN the full list of places of UK, and total
7715 places are extracted.

Table 1. Matching Result

experiment setting matching results
|t [t [ s [ ta Ni | N [ N3

1 1.0 0.0 0.0 0.0 3395 | 2539 | 2719
2 | 025 0.0 0.0 0.0 3429 | 2567 | 2751
3 | 025 0.5 0.0 0.0 2043 | 1965 | 1929
4 | 025 | 065 | 0.0 0.0 1979 | 1940 | 1874
5| 025 0.5 0.5 0.0 103 100 98

6 | 025 | 0.65 | 0.25 0.0 1979 | 1940 | 1874
7 1 025 | 065|025 | 1.0(a) 1667 | 1661 | 1611
8 | 025 | 065 | 0.25 | 1.0(b) | 1714 | 1705 | 1650
9 | 025 | 065|025 | 1.0(c) | 1737 | 1726 | 1670
10 | 0.25 0.0 | 025 | 1.0(d) | 1675 | 1667 | 1618

(a) tol =10 km (b) tol =15 km
(¢) tol =20 km (d) tol =10 km

Table 1 shows some matching results, where ¢4, ts, t3
and ¢4 are thresholdsfor the name, hierarchy, type and foot-
print matching. NV, isthe number of matching pairs, Vo and

N3 are the number of distinctive placesin al the matching
pairs coming from TGN and SABE respectively.

The experiment 1 checks for precise hame match-
ing. Out of 3395 pairs of matching places found, 2539
are from the TGN and 2719 are from the geo-ontology.
The figure indicates many places share same names in the
datasets and this results in multiple mappings. For ex-
ample, “Woodford” is used by two places both in TGN
(tgn15g and f,g’l’L172) and SABE (Sab€278 and Sab€5g7).
Hence, four matching pairs are for the name “Woodford”
are found: < tgnisg, sabears >, < tgnire, sabears >,
< tgnisg, sabesgr > and < tgniro, sabesgr >. Impre-
cise name matching in the experiment 2 finds a further 34
pairs of place matches. The findings suggest that in this
case, both datasets utilises mostly similar place names.

Using the matching result from the experiment 2, the
experiment 3 studies how places match to each other with
regards to their geographic hierarchies. 2043 matching
pairs were found. The reduction is primarily due to filter-
ing out al wrong multiple matches. For example, for the
“Woodford” example described above, two wrong matches,
< tgnisg, sabears > and < tgnqyra, sabesgr > are elimi-
nated according to the following hierarchical information:

UK, England, Stockport, W oodf ord

tgnize : UK, England, Greater London, W oodf ord
sabears : UK, England, Greater London, W oodford
sabesgr : UK, England, Stockport, W oodf ord

tgn159 :

Another exercise with the hierarchy matching, but with
tighter thresholds (0.65 in the experiment 4) did not have
a significant impact on the results. Manual checks of the
difference in matching pairs between experiment 3 and 4
revealed that an error of approximately 10% is resulted by
using higher hierarchy threshold. Hence, in this case, a hi-
erarchy threshold between 0.5 and 0.65 is sufficient. The
experiments 5 and 6 studiestype matching. A strong type
match in the experiment 5 failed to identify most of the
matching pairs. When the type threshold was relaxed in the
experiment 6, dl matching pairs from the experiment 4
were found. Hence, we can conclude that type matching is
not a significant similarity measurein this case.

The FExperiment 7 studies the effects of footprints
matches by using the result obtained from Experiment 6,
and atol of 10 kilometres was used. 1667 matching pairs
were found. A manual check found that 80% out of the
missing matching pairs were in fact correct and the remain-
ing 20% were uncertain. Hence, this indicates that the tol
of 10 kilometres is too rigid and needs to be relaxed even
further. Further experiments (8 and 9) using different tol
confirm our findings. In experiment 10, the effects of a
combined name and footprint matching are studied. The
tolerance of 10 kilometres is maintained. A similar result
from experiment 7 is obtained with aonly afew of the miss-



ing matching pairs found. This confirms that the name and
hierarchy thresholds used are sufficient.

Our experiments reveal the importance of a combined
name and hierarchy matching for checking place similarity.
Although footprint matching allowed the discovery of fur-
ther missed similar places, finding the appropriate distance
tolerance needs further investigation. The limitation of the
footprint measure, in this case, is the result of the approxi-
mation in spatial representationsused in TGN.

6 Conclusions

This paper presents a geographical ontology which is
constructed to assist spatial search onthe Internet. In partic-
ular, the paper focuses on the problem of integrating differ-
ent datasets in the process of populating the ontology. Sim-
ilarity measures have been identified to measure the simi-
larity of places coming from different datasets. To study
the effects of utilising those measures in isolation and in
conjunction, a prototype ontol ogy was devel oped using two
different datasets and experiments were carried out to iden-
tify the effect of the measures on a sample of common ge-
ographic placesin the datasets. The experiments confirmed
the suitability of the place name matching in conjunction
with the hierarchy matching in identifying similar placesin
the SABE and TGN datasets. Theresultsalso confirmed the
effects of the quality of the datasets on the process of inte-
gration. Further investigations with other types of datasets
need to be carried out to confirm our findings.
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