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Abstract. We introduce the idea of a spatial search engine based on geo-
tags. Geotags are keywords linked to a concrete position. User generated
geotags are available from Web 2.0 portals like Flickt' or Google Maps®.
We collected a sample dataset of about 300.000 geotags. In the following
we explain a prototype implementation of a search engine and describe how
to compute the spatial relevance of a tag. The last section gives an outlook
about our research goals in this area and discusses the challenges and possi-
ble benefits of integrating semantic information.

1 INTRODUCTION

Geotagging is becoming increasingly popular. More and more consumer
devices like digital cameras and mobile phones include GPSsensors (To-
roniai 2007). This allows to easily combine attributive information with
spatial location. The idea of a geotag is that the information transported by
a tag is enriched by a spatial location. People share their geotagged con-
tents on platforms like Flickr or the Google Earth Community’. Beside
these communities, the number of private web pages that incorporate Ya-
hoo- and Google Maps is also growing. Daily, thousands of new tags are
annotated with a position and linked to information in form of text, images,
videos or other browseable content. This makes geotags a rich information
source.

We understand a geotag as a pair of a keyword and a position. The posi-
tion can be encoded in any standard geographic reference system, as long
as it is convertible to WGS84.

Spatial relevance is the probability that the keyword of a geotag belongs
to the assigned real-world position. A good example might be the tag Eifel
Tower. Almost all geotags with the keyword Eifel Tower are limited to a
small area. These geotags have a probability close to 100% to point to the
Eifel Tower in Paris, while few geotags for shops in China selling Eifel
Tower miniatures have a very low probability.

! http://www.flickr.com/
2 http://maps.google.com/
? http://bbs.keyhole.com/

Florian Probst and Carsten KeBler (Eds.): GI-Days 2007 - Young Researchers Forum.
IfGlIprints 30. ISBN: 978-3-936616-48-4



200 J.T. Heuer, S. Dupke

Another example, the keyword house has geotags distributed almost
equally all over the world. It is improbably to find a certain house, thus the
geotags for house have a low spatial relevance.

The use of cluster-algorithms allows us to determine if geotags form a
cluster of high density and therefore are likely to belong to the same fea-
ture. This approach allows us to define the probability to a cluster of geo-
tags rather than for each tag separately.

We collected a sample dataset of geotags from the web and implemented
a search engine to extract, filter and rank the relevant information from
these geotags. This allows the use of this huge amount of data in other ap-
plications that process spatial information.

Figure 1: Positions of all geotags in our database

2 RELATED WORK

Traditional search-engines use a text and link-based algorithm (Brin 1998)
to rank the data. Our geotags are not linked to each other. In order to rank
the data by its spatial relevance, a spatial processing function has to be
added. Markowetz (2007) describes how other search engines for spatial
information compare the content and structure of a website with a database
of postal codes, country or city names to assign a spatial position. In con-
trast to these search engines our dataset already contains precise positions.
These positions are used in spatial algorithms to make a statement about the
relatedness between a tag and a position.

The idea of finding spatially relevant tags is also described by Ratten-
bury et al. (2007). However this example focuses on inferring spatial and
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temporal semantics from tags. Our search engine uses a clusterfinding algo-
rithm based on a Delaunay triangulation (Leonidas 1992), which is unaf-
fected by the shape of the clusters (Eldershaw 1997). A similar scenario is
described for storage of huge spatial datasets (Estivill 1999).

3 SPATIAL PROCESSING

The search engine shall return a ranked list of geotags for a given keyword.
The first step is divided into finding and optimizing the clusters. In the next
step we calculate the spatial relevance from the properties of the cluster.

3.1 Finding Clusters

Our algorithm finds the positions that are relevant for a certain geotag. To
distinguish these from the tags that are distributed all over the world, the
algorithm has to find clusters with a high density. The Delaunay triangula-
tion described in (Leonidas1992) creates a graph & = (¥, E} with geotags
as nodes 7 and edges E =1, X 7. To find the clusters, we introduce a
threshold ¢ and remove those Edges where the geographic distance
ding,n.)>=t.

Figure 2 shows a graph for the geotag Wales. The edges longer than the
threshold distance are grey and the resulting clusters are black. You can
identify Wales in Great Britain and New South Wales in Australia: the re-
sulting clusters with a density.

Figure 2: Sample diagram for the tag Wales
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3.2 Calculating the Spatial Relevance

It is not sufficient to find clusters because a large number of tags forms big
clusters, which are not referring to real world objects. The tag house,
shown in figure 3 is a good example. A deeper analysis of the resulting
clusters is necessary:
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Figure 3: A sample Delaunay diagram for the tag house.

We compute clusters for a predefined set of thresholds (e.g.:
t=1,2,..,80). In order to calculate the spatial relevance of the geotags,
we use the following properties:

o totalpeoints in tie cluster
o areaof cluster

o total clusters

o lLotal geotags

Of course, a lot more properties are possible but for a first prototype we
limited ourselves to the ones above.

The challenge now is to find the relation and weight between the properties
and the correct value for the clusters’ threshold. At this point, we don’t use
a fixed formula, but we introduce the neural network: We create clusters
for different thresholds and use the neural network to figure out which thre-
shold creates the optimal clustering for a tag.

The neural network weights the properties and calculates the probability.
Our search engine can now present a ranked list of geotags, based on their
spatial relevance.
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4 CONCLUSIONS

Most clusters we found represent well-known cities around the world, but
these are already available through Yahoo or Google. Our goal is to re-
trieve spatial information from geotags that represent activities, events or
other points of interest. This can be tags like “hiking” which show favored
hiking-areas around the world.

Markowetz (2007) used postal codes and address databases to assign po-
sitions to webresources (Section 2). The geotags that are filtered and ranked
by our search engine can be used as an additional datasource. With more
and more geotags we also expect to reduce the threshold of the cluster. This
allows a finer distinction between clusters and the engine will be able to
identify smaller features.

5 FUTURE WORK

We plan to extend our search engine with spatial operators like intersection
and union for our clusters in order to be able to create more complex que-
ries. The example: “hiking AND Chile” will only return search results
within the hiking and the Chile cluster. A central aspect of our ongoing
work will be the training of our neural network. At the moment a manual
training based on black and white lists of geotags is sufficient, but with an
increasing number of tags, we propose to adopt existing spatial-semantic
information, for example the placelist from the Alexandria Digital Library
Gazetteer (ADLG 1999).
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