Spatial Signatures for Geographic Feature Types:
Examining Gazetteer Ontologies using Spatial Statistics
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Digital gazetteers play a key role in modern information systems and infrastructures. They 1. Same name & similar spatial patterns

facilitate (spatial) search, deliver contextual information to recommender systems, enrich
textual information with geographical references, and provide stable identifiers to interlink
actors, events, and objects by the places they interact with. Hence, it Is unsurprising that \

2. Same name & different spatial patterns
* General framework:

MDS (2D) for Island MDS (2D) for Mountain

gazetteers, such as GeoNames, are among the most densely linked hubs on the Web of . ©
Linked Data. A wide variety of digital gazetteers have been developed over the years to Spatial Point Patterns Analysis e A _ _
serve different communities and needs. These gazetteers differ in not only their overall & o o > GooNames - Q S o N s
coverage, underlying data sources, and provided functionality, but also their geographic Statistical ‘ MDS © TN c Ten
feature type ontologies. Consequently, place types that share a common name may differ Spatial Autocorrelation Analysis — Spatial Signatures
substantially between gazetteers, whereas types labeled differently may, in fact, specify B Learning < - < -
the same or similar places. This makes data integration and federated queries challenging, R
. . . . . . . 1 li _ I : : )
if not impossible. To further complicate the situation, most popular and widely adopted geo- Spatial Interaction Analysis " (ie. match geographie | T o C e
ontologies are lightweight and thus under-specific to a degree where their alignment and S S g 7 . 2 7 .
matching become nothing more than educated guesses. The most promising approach to g N | E .5, a ’
addressing this problem, and thereby enabling the meaningfully integration of gazetteer ° _ R R T L SO © ] R S SR
data across feature types, seems to be a combination of top-down knowledge * Workflow for spatial point pattern analySIS or VR pRn el e Cor VP e lani .t . GeoNames Mountain
representation with bottom-up data-driven technigues such as feature engineering and o e Foer 0 el o R TGN stand e FONMoumainy, oot TS
. . . i . i . . i andomly selected points using o oo o0 % ® e % oNames Islan e I ®° » °
machine learning. In this work, we propose to derive indicative spatial signatures for across continuous US O ce vy, AeeNames_siand O - DBpedia Places. Mountain
geographic feature types by using spatial statistics. We discuss how to create such ° ) °
signatures by feature engineering and demonstrate how the signatures can be applied to T 2%9° e DBpedia Places_Island
better understand the differences and commonalities of three major gazetteers, namely Select random points across study area . T o7 el GNISIaNd T
DBpedia Places, GeoNames, and TGN. (about 100 points are seicted in our case) = (GeoNames_lsland
| The 45th random point _I6 _I4 _I2 (!) é AII_ é _l6 _|4 _|2 (l) 2| éll_ é
¢ Coordinate 1 Coordinate 1
y The nearest 100 points and their pattern
- 2 window of the 45th randomly selected
MOtlvatlonS For each of the randomly selected point (in red point) for dams iyn DBpedia
oints, quer e neares > " " " " " " "
points of target festure type 3. Different names & similar spatial patterns 4. Different names & different spatial patterns
* Data integration and federated queries * These gazetteers are different in: l
> Overal Coverage [ The 45th random point MDS (2D) for AdministrativeRegion (DBPEdia PIaceS), MDS (2D) for DBpeida Places
0%3}3 > d J - d For each random point, conduct the spatial ¢ ADM2(GeoNames), County (TGN)
g Un ery]-ng ata Sources point pattern analysis over its o
1= . - . .. nearest 100 points to obtain | e DBpedia_Hotel
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Data Integration/ > - o o
Federated queries TR Y .
Average each spatial statistics over all T “ ° N
random points to obtain the statistical < -
/ \ feature for the feature type.
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3 Library * A summary of the proposed statistical features (27 in total) N o L o 0
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* Example . - 2 o S
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. / “ /f)f (std dev along x-axis) (std dev) ]
‘\»;\_ s; Standard deviational ellipse Shortest distance to road CO“CIUS'O“S and FUtu re Work
g . o (std dev along y-axis) (max) . . . L e .
T ntensity Semivariogram value St distance fo rond * Proposed spatial signatures are capable for semantically describing feature types;
Global | (@t last distance {ag) (min) * Integrate such bottom-up data driven approach together with top-down ontology
Kernel density Shortest distance to road
{eameiE i) (e engineering approach;
° . . ' Kernel density Shortest distance to road . .. .. . . . .
Theretore, we need to explore the semantic heterogeneity among these gazetteers! (range) (std dev) * Derive additional statistical features, like those of indicating co-occurrence.
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