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OpenStreetMap as a case study?
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Comparison with reference data
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What is the best location for a Point of
Interest?




Proposed methodology




Results for amenities

* ~6000 POls in Paris

* 310 5,5% outside buildings: bad quality

* Great heterogeneity of locations inside buildings

* Bigger amenities -> bigger errors and heterogeneity

% of POls . s Standard !Vlean Standard
. distance to . . distance ..
outside . deviation deviation of
o centroid to walls

buildings (DC) of DC (DW) DW
Gift shops 0 12,9 11,5 2,3 3
B, G, 3 10,8 10,5 23 21
restaurants

Cinemas 5,5 16,9 18,4 4,9 4,9
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LoD heterogeneity

Causes:

Source heterogeneity (GPS, images Bing ...)
Contributor skills heterogeneity

No LoD specification in OSM



LoD heterogeneity




LoD heterogeneity




[Touya & Reimer 2015]

Automatic LoD inference

Multiple criteria

Feature type decision
*Vertex density

*Median length

*Capture technique vertex density = vertex number
*Smallest segment object length
*Size

*Coalescence

23 12
vertex density = 100~ 0.23  vertex density = 100~ 0.12



LoD heterogeneity




[Touya & Brando 2013]
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[Touya & Baley 2016]

Large scale maps

How can we represent undetailed
features?



LoD harmonization
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[Touya & Baley 2016]




[Touya & Baley 2016]

LoD harmonization
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[Touya & Girres 2014]

Small scale maps: generalization

How can we generalize very
detailed features?




[Savino & Touya 2015]
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[Raimond et al 2016]

A survey within European NMAs
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Results for ATMs

347 ATMs in Paris
6,6% outside buildings: bad quality

65% on the wall of the buildings: good quality
5,9% >15m off centroid and 2m off walls: bad quality

—mm Standard deviation

Distance to centroid 17,6 12,9
Distance to wall 1,1 0 4,6



Results for bus stops

~2000 bus stops in Paris

13,5% too close (<2m for roads and <1,5m for buildings)
Only 0,4 too far

Quite homogeneous quality

Standard
% too close | % too far
deviation

Distance to roads

Distance to

buildings 7,4 >3 ) 6,7



LoD inference results
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LoD inference results
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LoD inference results
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[Touya & Baley 2016]

LoD harmonization results




[Touya & Girres 2014]

Taxiway generalization

M Before ] l After l
| - I {
-
‘F‘
I
/)
,)‘
«
-
A
4
.
A
1 1




[Touya & Girres 2014]

Taxiway area generalization




[Touya & Girres 2014]

Runway generalization




[Savino & Touya 2015]

Main railways generalization
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