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What is an Urban Green Space? asaerse HelGIT Y]

Definition: Publicly accessible, vegetated land within a city.

Urban green spaces are important factors for the quality of life,
because they provide recreational and cultural services to citizens.
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Study area: Dresden, Germany asante HOIGIT Y]
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Step 1:
Extracting public green spaces from OSM

1.1 Which OSM tags indicate public green spaces?



OSM Tags for Public Green Spaces

GIScienr:e He)iC,]T E

Key Value

amenity graveyard

landuse allotments, cemetery, farmland,
forest, grass, greenfield, meadow,
orchard, recreation_ground,
village_green, vineyard

leisure garden, golf_course, nature_reserve,
park, pitch

natural wood, scrub, heath, grassland,
wetland

tourism camp_site

: Novack, T., Wang, Z., Zipf, A. (2018)
B OsM Greenspaces | LUdWig, C. & Zipf, A. (2019)



OSM Tags for Public Green Spaces asaente HOTGIT Y]
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Association between OSM tags and greenness oscene HelGIT Y]
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Ranking of OSM gags for greenness in Dresden
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landuse=industrial
landuse=retail
tourism=%*
landuse=construction
amenity=*
landuse=commercial
leisure=sports_centre
amenity=school
amenity=university
amenity=kindergarten
landuse=military
leisure=pitch
landuse=brownfield
surface=*

landuse=*

N Manduse=residential ]

0.4
0.2

N Teisure=garden

natural=*
surface=grass
leisure=*
landuse=cemetery
landuse=village_green
landuse=recreation_grou
leisure=park
landuse=grass
natural=heath
natural=scrub
landuse=farmland
landuse=meadow
leisure=common
natural=wood
landuse=flooding
landuse=forest



Finding public spaces in OSM

If available, use “access” key.

Otherwise, assume:
1. Everything that is mapped in OSM is publicly accessible.
2. Features with landuse=residential are private.
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Step 1.2:

Generating a mesh of polygons with
homogenous land use
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Generation of polygon mesh asante HOIGIT Y]

Orthophoto of
Dresden




Generation of polygon mesh

GISC{ﬂ‘

Generation of City

blocks using linear

topographic elements

from OSM

* Road network
(motorized)

* Railway network

* Water network
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Generation of polygon mesh
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Generation of City

blocks using linear

topographic elements

from OSM

* Road network
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* Railway network
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Generation of polygon mesh

Exclusion of areas for
transport by
buffering of the roads
and railway tracks
according to type
(primary, secondary,
trains, trams, etc.)
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Generation of polygon mesh

Further segmentation
of the city blocks using

OSM obijects
describing land use

Hierarchy of objects
defined by area size
(e.g. leisure=park
polygon above larger
landuse=residential

polygon)

MMU = 10 m?
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Extracted public green spaces from OSM
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Step 2:
Extrinsic Data Quality Assessment

Comparison to municipal data
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Extrinsic comparison to municipal data ascene HelGIT Y]

Municipal data:

* public green spaces
e parks

* cemeteries

e forests

e playgrounds

e allotments

o
N
Probability for Public Green Space [%]

o
N

B Vissing green space
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Extrinsic comparison to municipal data asaence HeIGIT Y]
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Extrinsic comparison to municipal data
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Intermediate Conclusion asaerse HelGIT Y]

* Public Green Spaces are fuzzy geographic concepts.

e Quantitative comparison to external data difficult due to ...
— different definitions of “green space”
— timeliness of external data set

— different scale at which data sets have been created.
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Step 3:

(Intrinsic) ldentification of Missing Public Green
Spaces from OSM itself
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Evidence for green spaces from geographic context ascrte HIGIT Y]

Evidence for public green spaces from geographic context:

* dense foot path network (OSM) — Public
* presence of a playground (OSM) — Public
* high vegetation index (satellite data) - Green

Evidence contains uncertainties

— Combine evidence using Dempster-Shafer Theory
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Dempster-Shafer Theory (DST) asante HOIGIT Y]

* Framework for reasoning under uncertainty using evidence
from different sources

e Evidence is converted to beliefs (or masses) using belief
functions

* Beliefs can be about a set of events, not just single events

— Uncertainty can be expressed explicitly

_ Probability Theory Dempster-Shafer

. p({heads}) = 0.5 mass({heads}) = 0.5
p({tails}) = 0.5 mass({tails}) = 0.5
o({heads}) = 0.5 mass({heads}) =0

Total ignorance N mass({tails}) =0
Pl =0k mass({heads, tails}) = 1
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Belief functions
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|dentified green spaces from geographic context asaence HeIGIT Y]
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Identified green spaces from geographic context s HefGIT YR
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Uncertainty of identified green spaces ssante HElGIT ]

40
!l! \
/ ‘/ BN, e : ":: <
3 § ' 30
A = 4 ' ‘
[ . & .‘\ e _‘ /‘_ "
<J 2L — = &\ " 7

Uncertainty [%]

31



Conclusion und outlook asaerse HelGIT Y]

* There are several OSM tags that indicate public green spaces with varying
degrees of certainty.

* Quantitative comparison is not feasible due to fuzzy definition of green
spaces.

* Missing public green spaces can be inferred from geographic context such
as path network and playgrounds.

Outlook

e Consider additional aspects of geographic context as evidence (e.g.
benches, building geometries)

* Combine DST with machine learning to define belief functions
automatically and evaluate other ML methods that consider uncertainty
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Thank you for your attention.
Any questions?
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