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Availability and retrieval of Volunteered Geographic Information

e broad range of volunteered | AN b
geographic information N\ R AN Z}YQ":.%‘:;JELE‘ Wi A
(OSM-data, GPS-tracks, sensor R H “ a:‘\«ur __:_;@-LJ-"- e
data, Wikipedia, georeferenced w"*‘“&ﬁ? %,.&%‘ " N\ v |
photographs, social networks, p.--;' W “!.. ®
microblogging, ...) ., . ® |

e data sources are often very

large, with high update rates
(e.g. 500 Mill. Tweets per day)

e include not only factual but
also subjective information

- noise or signal

e spatial- /temporal reference
is given either completely or

partially OSM-Daten Sensor data / Images /
tracks microblogging text
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Term definition

e VGI-Volunteered Geographic Information
(Goodchild, 2007)
— introduced by Michael Goodchild (2007)

— special case of user generated content (UGC)
with direct or indirect spatial reference

— concept ,Humans as Sensors“ refers to users
who uses mobile technology and low-cost
sensors for various tasks

e type of user involvement
— active data collection (e.g. citizen science projects)

— passive data generation via
location-enabled mobile devices
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McMaster & Monmonier

(1989)
Regnauld & McMaster

McMaster & Shea
(2007)

(1992)
Slocum et al.

(2005)
Forster et al.

Yaolin et al.
(2007)

(1996)
Dent

(1999)
(2001)

Delucia & Black
Lee

Raisz

(1962)
Steward
(1974)
Robinson et al.
(1978)

(1987)

Keates

(1989)

Aggregation 6
Amalgamation
Classification 11
Collapse
Combination 5 12
Displacement 7/
Enhancement 13
Elimination
Exaggeration 8
Induction
Merging
Omission

Refinement 9
Selection 2 10 14
Simplification
Smoothing
Symbolization
Typification

Quelle: Roth et al. 2011 -FirstAppearance
A typology of operators for maintaining legible map designs at multiple scales Appeared Previously
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Generalisation operators applied to LBSM

Operator / Description

Example with linear objects

Example with area objects

Class Selection e e
Select the classes of features and

attributes that the model/map should
contain.

R =~ R

Reclassification oto e car
Changes the class membership of the
feature and reduces the number of
modeled attributes.

.ﬂlu "ﬂmﬁ

Common boundaries, small gaps
between neighbour objects are
eliminated.

Combine u\‘ s
5] -
Regrouping a set of feature into a more 0© °© — P L] ..-: >
abstract feature, often of higher o © o -
dimension.
Collapse .Md"": o
Reduction in the geometric dimension. — ,aj: — %’
Point features are often represented by Z
icons.
Simplification e % cao
Eliminates the unimportant details, —— @ — EI
while the general characteristics are
preserved.
Elimination oo 1 cere
When congestion occurs, less important — —
and short or small objects are
eliminated.
Aggregation wa P o

0
|
I

Enhancement Modd < Carlo

Enhancement is used to exaggerate

preserved.

— —

parts of an object or enlarge the whole
object.
Displacement . car

- -—— -
Important objects remain on their /ﬁ — ﬁ !L_—“JJE — b | I E
locations. Unimportant objects are y % [mmly i g
moved away.
Typification m;m

) . . ;- -

Reduces the number of objects, while EE . {}ﬁ — -
their distribution and patterns are -' " "

http://onlinelibrary.wiley.com/doi/10.1002/9781118786352.whieg1015/abstract

10 Generalisation Operator

THME INTERNATIONAL
INCTCLOTEDWA OF

GEOGRAPHY

-
L

Mackaness, W. A., Burghardt, D. and
Duchene, C. (2017). Map Generalization.
The International Encyclopedia of Geography:
People, the Earth, Environment, and Technology.
John Wiley & Sons. 9



Relevance of generalisation operators
applied to LBSM

Generalisation
operator

Relevance
to LBSM

Corresponding methods

Classification /
Reclassification

very relevant

(spatialgtopic modelling,
theme based clustering,
correlation analysis

Elimination and
Selection

very relevant

filtering according to spatial,
temporal, semantic or social
criteria

Aggregation and
Typification

very relevant

spatial or distance based
clustering, aggregation of
points or lines (trajectories),
anonymisation through
aggregation

Research
(Data Mining)

QL GT—— "~ Hanand Lee (2016)

(Bioinformatics)

# Alpine ibex LOD Scale Points Radical Law

‘ 14 1:36000 98 98
. # Chamois

. 13 172000 34 69
B8 ' Red deer 12 1:144000 10 49

Bereuter (2015)

trajectories points are
combined and presented
_place.of worship o through choropleth map

7 telephone

SR 2
- rafast foodr@ staurant
chool -

s blerganenpresc [
s

(Andrienko et al., 2009)

~label placement,
YAy ~_— georeferenced word clouds
(st op "~ (Hahmann and Burghardt, 2009)

vEnding,m;thinc
fecyciing
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Terminology —
“Multiple representation” vs. “Multi-scale views”

e the term “multiple representations”

Va
/s

— is used in the context of topographic y
map production for scale dependent ,; ]
storage of object geometries of the ,.»;j% -
same entity (Sarjakoski, 2007) fa”

L

— explicit linkage between representations e
enable update propagation, consistency
checks and support of continuous zooming

e related to the analysis of LBSM data the
slightly different term “multi-scale view”
is applied

— gives more attention to the varying

patterns at different scales than to
the linkage of individual objects

Linkage within MRDB (Cecconi, 2003)

Multi-scale approach applied to geotagged
photographs (Feik and Robertson, 2015)
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Multiple representation of location-based social media data

Reasons for derivation

e enable visualisation of overview and detail

— accessible either interactively through continuous zoom or

through parallel presentation with multiple linked views

e support multi-scale analysis

to identify scale dependent pattern and
relations between thematic content and geographic features

avoid modifiable areal unit problem (MAUP) as different aggregations
can be study at various scales

13
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Derivation of Multiple Representations

/\

Internal derivation External assignment
(generation out of geodata) (hierarchical structured reference units)
Hierarchal clustering Hierarchical space partition / tessellation
(Dendrogram) with Grids, Quadtree, Hexagons, Geohash
| |
Tag Cloud Maps Micro-Diagramme

Tweets Coloured by Language within One Week

0 150 300 ki
o :

14
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Tag Maps based on
georeferenced word clouds

e Input: point locations of georeferenced
photos from sharing application
(e.g. Flickr, Panoramio)
with various attributes/tags

e aim on derivation of ,tag maps”

for landscape and urban planning
(PhD thesis Dunkel, 2016)

— Aggregation of photo locations based on
hierarchical clustering for

— Visualisation of the most common tags

PhD thesis: A. Dunkel (2016)
Assessing the perceived environment through crowdsourced spatial photo
content for application to the fields of landscape and urban planning.
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Source: Dr.-Ing. Alexander Dunkel, Institute of Cartography, TU Dresden
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Various patterns generated by hierarchical clustering

18
Source: Dr.-Ing. Alexander Dunkel, Institute of Cartography, TU Dresden
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Hierarchical clustering

Variation of cluster distance -
Derivation of multiple representation for various scales

sg,."‘\i s-_ -3 s "

s wfegan

27
""-:aw.é nﬁ'

CLUSTER DISTANCE 1m

19
Source: Dr.-Ing. Alexander Dunkel, Institute of Cartography, TU Dresden
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Multiple representation
(multi-scale view)

20
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Multiple representation
(multi-scale view)
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Derivation of Multiple Representations

/\

Internal derivation External assignment
(generation out of geodata) (hierarchical structured reference units)
Hierarchal clustering Hierarchical tessellation
(Dendrogram) with Grids, Quadtree, Hexagons, Geohash
| |
Tag Cloud Maps Micro-Diagramme

Tweets Coloured by Language within One Week

0 150 300 ki
o :
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Micro Diagrams —

Multiple Representation through external assignment
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Grobe, M. and Burghardt, D. (2017). Micro Diagrams: A Multi-Scale Approach for Mapping

Large Categorised Point Datasets. Agile Conference, Wageningen, The Netherlands.
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Multiple Representation through external assignment

Derivation of multiple representation
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Understanding takes time

Limited numbers of categories

Aggregation can disturb data
g

Complex visualisation

Disadvantages

Diagrams

Abstract presentation of quantities

UNIVERSITAT
No overlapping/mixing of colours
Multiresolution
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A Short Discussion of the Micro

Advantages
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Multiple representation with reproduction of different
human perspectives

e a broader definition of “multiple representation” could be used to reflect
on the varying viewpoints of people (subjective perception)
— requires specification of different user groups, e.g. regarding age or home
town (taken from user profile)

— example: routes of Camino de Santiago perceived by German photographers

Flickr photo locations in Europe (a) for all photographers (left map) and (b) photographers with origin set to Germany (right map)
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Conclusion

consideration of scale is essential for the analysis and visualisation of
location-based social media
— the derivation of smaller scale representations of LBSM data can be

achieved through automated generalisation (most relevant operations are
classification, filtering, selection as well as aggregation, typification)

interactive multiple representations provide overview and detail from

spatial and semantic point of view —> patterns and relationships

change at different scales

2 derivation strategies for the generation of multiple representations:

1) the internal derivation through hierarchical clustering 2 “Tag Maps”

Il) the external assighnment of hierarchical structured reference units
- “Micro Diagrams

LBSM data provide new challenges related to abstraction and

derivation of multiscale views .
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Location-based Social Media (LBSM) data

e social networks provide platforms for exchange of
opinions, experiences and information

— events take place at specific locations —
sport events, floods, traffic jam, demo’s,
comments on restaurants, ...

— creation of spatial data as side effect
(passive)

e characteristic of the data
— large amount with strong heterogeneity
— actuality of the data, real-time, streaming
— semantical interpreted — user specific

— location data privacy
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VGlscience - Volunteered Geographic Information
Interpretation, Visualisation and Social Computing (SPP 1894)

Klima und Umwelt

Gesundheit

Geographische Visuelle
Informations- kartographische
gewinnung

Verkehr

Se

https://vgiscience.org/

Annotation, Interpretation,

Strukturierung KataStrOPhenSCh utZ

Geovisuelle

Epidemiologie

gefilterte Daten Kommunikation

VGlscience Demokratisierung

n n n
Human. 4 Partizipation
mantische Computer- -
Analyse Interaction FON
& &
S
O 8
o
N
a S £
Social §/§
Computing N N
3

Sozialwissenschaften30
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Operator / Description

Example with linear objects

Example with area objects

Vi
(N ‘y

Class Selection Model ™  Carto {'\. {'\
Select the classes of features and \—\ —) \—\
attributes that the model/map should R R
contain.
Reclassification Mode.“l: " caro

. o 0
Changes the class membership of the — | |
feature and reduces the number of Iﬂ I |:| D
modeled attributes.
Combine Model\o‘L "I'Cano
R i t of feature int © o® - .

egrouping a set of feature into a more 00 — o © =" —

abstract feature, often of higher o © o ™

dimension.

A LEN]
\ ‘,

Collapse Model \ Carto \

Reduction in the geometric dimension. — ,g — %‘
Point features are often represented by 2

icons.

Simplification vosel X carto

Eliminates the unimportant details, — [(\__v\_'_—:] — E’

while the general characteristics are
preserved.

31
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Operator / Description

Example with linear objects

Example with area objects

ALy
. ‘,

Elimination Model 1 Garto

When congestion occurs, less important
and short or small objects are
eliminated.

Aty
. ’,

Aggregation Model |

Carto
Common boundaries, small gaps
between neighbour objects are
eliminated.

-

A

0
0

I

i
:

wlig,

Enhancement Model <" Carto

Enhancement is used to exaggerate
parts of an object or enlarge the whole
object.

iy
N .,

Displacement Model 7 Carto

Important objects remain on their
locations. Unimportant objects are
moved away.

f

g\ﬁ
it

|
"

]

Wi,
\ .,

Typification Modgf ~7 Carto

Reduces the number of objects, while
their distribution and patterns are
preserved.

oIS
5 W

L L
gk — '_'
me " -
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