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Welcome 

09:30 - 10:00: Tea 
10:00 - 10:15: Welcome and Setting the Scene (SW)  

10:15 - 11:00: Progress presentations (academics) 
11:00 - 11:45: Industry partners' presentations 

11:45 - 12:15: Break out session –  
      Identifying future research questions 

12:15 - 12:30: Plenum 

12:45 - 14:00: Lunch at the University House 



People talk about place 



Machines talk about place 

•  Q & A 
–  Siri 
–  Watson 
–  (geocoding) 

•  Sense-Plan-Act 
–  interactive urban robot 
–  autonomous vehicle 

•  Negotiate 
–  collaborative transport 

human-computer 
computer-computer 



Challenges 

•  Compatibility 
•  Disambiguation 
•  Semantics 
•  Localization 
•  Name change 
•  Environm. change 
•  Trust 



Telluswhere.net – volunteered PD 
Daniela Richter, Ihor Tytyk, Maria Vasardani  

Knowledge mining from OSM 
Johannes Trame, Andrew Belegrinos 

Contributors and themes 2011/12 

Openlandmarks.net 
Mahsa Ghasemi, Kjartan Bjorset, Maria Purganan, 
Guannan Li 

Places in addresses 
Azadeh Keshtiarast, Harry Gaitanis, Nilofer 
Tambuwala 

Place in social media 
Keith Chan, Marie Truelove, Maria Vasardani 

Relevance of places 
Emma Sun 

Qualitative spatial relationships 
Maria Vasardani 

Ontologies 

Data mining 
Quality 

Usability 

VGI 

Symbolic location identification  

Geocoding 



Place-related knowledge acquisition 





OS launches vernacular geography project 
27 June 2012 

Collecting names from  
coast to coast 
Ordnance Survey’s Research department have 
created a new system, FINTAN. The system  
allows staff to add local names for beaches,  
rocks, waterways and other features with local  
names onto the existing mapping data, some- 
thing which is of interest and benefit to both organisations and the public. FINTAN 
includes 1:50k Scale Gazetteer, 1:25k Scale Colour Raster and OS MasterMap 
Address Layer 2 to form a search facility for the Agency to use.  
The system could provide the answer to a common challenge for Ordnance Survey 
and the Maritime and Coastguard Agency in collecting information on the names 
people use to describe places that aren’t commonly shown on mapping data or exist 
within gazetteers. For the Coastguard, a large number of emergency calls are 
received for incidents located on, or just off the coast of Great Britain and postcodes 
are not of great use, making locating people a challenge. People will often use 
nicknames for beaches, rocks and areas that are not captured as official place 
names on a map, but may be well-known to the locality. 
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Kai-Florian Richter 

Where we are with ‘Tell Us 
Where You Are’ 



Tell Us Where You Are 

• Corpus of 2000 place descriptions 
• Classification scheme 

‘at the train 
station near my 
house in 
Parkville’ 

‘at a café 
opposite to the 
big red 
building’ 

‘Melbourne, 
Victoria’ 

483 swanston 
street,  
opposite public  
city bath’ 



Predominant Types of Place Descriptions 

1.  Location 
descriptions 

2.  Locomotion 
descriptions 

3.  Complex place 
descriptions 

4.  Route 
directions 

5.  Outliers 



Hierarchies in Place Descriptions 

Classification 
of granularity 

Algorithm 1: Identification of hierarchical structures  
in place descriptions 

A complex place description 

Algorithm 2: Identification of salience rankings  
in place descriptions 

Flat / unordered 

Algorithm 3: Semantic filtering of unordered place 
 descriptions 

unordered 

Hierarchical 
(zooming-in/

out) 
flat, 

unordered 

Hierarchical 
by salience 

Violations, 
Composits 

Algorithm 1: Identification of hierarchical structures  
in place descriptions 

A complex place description 

Algorithm 2: Identification of salience rankings  
in place descriptions 

Flat / unordered 

Algorithm 3: Semantic filtering of unordered place 
 descriptions 

unordered 

Algorithm 1: Identification of hierarchical structures  
in place descriptions 

A complex place description 

Algorithm 2: Identification of salience rankings  
in place descriptions 

Flat / unordered 



Granularity in Place Descriptions 

Algorithm 1: Identification of hierarchical structures  
in place descriptions 

A complex place description 

Initial 
hypothesis on 

granularity 
level 

Locatable 
finest level of 

granularity 

Algorithm 1: Identification of hierarchical structures  
in place descriptions 

A complex place description 

Algorithm 1: Identification of geographic  
entity on finest level of granularity 

A place description 

Algorithm 2: adapt granularity level  
according to the use of spatial relations 

Place description with identified  
finest level of granularity 



Classification of spatial granularity 





Analysing and Interpreting Placenames in Informal Text Telluswhere Meeting (26/10/2012)

Analysing and Interpreting Placenames in

Informal Text

Tim Baldwin



Analysing and Interpreting Placenames in Informal Text Telluswhere Meeting (26/10/2012)

The Problem

� How are spatial expressions structured in informal
place descriptions?

Example
corner of como parade east and parkers road,
in the library building, next to the bee shop
and across from the parkdale railway station

� Is it possible to automatically interpret informal
place descriptions to predict the appropriate
“zoom level”?



Analysing and Interpreting Placenames in Informal Text Telluswhere Meeting (26/10/2012)

Analysis/Annotation

� Annotation of 1858 informal place descriptions
for individual geospatial named entities/noun
phrases, and for each:

� identifiability (unambiguous vs. ambiguous vs.
non-identifiable)

� granularity (zoom level)

Example
corner of [como parade east] and [parkers
road], in [the library building], next to [the
bee shop] and across from [the parkdale rail-
way station]



Analysing and Interpreting Placenames in Informal Text Telluswhere Meeting (26/10/2012)

Automatic Determination of Zoom
Level

� Supervised machine learning used to predict: (a)
identifiability; and (b) the appropriate zoom level
to use when rendering a given informal place
description on a map

� Features including:
� zoom levels of individual geospatial expressions

(actual or inferred)
� identifiability of individual geospatial expressions

(actual or inferred)
� various lexical and syntactic properties of each

geospatial expression



Analysing and Interpreting Placenames in Informal Text Telluswhere Meeting (26/10/2012)

Findings to Date

� Google Maps predicts the appropriate zoom level
∼53% of the time

� We are able to predict the zoom level with ∼84%
accuracy assuming zoom levels of geospatial
expressions, and ∼46% with
automatically-determined zoom
levels/identifiability of geospatial expressions

� Much more to be done to boost automatic
determination of zoom level, using annotations in
new dataset

� Move to relational representation of geospatial
expressions



Spatial Interpretations of Preposition “at” 

Maria Vasardani, Stephan Winter, Kai-Florian 
Richter, Lesley Stirling, Daniela Richter 



Spatial Interpretations of Preposition “at” 

  Query: “cafés at the University of Melbourne?” (02/08/12) 
   GoogleMaps Google search engine 



Problems identified: 
•  Keyword- and substring matches-based retrieval 

methods do not always produce the most appropriate 
results. 

•  Google does not interpret NL spatial relations, such 
as “at”, “in”, “on”, “near” differently. 

•  Use of preposition “at” leads to underspecified 
locative expressions.  

Spatial Interpretations of Preposition “at” 



Spatial Interpretations of Preposition “at” 

Closer inspection of “at”: 
–  Indicates a general location,  somewhere in the 

reference feature’s region.  

–  Can be interpreted as either a topological 
(inclusion, connection) or a distance (proximity) 
relation, e.g. “He’s at the market”. 

–  Closely related to {in, on, by}. 



Spatial Interpretations of Preposition “at” 

Our Hypothesis: 
There can be identifiable rules for interpreting 

“at” as one of the more location specific relations 
“in”, “on”, or “by”. Specifically, if we recognize: 

a)  the granularity level, and 
b)  the type 

of the reference feature, we may be able to suggest a 
suitable interpretation.  



Spatial Interpretations of Preposition “at” 

Analysis 
•  Crowdsourced data (Tell-Us-Where mobile game) 

-  2221 geocoded NL place descriptions  
-  204 individual PPs with “at”:  

   at Prepositional Phrase (PP) = [at [NP] ]  
  where the Noun Phrase (NP) = common noun (e.g., the mall) or a more 

 complex one (e.g., the Southern Cross station) 

•  Examples: “I am at the park”, “at my lab, at the University of Melbourne” 

•  Classification of NP according to two schemas: 
-  Granularity (after schema in Richter et al. (2012)) 
-  Type  - by examining the actual GPS location on GoogleMaps 



Spatial Interpretations of Preposition “at” 

Level Description 

1-Furniture Location within a room (desk, bed) 

2-Room Location within a building (lab, office) 

3-Building Location of a building e.g., street no, street corner, 
building name (address, “engineering department”) 

4-Street 

Institution, public space or street level, i.e., larger 
than building and/or vague boundaries. Includes 
infrastructure, public spaces and natural features 
(parks, golf courses, tracks, hospital, malls, lakes, 
hills, reserves, etc.) 

5-District Suburb, rural district or locality, post code areas 
(“Carlton”, “South Melbourne”, “downtown”) 

6-City Town or city, and metropolitan areas (“Canberra”, 
“south of Melbourne”) 

7-Country 
Anything beyond city level, including highways, 
freeways, islands, rivers, states, countries, continents.  

Pre-
position NP categories 

In 
•  Indoors 
• Bounded outdoor  area (park, campus, track/

course, or city block/square) 

On intersection, spot e.g., end of street segment, or 
surface e.g., body of water/lake 

By 
personal item e.g., desk, recognizable feature 
e.g., landmark, bus/tram stop, or natural feature 
e.g., hill 

Classification Schemas 
a) Granularity   b) Reference feature type 



Spatial Interpretations of Preposition “at” 

Most reference features: 
building and street level 

Most frequent “at” substitute: 
preposition in 

Analysis Results 
    

“I am at home” 
“at the queen vicky market getting   
some veggies”  

“I am at the lab” 
“jogging at the Hillside park”  



Spatial Interpretations of Preposition “at” 

Analysis Results  
   

“at the end of the court on Malibu Mews” 
“on Morotai Parade, at a t-intersection of    
 Coomalie Crescent”  
“at nymphaea lake” 

“Sitting at my desk” 
“at the church opposite the station as well as  
mcdonalds to my right”  
“almost at the foot of the hill” 



Spatial Interpretations of Preposition “at” 

Level 3 - building Level 4 - street 

Analysis Results  
   

in – indoors in – outdoors 

by 



Spatial Interpretations of Preposition “at” 

Results 
•  72% of participants who used “at”, wanted to located themselves 

somewhere inside the region of the reference feature. 

•  Mainly (93%) in relation to buildings, and naturally or artificially 
bounded outdoor areas (granularity levels 3 and 4).  

•  Specifically 
–  For reference features at building level, “at” is most likely to be 

interpreted as “in” > “by” > “on” the feature.  

–  For reference features at street level, “at” is most likely to be 
interpreted as “in” > “on” > “by” the feature.  



Spatial Interpretations of Preposition “at” 

Conclusions 
•  We showed how the analysis of crowdsourced data can help to 

specify undetermined locative expressions, specifically PPs with 
“at”.  

•  Analysis results support our hypothesis that identifying the 
granularity level and type of the feature “at” refers to can help to 
spatially interpret “at” as “in”, “on” or “by”. 

•  We also showed with a real-life example the inefficiencies of 
current search engines that do not take into consideration 
different interpretations of relations such as “at”.  



Spatial Interpretations of Preposition “at” 

  Query: “cafés at the University of Melbourne?”    

Higher 
rank 

Lower 
rank 



Spatial Interpretations of Preposition “at” 

Currently Working on… 
•  Place descriptions that comprise multiple PPs. Does the order of 

non-hierarchical PPs matter? 

•  Can we define from place descriptions, how people build mental 
representations? What are the relations that apply between 
features according to such representations? If an person’s 
multiple descriptions about a place are put together, will they be 
conflict free? 
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Towards a semantically and spatially richer 
address data model 

Harry Gaitanis 



Motivation 

•  Limitations of existing address data models 

–  Most models associate properties with a single geocoded 
point. This makes navigation especially problematic in  

•  large properties. 

•  properties with multiple units. 

–  Semantic information about the geocoded point is not 
usually included. 

–  The geocoded point may not represent a real-world feature. 

–  Sub-address elements are not modelled.  



A new approach 

•  Aims of a semantically and spatially richer model 

–  Comprehensive thematic classification of sub-address elements 
which would be useful to various address users 

–  Semantically enriched features 

–  Navigation to and between sub-address points of interest 

–  Different modes of navigation 

–  Compatibility with standards and models in related application 
fields 

–  Extensibility into 3D 



UML model 

Address specification 
(based on ISO 19160-1) 

Building  
model 

Property model 
(borrowed from the MAV) 



Model implementation 

 G-NAF Points 



Example simulation 



First results 

•  Average and maximum time gain in [min] 

–  Mall:     2.2   8.7 

–  Residence:    1.4   6.2 

–  College house:    1.4   4.7 

–  Multi-residential estate:   0.3   4.0 

•  Total average gain of 1.3 min (translates to 64 m distance) 

•  Total maximum gain of 8.7 min (translates to 370 m distance) 
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Answering	  The	  Ques.on	  Of	  ‘Where’	  for	  the	  
	  ICT	  Industry:	  A	  PSMA	  Case	  Study	  

Prof.	  Abbas	  Rajabifard	  

Ms.	  Nilofer	  Tambuwala	  
CSDILA,	  Department	  of	  Infrastructure	  Engineering	  



Na.onal	  loca.on	  informa.on	  projects	  

OSP	  
Commonwealth	  
government	  
survey	  by	  GA	  

OSP	  Survey	  of	  
Commonwealth	  
G-‐NAF	  users	  

ABS	  Worksop	   UoM	  ICT	  
industry	  survey	  

WHO	  USES	  
LOCATION	  DATA,	  
HOW	  DO	  THEY	  
USE	  IT?	  WHAT	  
ARE	  THEIR	  

FUTURE	  NEEDS?	  



Project	  scope	  &	  aim	  

AIM:	  To	  build	  a	  list	  of	  problems	  the	  ICT	  industry	  wants	  to	  solve	  for	  which	  the	  solu.ons	  
involve	  loca.on	  informa.on.	   



About	  the	  project	  

•  Short	  term	  

•  Inves-ga-ng	  the	  demand	  side	  of	  loca-on	  

informa-on	  

•  Targe-ng	  the	  ICT	  industry	  

– Survey	  of	  AIIA	  members	  



Objec.ves	  

•  For	  a	  cross-‐sec-on	  of	  AIIA	  members:	  

–  Conduct	  a	  survey	  to	  iden.fy	  the	  main	  business	  drivers	  that	  

user	  are	  trying	  to	  solve	  using	  loca.on	  data.	  	  

•  Create	  a	  taxonomy	  of	  informa-on	  needs	  from	  the	  results	  of	  the	  survey	  

•  Iden-fy	  what	  types	  of	  products	  and	  services	  currently	  exist	  to	  enable	  the	  
use	  of	  loca-on	  data	  

•  Iden-fy	  the	  gaps	  between	  exis-ng	  solu-ons	  and	  business	  needs	  for	  

loca-on	  data	  

•  Iden-fy	  future	  needs	  of	  the	  industry	  that	  will	  involve	  loca-on	  
informa-on.	  



Progress	  to	  date	  

  Regular	  project	  mee-ng	  and	  frequent	  communica-ons	  with	  

PSMA	  

  Project	  scope	  finalised	  

  Inves-ga-ons	  commenced	  into:	  

  	  the	  theore-cal	  underpinnings	  of	  user	  studies	  
  opera-onal	  context	  and	  external	  influences	  on	  the	  na-onal	  loca-on	  informa-on	  system	  

in	  Australia	  

  Industry	  survey	  prepared	  
  Primarily	  qualita-ve	  

  Aiming	  for	  sta-s-cally	  significant	  results	  



Talking About Place Workshop 2012 

Using spatial and temporal 
knowledge to contribute measures of 
quality for volunteered geographic 
information of events 

Marie Truelove 

26 October 2012 



Motivating Scenario 

•  ‘During emergencies time is of the 
essence, and the risks associated 
with volunteered information are 
often outweighed by the benefit of its 
use’ (Goodchild and Glennon, 2010 p. 231) 

•  Social networks enabling citizen 
reporters 

•  Research challenge: identify relevant 
and credible information 

Attribution: Highway Patrol Images 
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Twitter Location Availability 

Content Location 
~18-40% of tweets 
floods- fires 
~8% ambiguous 
place descriptions 
(Viewag et al. 2010) 

 ~1% Per Tweet 
GPS Location 
(Cheng et al. 2010) Profile Location 

~72% of accounts 
~26% to city level 
(Cheng et al. 2010) 
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Familiarity and Profile locations: a single example 
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Eyewitness account? 

 (MacEachren et al., 2011, p. 184) 
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Examples for eyewitness feasibility assessment 

I live in Yarraville and 
have been stuck in 
Whitehall Street for 25 
minutes already!!... 

Could see flames above 
the trees two miles away 
from my house  

Swan Street Richmond, long 
delays due to citylink 
closure 

1 

2 

3 
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Identification of false rumours 

•  Example false rumours identified following earthquake and tsunami 
in Chile 2010 (Mendoza et al., 2010) 

Death of artist Ricardo Arjona 
Tsunami warning in Valparaiso 
Large water tower broken in Rancagua 
Cousin of football player Gary Medel is a victim 
Looting in some districts in Santiago 
“Huascar” vessel missing in Talcahuano 
Villarrica volcano has become active 

P
la

ce
s 
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Thank you. I look forward to your 
questions. My email is 
truelove@student.unimelb.edu.au 



Leveraging Twitter to Observe Changes in 
Placename Terminology 

Chan Chun Keith 

Supervisors: 
Prof Stephan Winter 
Dr Maria Vasardani 



INTRODUCTION 

•  A geographical place can have more than one form of identity during its life time. 

•  The placenames can change based on official renamings or adoption of 
unofficial terminology by the public.  

•  Regardless of the placename origin, the continual social interaction amongst a 
community will create an ebb and flow of placename usage. 

•  Current gazetteers and databases can be inhibited by the following: 
o  Lacking ability to handle dynamics of aliases and vernacular 
o  Slow update rates 
o  Data sources constrained by handful of administrators or contributors 

•  There exists a critical need to enrich current static databases with on-the-ground 
knowledge and respond to how a society communicates placenames 



METHOD 

      Twitter 
•  A social-media data source utilized as a representation of human consciousness 
•  Creates a follower-following user dynamic, whereby users can regularly 

announce their thoughts and activities via short text messages 
•  Has a large active user base (500 million as of April 2012) 

      Data Collection 
•  Leveraging Twitter Streaming API to collect datasets of areas with placename 

contentions (prior knowledge) 
•  Define search parameters and continually collect data 
•  Data cleaning and filtering – general classification filters, tokenization & NLP 

      Data Analysis 
•  Observe and model patterns of change in terminology over time 



OBSERVABLES 

•  Observations will be made based on the following categories: 

Official name change  
Change of name from old to new by owner or 
governing body 

Dual-named places 
Places in which authorities officially recognize 
and use two names to represent the same 
location 

Event driven places 
Places that have frequent changes in identity 
based on the current activity carried out (cyclic 
or intermitten)  

Vernacular / Nicknames 
- Places that have developed unofficial names 
that are spawned form the community 

Examples: 
Big Ben / Elizabeth Tower 
Examples: 
Uluru / Ayers Rock 
Mt McKinley / Denali 
Aoraki  / Mout Cook 

Examples: 
Major arenas & amphitheaters 
Flemington racetrack 

Examples: 

NFL stadiums 
-  Raymond James Stadium / Ray Jay / The 

New Sombrero 
-  Lanbeau Field / Frozen Tundra 

EPL stadiums 
-  St James Park / Sports Direct Arena / 

Gallowgate 
-  Emirates Stadium / Arsenal Stadium / 

Ashburton Grove / The Grove 



CHALLENGES 

      Tweet Density 
•  While usage is generally high, activity levels vary dramatically depending on 

region and topic 
•  Patterns of occurrence highly influenced by conversational trends  

•  Tweet Quality 
•  Contains a lot of “noise” like spam, retweets and irrelevant material 
•  Possibility of diluted data due to wrong matching of common terms (wroing 

context) 

      Data Filtering 
•  Text is even harder to decipher computationally compared to normal written text 

due to the “casual” culture of tweets 
•  Examples: internet slang, repeated letters, homophones, punctuation, special 

characters, etc 



Location:  Uluru / Ayers Rock 
Period:  9 Oct 2012 – 19 Oct 2012 (10 days) 
Tweets:  1044 

PRELIM RESULTS 



Location:  Big Ben / Elizabeth Tower 
Period:  9 Oct 2012 – 15Oct 2012 (10 days) 
Tweets:  27355 

PRELIM RESULTS 



PRELIM RESULTS 

Possible data observation outcomes 
•  Linear transitions 
•  Fluctuations between two or more  
•  Co-existence of multiple names 
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