Using Reverse Viewshed Analysis to Assess the Location
Correctness of Visually Generated VGI

Hansi Senarat', Arne Broring® 3, Tobias Schreck

! University of Konstanz, Germany
? Institute for Geoinformatics, University of Miinster, Germany
¥ 52°North Initiative for Geospatial Open Source Software GmbH, Miinster, Germany

ABSTRACT

With the increased availability of usgenerateddata, assessing quality and credibility safch data
becomes importanin this paperwe proposeo assess the location correctness of visually generated VGI
as a quality reference measufde location correctness is determinedchgcking the visibilityof the
point of interest from the position of the visually generated VYbiserver point)as an exampleve
utilise Flickr photographsTherefore, we first collect all Flickr photographs that confirm to a certain point
of interest through their textual labelling. Then, we conduct a reverse viewshed analysis for the point of
interestto determindf it lies within thearea of visibility from the observer points.tife point of interest

lies outsidethe visibility from a given observer p, the respectivegeotagged images considered to be
incorrectly geotaggedThis way we analysesampledataset of photographs and makebservations
regardingthe dependencyf certain usepghoto metadatand(in)correct geotagand labelsin future the
dependency relationship betweere tlocation correctnessaind useiphoto metadatacan be usedo
automaticallyinfer user credibilityE.g, attributes such gsrofile completeneswgetter with the location
correctnessan servas a weighted scote assessredibility.
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1. INTRODUCTION

I n today’' drivenrséciety, Mauhtéered Geographic Information (VGI) has shown an immense
increase over the past yeawdith this massive increase of data prodéuetby volunteers, the need for
cautiousness towards data credibility becomes even more pressing. Humans perceive and express
geographic regions and spatial relations imprecisely, and in terms of vague cqiemisio et al.

2003) This vagueness in han conceptualisation of location is due not only to the fact that geographic
entities are continuous in nature, but also due to the quality and limitations of spatial knowledge
(Hollenstein & Purves, 2011).

Hovland et al(1953)expressedredibility as the believability of a source or message, which comprises
primarily of two dimensions, thérustworthinessand expertise Flanagin& Metzger (2008) further

asserted that, while trust and expertise have different meaning from credibility as well as differing
meaning between each other, one conceives credibility as possessing a combination of both trust and
expertise. Hence, due to the subjective and objective nature of trust and expertise, credibility is a complex
concept that has to do with tbelievabilityof a source. Therefore, in assessing the credibility of data one
needs to consider factors tlwantributeto this perception of trustworthiness and believability, other than
data accuracy itself. Metadata about the origin of VGI can provide a foundation for judgment on the
quality and trus{Frew, 2007)

In case of Flickr as an example of a platform for vidlyagenerated VGI, @lunteers can upload
photographs to share them with others. A Flickr user can maintain a profile to which uploaded photos are
linked and to state metadata such as his/her real name, the date of registration, hometown, or contacts to
other users. Also, metadafar the picture itself can be specified, such as title, caption, textual tags
describing the phot@dabel), or the dates of capture and upload. Additionally, a spatial reference of the
photo can be given in form of geographic caoaties. Thiggeotagcan be either produced by an external

GPS device, automatically recorded with a camera-buiEPS, or it can be manually located using

FI i ckr ' s matagying lavelsof résalatien (i.e., neighbourhood, city, country)

Additionally to the geotag that consists of geographic coordinates, Flickr users often specify the place of
interest to which the picture relatestextualtags. The map shown in Figure 1 displays all geotags of
FI'ickr photos annotAnegldomwi tedhnd h'eCa mixa duiad ” .t aAylst o u
this data set are geotagged within the area of the ancient city in Cambodia, this visual analysis shows that
there are also many pictures being located far away fromiso Becker& Bizer (2011) denonstrated

through their work on thElickr Wrappr, how pictures oifrlickr are incorrectly geotagged.
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Figure 1. Geotags of Flickr photos that were textually tagged as "Angkor" and "Cambodia".
In this paper, we describe a concept for assessing the location correctness of visual VGI content based on

a reverse viewshed analysis. The basic idea entails validating the location of a described object within a
userprovided image by testing whether thabjectcan be viewed fronthe positionwherethe photois

! For example, this photo displaying a part of Angkor is geotagged at a location in California:
http://www.flickr.com/photos/rbleib/5030263322/in/s#2157624911484519/



geotaggedWe propose this approach to validate correctness of geotagged photographs provided by Flickr
as a VGI data source. This approachegahses to otherisual VGI data sourceas well.

We test our concept by experimental analysis. In our experimental setup, we downloaded metadata of
photographdgor two pints of interes{POIs) which aretextually taggeds Br an d Gateh‘uB gt | i n
andei c h Btea d Furthér“in order to derive a reference quality measure for location correctness,

a reverse viewshed analysis fihiesePOlsis calculated. A reverse viewshedadysis holds the same
principles as the viewshed analysis, however, it is utilised to determine the vidibgitgivenpoint of

interest (POI¥rom many observer poin{&isher, 1996)In a third stepwewereable to determine which
photographs are textually tagged with the description of the g@h( e . g . "Brandenburg
“ B e r Bndwhich are correctly geotagged withtine range of visibilityto that point.If the POI does

not fall within the area of visibility from thgeotaggedmage, then the image tonsidered to either
misrepresent the location from where thmfograph was taken, or the photographed content represents
something else other than tR©I but tagged as the latter. Photographs belonging to either of these two
groups are considered to be tagged with incorrect location.

Using this aproach, we investigate which metadata of photographs fagcount of photographs,
comments count of photographs, etc.) as well as metadata about users (e.g., the npinites, dhe

number of contacts, or the used camera) can be dtilteeeventually infer the credibility of
photographers regarding a correct geotagging. We achieve this through analysing the relationship
between those metadata and ltiwation correctness as theference quality measurement. For the future,

we have paw the road with this approach for new applications that can automatically assess quality of
Flickr photographs and also to transfer this methodology to eibieal VGI sources (e.g. Panoranio

The remainder of this paperdsganised as followdn Section2 we review selected related work to our
researchln Section3 we discuss our approach in det&kctiond analyses a sample dataset and derives
observations on dependencies between user/photos metadata and locagicinassvVe then discuss
results and limitations iBection5 and concludevith further ideas for future worik Section6.

. BACKGROUND & RELATED WORK

With the Web 2.0n place citizens can contribute data in the form of text, audiosideo on the Web,
making the consumers of data also the producers. This is termed as User Generated Content (UGC)
Surowieki (2005) shows how a group of people may contribute to a solution of a problem that an expert
may be unable to solvA special case of UGC is where citizens, quite often untrained, geatgaphic
information which may or may not be accurate, on dedicatel platforms (e.g., OpenStreetM3p
Wikimapi&, Google MyMap$§ Flickr?). Goodchild (2007) coined this phenomenonas Volunteere
Geographic Information (VGI)As of January 2012, Flickr has reportedhtust over6 billion image$

(around 3%of the Flickr images wergeotaggetin 2009, andOpenStreetMaptatistic$ statethatovera

million registered usersave contributed more thahbillion track points around the worl®inner et al.
(2008)identified anexponentiagrowthfor suchVGl.

2 www.openstreetmap.org

3 www.openstreetmap.org

* https://www.google.com/maps/mm

5 www. flickr.com

5 http:/iww.searchenginejournal.com/tgewth-of-sociatmediaaninfographic/32788/
" http://code.flickr.net/2009/02/04/1000000§80taggegphotosplus/

8 http://mww.openstreetmap.org/stats/data_stats.html



When consuminy/Gl, it is important to keep in mind that tleententis notquantified by the objective
notions of data quality, nor does it rely on traditional authorities who enforce data quality standards
(Flanagin & Metzger, 2008)nstead the credibility of the datadepends orhe personal accucy of the
producers

2.1 Credibility of VGI

Extensive research &deen done on assessing the credibility of user generated geo information on
different platforms. Thereby, the central question has been, whether we can trust the data volunteers to
produce data ofisable quality, which suffice for convenient usage of tdata to derive accurate
conclusionsA few VGI platforms have taken measures to moderate the credibility of user generated data
to ensure data reliability. For example, the Audubon Society's Christmas Bird® @wopen for bird
watchers to observe migiam patterns, bird population etc., atmdcontribute thesebservationon the

open platform. In order to take part, the users should possess domain knowledge to a certain degree and
they are also given proper training before tlbaptake part Project GOBE™ is another exampléhat
encourages school children around the world to observe and collect their local weather data and
contribute it to a common platform. To ensure data credibility the supervising teachers are given thorough
training on data colléemn and uploading so that they guide the students throughout the process.
WikiScannet* is an example for assessingser credibility in UGC. WikiScannercross references the

edits on Wkipedia? with the data on the editor of the associated block of IPeadds of various
organisation$. This author identity is what provides credibiljtydgment

Extending the work by Haklay (2010), Girres & Touya (2010) assessed the quality dbtepéhap

data forFrance by comparing them to officially surveyed data. They assess the quality of these VGI
within five Gl quality componentsaccuracy (positional, thematic, temporal, semantichmpleteness
logical consistencylineage andusage In their research omjuality of OperStreeMap dataHaklay et al.
(2010)found that positional accuracy of features improves as the number of editors increases up to 13.
Goodchild & Li (2012)proposed ahree tier approach to assuring VGI quality: i) Cresalircing
(number of contribution and accuracit) volunteers who are given roles in thierarchyto moderate the

data accuracyandiii) the Geographic approacivheregeographic features on a mageinferredfrom
knowledge on the surrounding geography.

Ciepluch et al. (201passessed thaccuracyof OperfstreetMap databased on completeness of the map,
currency of the spatial information, correctness with relation to the ground truth data and local
knowledge.The authors assert that in order fquedStreetMapto be taken seriously, quantifiable metric
measurements must be evaluated for tiper&treeMap accuracy and coveragBurthermoreBishr &

Kuhn (2007) state that théack of quality measuresan affect the usability of user contributed datand
thattrusted users provide more useful data. This issuGemichild(2009)andColeman et al(2009)to
categorse the volunteers of VGinto different groups based on their knowledge and experiertbeged
information.

2.2 Classification of Users to Assess Datar€dibility

Goodchild(2009)classifieddata producers as falling into eitiéeoGeographyor Academic Geography

Neo Geography is where the role of the user intersects between the roles of subject, producer, presenter
and consumerl.e., there is no clear role of telunteerbelonging to any one of these distinguished

® http://birds.audubon.org/christmagd-count
10 http://training.globe.gov/

" http:/iwikiscanner.virgil.gr/
12\www.wikipedia.org

13 Although Wikiscannerdoes not distinguish between edits made by authorised users from IP addresses originating from
organisations and edits made by unauthorised intruders and users of public access computers.



roles. However in contributing to VGI, theyeaall experts in their own local communities. On the
contrary, volunteersfalling into academic geography are involved in professional geography, such as
surveyor or cartographeColeman et al.(2009) classified datavolunteersas overlapping between
Ne@hytes Interested AmateuExpert AmateurExpert ProfessionalandExpert Authority He analysed
these groups based on what motivates them to produce data ososuchs Coleman et al(2009)
further implied thatvolunteersfall into the above categores depending on three different contexts:
Market driven Social networks and Civic/Governmental Volunteerswho fall into the category of
Market drivencontribute data on commercial databases or services such as T#nofoBarmir®.
Volunteersfalling into Social Networkscontribute tosourcessuch as OpenStreetMap, Flickr etc.
Volunteersfalling into Civic/Governmental contribute data out of concern to their city/society, for
example to PPGIS

Zwol (2007) preserg a characterisation of usdrehaviar on Flickr, and show that the number of
contacts per user and the number of pools an image belongs to can be used tthpireajicdarity of a
phota He further asserted that the social affiliatishich is sustained by the network of contastthin
Flickr, is important for the popularity of their photda.other Flickr analyseg-riedland et al(2011)as
well as Moxley et al. (2008)utilise textual tags of Flickr contentalong with certain visuatues to
determine the geographical coordinates of the place baiptyredn thevisual content

2.3 Tagging Behaviour in Flickr

Flickr photos have been explored in a multitude of geographical analyses. For instance, Jankowski et al.
(2010) and Crandall et al. (2009gxplored spatial and temporal patterns in user movement and their
interests in landmark and eventggptured through Flickr. These Flickr photos are organised or searched
with the help of their accompanying tags that come in variousd. Ames & Naaman (200Have
comprehensively discussed the concepiagfjingand have identified two main incentives that motivate
users to tag: isociality, describing who is intended to use the tagfuijction describing the intended

usage of théag, which could be either for organisational or retrieval purposes, and also to gain attention
for the tagged contentagging an image is a means of adding metadata to the content in form of specific
keywords to describe the content (Golder & Hubern2096) or in form of geographic coordinates
(Geotagging) to identify the location linked to the image conféatli & Hannai, 2010) Moxley et al.

(2008) developed a tool that suggeags for a given image, based on the geographic context and visual
relevanceCrandall et al. (2009nalyse the content of a photo based on text labels and image data, and
the structure based dhe geospatial data. They further assert that within @tskeeel scale, text tags

alone can be a useful source to estimate the location, but in combination with visual cues it can be an
even stronger component in validating the location. Furthermore, while Girardin et al. éaad&ed

tags of Flickr photosot explore how people perceive their environment and the underlying semantics on
how they describe the urban spasmurbjoernsson & Zwol (2008pund in their study of selected Flickr
photos thatmost frequently, tags represent a location followed bYfeatti/objects.

Building up on these workaye introduce theassessment dbcation correctness of geotagged Flickr
photographs based on visibilit$pecifically, the reverse viewshed analysis is proposed as an objective
baseline measure for positional a@my which can serve for additional investigations what
characteristicsof a VGI volunteerinfluence thecredibility of his/hercontributions WetakeFlickr as the
experimental data sourc®ur approach however, is more generic and applicable to estimate positional
credibility for any VGI data source where geo coordinates and textual image tags which denote an object
or place of interest, occuur approach is discussed in the followisgcton.

% http:/vww.tomtom.com/
15 http://www.garmin.com/us/
18 http://www. ppgis.net/



3. APPROACH

In this section wefirst provide arnoverview of the proposed approach to evaluate the location correctness
of visually generated VG(Section 3.1) Section3.2 and 3.3describe indetail our methodology, we
describe the computation afrevase viewshed fogeotagged Flickr images f@randenburg @te and
Reichstagn Berlin followed by the implementation of a crawler to fetohtadata for Flickr geotagged
images through the Flickr API. At the end of tlsection we present an overlay betweegewshed and
geotags oelectedrlickr images to depict the location correctness of the respective geotagged images.

3.1 Overview onAssessing the Location Correctness of Visually Generated VGI
Our appioachto assess the location correctness of visual VGI entails a series ofstédstrated in
Figure 2.

In a first step, the metadata of ahotographdor our POIs, i.e,, Brandenburg Gatand Reichstagn
Berlin, are automatically downloaded by a crawl€he label of the POlsis part of the textual tager
each of those photographs. Tletched metadatancludesthe latitude and longitugdehe geota@f the
image.In a second ste@ reverseviewshedis calculatedfor the point of interest. A reverse viewshed
successivelydetermines from which observer points the point of interest is visible. alloiws cross
validaing if a picture was taken within the vicinity the point of irterest In a third step we assess the
location correctness of the geotdgsed on this visibility analysiBnagesbelonging to observemshose
line of sight did not include the position of the P& regarded as incorrectly geotagged, iamges
belonging to observershoseline of sight includes the positions of the P@¢ regarded as correctly
geotaggedin a fouth step, we look into the various ufaroto metadata attributes diie photographo
explore how these can be used in association with the reverse viewshethratically classify VGI
producersoncerning accurate geotagging.

®
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Figure 2. The workflow of the proposed methodology to assess the location correctness of visually generated VGI. We
utilise Flickr as the data source.

3.2 The Reverse Viewshed Analysis
Within our experiment we chose the Brandenburg Gate and the Reichstag of Berlin as the swaf point
interest. In the following sectiome compute the reverse viewshed for tHegds

A viewshed analysis can be conducted in a standard Geographic Information System (GIS), to determine
the total area that is visible from a given point (O'Sullivan & Unwin, 2003). Viewahalysis is carried

out in a variety of applications including but not limitedudan environment planning (Lake et al.
1998), locating telecommunication towers (De Floriani et al. 1994)ee cover conservation (Sherren et



al. 2010. A viewshedof a particular point is calculated from elevation data around the region, which is
employed in an algorithm that estimates the difference of elevation of the intermediate pixels between the
viewpoint and the target pixels. In order to deteerine visibility of the target pixel, the intermediate
pixels are analysed for their line of sight (line of sight determines if the target pixel is visible from the
viewpoint, or obscured). If the line of sight is visible then the target pixel is incindibde@ viewshed, if
obscured then the target pixel is not included in the viewshed (Kim et al. 2004). Amongst many who
developed efficient viewshed algorithms.d., Fisher 1991, 1993; Wang et d996), Fisher (996),

Kidner et al. 1999 and Ralling et 41999 alsadiscussedeverseviewshedanalysesA reverse viewshed
analysis holds the same principles as the viewshed analysis. However, it is utilised to determine the
visibility of a given target point froormanyobserver points (Fishefl996).Fisher(1996) distinguished
between the area which can be seen from the location (viewshed) and the area from which a location can
beviewed (reverse viewshed), based on the height differences between the viewing point and the viewed
object. Takig this into consideration, we have utilised the s#é@clniqueto generate a viewshed but a
different procedure. l.e.insteadof taking one viewshed from the target point, we create multiple
viewsheddrom the observer points to validate if the target falls within the visibility of the obséfeer.

use this reverse viewshed analysisléterminethe visibility of the Brandenburg Gaier the Reichstag,
respectively,from the surroundingbserver pointsThis is discusskin more detail in the following
section

3.3 Accessing Metadata of Visual VGI
To make metadata of visual VGI available to the developed process and the viewshed analysis, we have
implemented a toofor the Flickr example the so-called FlickrMetaCrawlt’. This tool is able to
programmatally download metadatef Flickr photos and users. THdickrMetaCrawlrtherefore relies
on the open Flickr AP1and fetches metadata of Flickr photographs for a specified set of tags.

The Flickr API restricts applications to access a maximum of 5,000 photos in a single APl query
execution. However, a certain tag combination may result in a much larger numbestad ph.g.,
searching forTimes Squareand New Yorkresults in around 15,00Qeotaggedphotos. Hence, a
mechanism has to be included that divides the initial query intayseiies which result in less than
5,000 photos. Therefore, to facilitate accessalio photographs that confine to a tag query, the
FlickrMetaCrawlrutilises aguadtreealgorithm(Samet, 1984).

The quadtree is essentially applied to the geographic spacesuddivides it recusively into four
guadrantsstarting with themaximum extent (the bounding box of between 180°W, 90°S and 180°E,

90°N). A division into fourquadrantss performed in case more than 5,000 photos are contained within a
bounding box. Finally, for all definequadrantgeach containing less than 5,000o0f0s) separate API

gueriescan beexecutedThis way selected metadata such as user ID, image accusacyGontact amt,

number of photos per useand tag count per photo were downloaded (from the public photo pool) for
photographs textually tagdeas* Br andenburt @ eGastvelas Redchstag” and “B

The retrievednetadata formages for théOlsare further filterebased orthe scale at which the images
were geotagged. This scale is caldeduracyin Flickr which is derived from the zoom level of the map
The accuracyaries between and 16, while 1 being at the world level and being at the street level
and representinthe highest accuraan Flickr. We extracted the metadata for Flickr images which have
been geotagged at street level.

Theretrieved geotags of the images aomsideredasobserver points from where the photographs were
taken.For the revesse viewshedalculation we usea Digital Surface Model (DSMphat represents the
eart h’ s s urtheaelewtion af manmadel duildiggs as well as the heights of the surrounding

" The source code of oflickrMetaCrawlr can be accessed here: http://ifgi-umienster.de/~arneb/FlickrMetaCrawlr.jar
18 http://www. flickr.com/services/api



vegetation inour areaof interest.These surface heights are derived from-F&Carbsatl in-flight
stereo data with a 5m post spacing and a relative vertical accuracgnofvith linear eror of 90%
(LE9O).

With the help of the surface creation tool in the spatial analyst toolbox in ESRI's ArcGISsliielwe
computed multipleviewsheds from each observer point pertaining to each geotag of the Flickr images.
For this studywe took a sample 0200 images100for each PQIFor each of those imagesyi@wshed

was calculatedAfterwards we analysedor eachimagewhetherthe calculatedarea of visibility includes

the position of the PQBrandenburg Gate or Reichstatf)that is the casehe image is considered to be
correctly geotaggedFigure 3 green polygons). If the image content represents thetR®image is also
consideredas correctly labelled If the area of visibility does not include the position of the POI, the
image is considereiicorrectly geotagge@Figure 3 pink polygons), as the observer could not have seen

the POLIf the image comnt does not represent the POI, it is consideadcorrectly labelled Those
considerations result ifour different categorieanimage can belong t@&) images incorrectly geotagged

and incorrectly labelledb) images incorrectly geotaggedut corretly labelled, c) images correctly
geotaggedbut incorrectly labelledandd) images correctly geotagged and correctly labellégse four
categoriewithin the Brandenburg Gate use case are depicted fioltbesing Figures & to 3d.It should

also be noted here, that photographs that were taken from elevated location such as a higher floor of a
building are disregarded in our analysis, as the height of the position with which the photograph was
taken in not in
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Figure 3. Left to right: a, b, ¢, d. The areas of visibility (green)from four different observer points to the Brandenburg
Gatein Berlin (highlighted with red rectangle). The arrow points to the observer point and the image taken from there

19 http:/iwww.esri.com/software/arcgis/arcgis10
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Figure 4. Left to right: a, b, ¢, d. The areas of visibility (green)from four different observer points to the Reichstag in
Berlin (highlighted with red rectangle). The arrow points to the observer point and the image taken from there

Photographs that are geotagged outthe visibility range POI falls in pink colouredarea$ are
considered to either misrepresent the location from where the photograph was taken, or the photographed
content represents something else other thafP@iebut tagged as the latter. Photographs belonging to
either of theséwo are considered to be representing incorreettion of the point of interest.

. Analysis ofVisual VGI Metadata for User Credibility Assessment

Next, we explore how we cabuild up on the described approach for assessing the location correctness of
visual VG, towards inferring the credibility of VGI userg/e proposehere toanaly® the dependency
relationship between metadaa#tributes (e.g. user contacts count) atite location correctness of the
geotags.l.e., we determine the location correctness of Flickr geotagsigh the reverse viewshed
analysis consider it asmexample of aeference quality measuremdat Flickr photographsand relate

it to userand photometadata attribute®Related research such awol (2007, Castillo et al.(2011), or

Gupta et al(2012 utilisedvariousVGI user metadatto derive conclusionandto characteris¢he user

Zwol (2007)takesthe number of contacts of a user as the predictor for the expected popularity of a photo
within the Flickr data sourc& hereforejt can beassumd that the user contact number characterises to a
certain degree the popularity the userFurther, Castillo et al. (2018nd Gupta et al. (2018howedfor

Twitter data how usebased featuresuch as the user friend count and contridoufrequencyassociate

with information credibility. This shows that user profileeatures can be used as a rich source of
information to derive characteristics about the Lisetuding content credibility

Based on these works, and in combination wlih teverse viewshed as a reference quaiggsurewe

can explore which user metadata shows a pattern within users who correctly and incorrectly geotag a
photograph For each of thdwo selectedpoints of interest, the Brandenburg Gated Reichstag in

Berlin, we analysedl00 geotagged Flickr imagesachfor its image contentogether wih its photo and

user metadat@ur analysis is summarisé&d Table 1 and 2The photosareclassified as (wronggeotag

and wrong labg| b (wrong geotadput correct labé), ¢ (correct geotadput incorrect labél andd (correct

geotag and correct lah€Table 1).

Table 1. The categories ofmages within the sample dataset falling to correct/incorrect geotagging and labelling

Category Correct Correct




Geotag Label
a No No
b No Yes
C Yes No
d Yes Yes

Table 2. The statistics of each metadata attribute within image categories a, b, c and d

Brandenburg Gate Reichstag
a b c d a b c d
(30%) | (19%) | (11%) | (40%) | (27%) | (11%) | (25%) | (37%)
Avg. user
18 8 13 11 35 12 22 10
tag count
Avg. user

19,087 | 3,852 | 18,354 | 5422 | 8,136 | 7,928 | 9555 | 2,618
photo count

Avg. user
contact count

338 111 134 132 108 141 153 110

Avg. distance to

626.5 | 402.9 | 299.1 161.6 | 1,321 | 735.9 | 510.5 | 436.6
the Target (m)

Table 2 presents the variation of each metadata attributelith four image categories b, ¢, andd

for BrandenburgGate and Reichstago complement Table Zigure 5 to 12presentthe descriptive
statistics ofthe selected metadata elements tloe four identified ategoriesWe can observinteresting
patternswithin the gathered datdroducers of photowithin categoryb andd for both POlhaveon
average the lowestumber ofcontacts(on averagel2lc ont act s f oGat 8T anthagésr gnc
contacts for ) &eompaned tpraduders bfanaogvetls incorrect labels (categories
andc) who have omaverage236 contactswithin “ Br a n d e n bimaggsan 430 eohtacts within
“Rei ¢ hst a@Hhs maymexgaisthe motivation and thus different prioritefsusers when
contributing to VGI as also described by Coleman et al. (2008rs who have correctlgbelled their
images tendo haveon average lower number of contacts in comparison to users falling in to the
remaining categories. Hence, popularity in Flickay not be a priority for thigroup of users while
priority in quality is

Furthermorewe looked io the averagewumber of photos contributed by users to Flickr within each
category This also revealed a pattenf correct and incorrect image labellingroducers of photosf
categorya andc, with incorrect labelshave contributegignificantly more photos over thgearsof their
participation on Flickr The average photo counf photo producergor POl Brandenburg Gate in
categorya is 19,087and for categoryg is 18,354 while for categongd it is 5,422and for category it is

3,852 The average photo couot photo producerfor POI Reichstag in categosayis 8,136, categorg is
9,555 while for categorl andd it is 7,928 and2,618 respectively

Looking into the photo metadatathe averagenumber oftags per photofurther reveat a pattern in the
above imageategoriesPhotosfor Brandenburg Gateithin categoriesa (18 tagson averagg¢andc (13
tags on averagg have on averagethe highest numbeof tags Thesephotosare incorrectly labelled
Whereagphotosin categoryb (8 tagson averagg andd (11 tagson averagg have the lowest number of
tagson averageand are also correcthabelled Likewise, photos for Reichstag within categor&e$35
tags on averagendc (22 tags on averagégave on average the highest numbktags pemphotg and



photos in categorp (12 tag on average) and (10 tag on averagehave the lowest number of tags on
average and am@socorrectlylabelled.

Further, we have computed the distance to the target by taking the orthodrome between the geotag and the
actual geogaphical coordinates of a point of interest. This reveals that the average distance to the target
decreases for images fraarto d within the use cases for Brandenburg Gate as well as Reichstag. Images

in categorya have the highest averaged distance totdinget and in categony have the least averaged
distance to the target (Table 2). The closer to the point of interest a person is, the more focused the object
would be in the image, thus, allowing the person to gdatag] more precisely. The further away from

the point of interest, the person might become more imprecise when geotagging and labelling the image.
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Figure 5. Distribution of data for category 6 andthin the Brandenburg Gate use case.
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Figure 6. Distribution of data for categoryé bwdthin the Brandenburg Gate use case
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Figure 7. Distribution of data for category 6 owdhin the Brandenburg Gate use case.
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Figure 8. Distribution of data for category 6 dwdthin the Brandenburg Gate use case.
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Figure 9. Distribution of data for category 6 awdthin the Reichstag wse case.
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Figure 10. Distribution of data for category 6 bwdthin the Reichstag use case.

photoTagsCount userPhotoCount userContactCount distanceToTarget
80 80000—] 1200 3000-]
. 70000 4
70 e 1000 25004
8 I 800
50- 50000 2000
40000 6007
40 1500+
30000+ 400+
30+
20000 A 1000
20- 200+ N
Ll :l | 500
104 [ 0 9 4 ’ [ =
0- -10000- -2004 0
Summary Statistics Summary Statistics Summary Statistics Summary Statistics
Mean 22,28 Mean 9555,2 Mean 152,8 Mean 510,49649
Std Dev 21,799312 Std Dev 17919,624 Std Dev 301,4067 Std Dev 491,76863
Std Err Mean 4,3598624 Std Err Mean 3583,9248 Std Err Mean 60,28134 Std Err Mean 98,353727

Upper 95% Mean 31,278314
Lower 95% Mean 13,281686
N 25

Upper 95% Mean 16952,057
Lower 95% Mean 2158,3428
N 25

Upper 95% Mean 277,21457
Lower 95% Mean 28,385428
N 25

Upper 95% Mean 713,48861
Lower 95% Mean 307,50438
N 25

Figure 11 Distribution of data for category 6 awithin the Reichstag use case.
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The above observations can be considered as trigg&sk further iio these findingsTheywill enable
us to infer the user credibilityithin similar VGI sourcesand in general tanderstand qualitative aspects
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Figure 12. Distribution of data for category 6 d 6
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in user provided data much bettkr addition to the location correctness, other features such as the label

precision,or image content can be used to evaluate the user credibiityrods to utilise these features

in combhation to assess user credibility are discussed in the following section

. DISCUSSION

A reverse viewsheds carried out to assess the location correctness of geotagged Flickr images that
confirm to a particular point of interest through the geotag and the image label. Images placed within a

visibility regionthat do not include the positioof the point of interestare determined tdobe either
incorrectly geotaggedr incorrectly labelledor both. We have to considgpossible reasons fahese
outliers. An obviousreasonare mistakesmadeby the user whegedagging a photo. Such mistakes can
for example result from either manuadgdingwrongly measured coordinates a geotatp the photoor
coordinates measured byralfunctioningGPSdevice Another reason might be thathile the geotag is
corred, a user lacks sufficient knowledgdout what is shown on the photograph and provitesrect

place describing tagé\lso, we haveseen cases within the data sets, where it seems that users have made

touristic round trips and collectively tggdtheir taken photos with all places visited during that tipr
example, a tourist visitingeveral places itermanyd e f i ne s
a | Huring dig'remripgpdbukiugoads them as a photo set twki.

The casesabovecan be clearly considered as wrongly taggkedtosand lowering the credibility of the
producers of such photos would be valifher outlierscannot be as easily considered as bamangly
tagged. In particular, when extracting didgaa particular place of interest based on their textual tagging,

Gate ) f or

t he

s a Brandenkurg s

(i nc

we have to encounter outliers that are duplicates and referred to by the same name. One such example is

the Eiffel Towerreplicain Las Vegaga replica of the original in Parisyhich also attracts many visitors.
Another examplarephotos that showniniatures of important sightsTheyare validly tagged by aser

with the name of that sight while being located far away from the original place of interest. An example is
of a miniat ur eA dfiictiltfcas¢are photesef a cedain place me o n e’

the photo
and a user draws comparisons to osights by also adding theomparedlace of interest as a tag. An
example could be a photo of the Shibuya crossing iryd@ @khere the producer wants to point out that
looks similar to the Times Square in New York and provides accordingHagse a compkementto our

approach would be to utilise image recognition techniques that can programmatically identify the image

content andcompars it to the point of interest to find (dis)similarities, and then associate it with the
reverse viewshed. This would already filter out imatpes are irrelevant to our quefg.g, thosethat are



textually/geographically tagged as the Brandenburg Gdteelpuesent a bustopin the nearby region
and show us images that represent the target within the reverse vielskednalysis algorithms can
also aid us in filtering out relevant and irrelevantly labelled pdratphs.

Thus far we have considered onbneaspect with which the reliability of a photograph can be assessed:
the location correctness. In addition to thisréhare further aspectas described above, that attribute to

the reliability of an image,uch as the label completeness, content relevance, user profile completeness
etc. A weightedscorefor each of these aspects could give ummpletereliability score for each user,

with which the user credibility can be evaluated.

Regardingdata accuragywhencomputing thgreverseiewshedanalysis, one has to encounter issues of
output quality variability that were emphasised by Fisher (199hpse quality issueare due to data
errors, data resolutioms well as errors in theewshedanalysis algorithmThus within this paper we
limit our approach to calculating a reverse viewshed upon which thedooatirectness of geotagged
Flickr images are assessed. We proposase other additional user/photo metadata in combination with
the location correctness infer the credibility of users as an extension to future work.

. CONCLUSIONS & FUTURE WORK

This papercontributes to the research and discussion on quality control of V&Ih&Ve investigated
through experimental analysis how a reverse viewshradysis can be utilisetb assesshe location
correctness of visually generated VGI. In doing sohaee firstprogrammatically downloaded metadata
of photographs fom certain point of interedty querying the open Flickr API for all geotagged photos,
which are textually tagge@abelled)with the place description (e.g, with the tags "Brandenburg"Gate
and "Berlin") As a next step, we have computeeé area of visibilityfrom each observer point (geotag)
based on surface elevation datathe givenpoints of interest theBrandenburg Gate and the Reichstag in
Berlin. With the help of ths reverse viewshednalysiswe were abléo determindf the position of the
POI lieswithin the visibility from a given observepoint If it lies outsideof the visibility region the
photograph captured by the obserigtonsideredas incorrectly geotagged. Vdelly notethat all images
that do correspond to thmoint of interesthrough the geo/text tag do not necessarily visually represent
the point of interestThis is also exhibited through analysing a sample daté&epropose to conduat

the future workimage recognition techniques to filter out images that aréevwaat to the point of
interest.

Within the sample datastdr Brandenburg Gate and Reichstag have categised thephotographgnto

four groups based on the geotag and label correctOesthose categoriese made observationis user

and photo metadatén particular, we have found that users producing photos for categamyc (both
wrongly labelled) haven averagehigher numbers of photg$or both use casgsAlso, we found that
photos in categorg andc (both incorrectlylabelled have higher numbers of tags. Further, the producers
of photos in categorp andd (correctlylabelled)togetherhaveon averagdower humber of contactss
compared to the other photo categariss we insinuate that these are valuable indications for assessing
the credibility of users based on the reliability of their contributions, thegeerimply oninvestigaing

the tagging behaviour of users beyond their motivational aspects

For the futue, we will work towardsa mechanisnfior automaticallyinferring the user credibility through
analysing thedependencyetweencertainuser metadata and the reference quality meatheéocation
correctness determined with theverse viewised Thereby, the influence of viewshed sensibility will be
studied and optimized, e.g., by investigating vectorised city models based on CityFaNter, wewill

look into thepossibility ofextractng credibility-related measures from ansihyg freetext comments that

users provide for photos. An example is sentiment analysis, which computes polarity scores regarding the
expressed opinion#nother directionwill be to look into the temporal trends of photo capturing and
uploading behaviourLooking into these additional aspgseind giving them a weighted score to find the
complete reliability of geotagged imagesll allow us to evaluate the user's credibility within these
visually generated VGI sources. Furthermore, to automate thegzrad user credibility assessment we
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can envisage to train statistical prediction algoritiforsclassifying the users according to the above
mentioned weighted reliability parameters.
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