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Abstract

Land cover change has been identified as one of the most important variables of global change, but
when comparing individual land cover products large disagreements of what land cover class they
declare at given locations emerge. Cost efficiensiin classifications from a large number of ron
expert users offer a way of generating large amounts of data for land cover product assessments. By
identifying and synthesising several key concepts asthods found in the literature regarding user
generated data collection, locatidmased game design and user motivation, this thesis elaborates the
implementation of a fulfledged locatioAbased game for ksitu land cover classification collection by
non-expert users. A Neo4j Graph database was combined with a PostGIS raster table and a PHP
framework to successfully implement a browdssed locatiorbased game, allowing for easy access.
Data was collected over three months and a considerable amounndfdaver classifications were
reported by norexpert users. The data was analysed using different visual and statistical analysis
approaches. The attributes were analysed individually, in comparison with other contributed data and
compared to the officiaCORINE 2012 land cover dataset of Switzerland. Both, absolute and relative
confusion matrices were used to visualise and statistically analyse the data. In addition, various bar
and line plots as well as map examples were created to highlight specifiactérstics. Since user
motivation was found to be a key factor in generating data through gaming and in effective user
retention, various types of motivational elements were implemented such as competition elements
and a sense of progression. The resu#teeal that the implemented locatichased game offers a
plausible and cost efficient way to collect large amounts of data in a short time span. The user
contributed data shows agreement rates between the user generated data and an official dataset on
parwith findings of similar analyses, underlining the success of the implemented application. Observed
disagreements are closely inspected and three main sources of error are identified: (1)
overrepresentation of classes, (2) difficulties in differentiatitag®es and (3) spatial autocorrelation

of classes. Findings of this thesis suggest that individual or gedaied differences in the perception

and thus classification of land cover classes are the most prominent source of error. Understanding
the different semantics of land cover classes is thus of utmost importance in land cover assessment
efforts. The results of this thesis ultimately confirm that the implemented locatiased game is less
suited for automated land cover curation processes, but ratherdetect areas of spatially

autocorrelated classification errors and to gain insighte potential semantic issues.
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1 Introduction

1.1 Context

The rapid development of internééchnologies such as cellular interraetd display interfaces such as
browsers as well as ever increasing bandwidth allowed for new forms of collaboration, social exchange
and data collection. In addition, the significant growth in available digitahgespace anits decline

in price have led to an abundance of unassessed or even unused digital data within information

societies.

Among the large variety of opesource and free software products, high quality remote sensed

products are also increasiygbecoming freely available. Of these remote sensed products, land cover
RFEdlFrasSia KIFEGS ao0SSy ARSYGATASR lFa 2yS 2F (KS 7Fd
Y2NLIK2f 23A0Ff YR FdzyOGAz2ylf OKIy3aSa HYGHNNAY 3
(Congalton etal. 2014, p.12071)thus becoming crucial for large scale policy and decision making
processes(Congalton et al. 2014; Mallupattu & Sreenivasula Reddy 204/3pib et al. 2001)

However, according to Fritz et £2009)a 3f 26 f f+FyR O2@SNJ RIFIGlFasSaa aida
RAA&FANBSYSyié@Eon3y ) {INS SS i KI fid & X8 -2000,iMODIS @akd & dzO K
Df 20/ 2@SNJ ©X8 TFNBIljdzSydfte RA&AFINBS 20SN) G4KS I yR
scientific community, a particular point of interest is the verificatand improvement of land cover

products using citizen science and crowdsourcing, especisdly generated content (UG&)ch as

volunteered geographic information (V@5oodchild 2007; Foody & Boyd 2012; Fritz et al. 2009; See

et al. 2013) The sudden intes in research focusing on the use of VGI for land cover product
verification, assessment and improvement is partially due to the advances in internet and mobile
technologies, allowing users to easily contribute and share geographic information usingelthndh

devices. Fritz et al2009)LINR LI24S GKS dzaS 2F aO2YLISGAGA @GS 3IY
O2YLJzi SNJ I+ YSa wX8 (2 YIS (GKS OKI f foGajioRBbase@ F f | yF
games (LBGsJre of particular interest in this respect, bes@uusers contribute ksitu geographic

information. LBGshave seen an unprecedented increase in the number of users in 2016 after the
release of the highly populdarBGPokémon G produced byNintendd and Niantic lab% a Googlé

spinoff. Even though games likkeocachingand INGRES®xisted and were played by millions of

users before the release &okémon GQ_BGsvere still unknown to the general publieokémon GO

first introduced the concept dbcationbasedgaming to a wder public, in particular to persons owning

! http://pokemongo.nianticlabs.confaccessed: 22.03.2017)
2www.hintendo.com(accessed: 22.03.2017)

3 www.nianticlabs.confaccessed: 22.03.2017)
4www.google.con(accessed: 22.03.2017)

5 www.geocaching.corfaccessed: 22.03.2017)

5 www.ingress.confaccessed: 22.03.2017)
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http://www.nianticlabs.com/
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a smartphone witlglobal positioning systeif@PSlocalisation capabilities. Aided by the omnipresence

in the mediaPokémon G@Was the first LBG which gained (almost) global prominence.

Locationbasedgames hag become an object of research mainly over the past two decades and the
literature agrees onlocationbased gaming being a useful tool for geospatial data acquisition,
geospatial data validation and for edutainment purpo@dsityas 2007; Yoshii et al. 2011; Celino et al.
2012; lonescu et al. 2013; Davidovic et al. 2013; Matyas et al. 2012; Charsky 2010; Matyas et al. 2011;
Avouris & Yiannoutsou 2012; Richter et al. 2012; Matyas et al. 2008; Winter et al. 2011; Celino 2015;
Yanenko & Schlieder 2014jJarious authors havanalysedthe usability oflocationbasedgames for

data mining(Matyas 2007; Matyas et al. 2008; Celino et QL2 Winter et al. 2011; Davidovic et al.

2013; Matyas et al. 2012)nainly focusing opoints of interest (POijformation collectionLocation
basedgames typically only allow certain interactions with a virtual environment if specifiewadd
location-basedcriteria are met. Aocationbasedgame for geographic information mining is usually
characterisedy various indicators. The game field structure can be unstructured -steagitured or
structured(Matyas et al. 2012; Matyas 20Q0'8ncouraging the collection of specific types of data (e.qg.
POI, Path, Tiles). Three other key characteristics are the typical duration of a(gamgis &
Yiannoutsou 2012)f the game has a narrative story-line (Avouris & Yiannoutsou 201apd if the

game is team baskor not(Matyas 2007; Matyas et al. 2008; Matyas et al. 2012; Celino et al. 2012;
Winter et al. 2011; Yoshii et al. 2011; Davidovic et al. 20483t of theLBGsnalysed in a scientific
context concentrge on collecting POI information and the duration of the games is predominantly
short to medium. Furthermore, most of the studied games do not have storylines or narratives at all
or only weak ones. Finally, the games are based on the player distribgtigh@S LJG 2 F SA G KSNJ ¢
T2N) 0KSYasSt 9Saé 2N aLi Al Aya2 O SHassdgames Bedzings | NB
apparent. The implementation and analysis of a locathased game focusing on tikased
information collection, incorporating sing narrative characteristics, with a continuous gameplay and
faction or team based playing offers the possibility to make land cover validation more attractive and
to appeal to a large number of users. This great potential for motivatingexpert usergo aid in the

task of land cover product validation has already been identifietdz et al. 2009)but little research

has as yet been done on implementing a locati@sed game for this purpose. Furthermore, location
based gaming for geospal data acquisition, geospatial data validation and for edutainment purposes
has been widely discussed in the scientific literature, but no literature was found concerning lecation
based games for tilbased information mining. Thus, the following quessamerit consideration:
Howcan a tilebased locatiorbased game be implemented to collect data which can be used for land

cover validation and assessment dmalv can the generated data be analysed?
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1.2 Scope an@verview

¢CKAA YIadSNDna i K&tiorsdn HowrtReNdlgctos gt daih trduliStisalf location

based games can be implemented and on how the generated data is best analysed through an
interdisciplinary approach, merging theories of UGC, VGI, LBGs, game design, citizen sciences,
geograhic information science and statistical analysis. New cost efficient ways of quality assessment

and improvement are called for to assess an increasing array of land cover products. Therefore, besides
developing and implementing a retiine tile-based loction-based game for geographic information
YAYAYy3Is: GKAA YFadSNRa GKSaira rfaz2 FylfteasSa GKS
assessment. The results of the various analyses are then synthesised and discussed in light of the
literature. Thus,KS | AY 2F GKA& YI &aGdSNDNa (KSahadedhamefgr2i GKS
automatedland cover dataset curation, but to generate a considerable amount ofexpert land

cover information data to evaluate the reliability of a locatioased gam with regards to the
assessment of land cover products. Therefore, the overarching research questions can be summarised

as:

How can a locatioibased game with a neaxpert target audience be
implemented to mine tikbased geographic information, in padiar land cover
data; and can the generated land cover and semantic data be used in a research
context, in particular with regards to the validation or assessment of land cover

products?

1.3 ThesisSructure

A comprehensive literature review regarding landeoproducts, including potential sources of error

is given in chapte?, State of the ArtIn addition, current efforts in assessing and curating land cover
datasets are highlighted. Further, the state of the art of VGI and crowdsourcing as data sources of
geographic information are presented with a focus on locablased games as geographitormation

mining tools.In Chapter 3Reseeach Gap the identified research gap is presented and chapter 4,
Research Questiohs St | 0 2NJ 1Sa (GKS NBaSlt NDKChaptdds Baithbdsy a 2 F
gives a detailed overview of the implementation process of the proposed loechtisad game as well

as the methods and approaches used to analyse the generated data. The results of the analyses are
presented in chapte, Results focusing on user distribution and attributes, user contributions,
analyses of intrdile agreement rates on the land cover classification of given locations and finally, on
the comparisonof the user contributed data with the official CORINE 2012 land cover dataset of

Switzerland. Chaptef, Discussiorthoroughly discusses the research questions in light of the results
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obtained from the own research and previous findings from the literature.Oikeussiois followed
by chapter8, Limitations,where major limitations of this thesis are elaborated on. A summary of the
main recommendations and suggestions as well as an outlook and a call for further research round off

this thesis in chapte®, Conclusions and Further Work

All diagrams and plots were coded usRdStudio Version 1.0.186 were drawn inMicrosoft Word

365. Map material was created usifgGIS 2.18.4 La Palmas
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2 State of the Art

This chapter presents a detailed overview and the state of the art concepts related to land cover
products, land cover product assessment, geographic information mining and lotasaad gaming.
These are fundamental topics that need to be understooddepto implement the intended location
based application. The state of the art also introduces key literature allowing a better understanding

of the results and ultimately enabling a synthesis of the results and literature in the discussion.

The chapters structured in a pyramid or tegown structure, starting with a general overview followed

by more and more detailed subsections.

2.1 Land Cover

Researchers agree that land cover is one of the most important variables in understanding and
analysing fundamemat processes of the eari€ongalton et al. 2014; Foody et al. 2002)nd cover is

generally used as a synonym for the characterigice (1 KS S NI KQa & dzNJRheOS | G |
GOA2LIKEAAOIT I GGNM O (UanBidiet & 200%) KBy BtheNdork, I thesazpel | OS ¢
of this thesis the followinglefinition of land cover from a remote sensing perspective needs to be

taken into account:

Land cover is the physical material at the surface of the earth. It is the material
which we see and which directly interacts with electromagnetic radiation and
cauwses the level of reflected energy which we observe as the tone or the digital
number at a location in an aerial photograph or satellite image.
(Fisher et al. 2005, p.2)

Issues revolving around land cover and land cover changes have been of increasing importance to the
scientific community, especially in regard to climate change and climateggetfardback loop$:0ody

et al. (2002) summarise theihdings of various authors by stating that land cover changes have a
O2yaARSNIOES SFFSOUG 2y 0l aAi(SkoleXo®4THuglasSlao9;¥/ousékk S S|
1994 as cited in Foody etal.2002) [ YR O2 @SNJ OKI y3aS Kl a 0SSy ARSylA
GrNARAFotS 2F 3JIt201t OKI y(Eb&dy ét &.72800,(pA8E) it & Prastirded A O £
that for the next 100 years land cover change will be the most significant \ariaipacting

biodiversity(Chapin et al. 2000)

2.1.1 LandCover Products
Land cover products are datasets which consist of classifications of the biophysical attributes of the
SENIKQA AdNFIFOS i 3IAGSY t20GA2yae [FyR O020SNI L
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GKS SIENIKQ& f ILWESI2ES NU2AS (i NBFSNNBR (2 | &
is collected and prprocessed to account for various sources of errors including atmosphere related,
geometrical and calibration errors. After the raw satellite data ispnmaessed,hie pixels are classified

into a set of classes in supervised or unsupervised classification processes. The unsupervised
classification process clusters the pixels according to spectral similarity and defines classes out of the
resulting clusters. The supgsed classification process requires predefined spectral classes (mostly
defined by an expert user) and allocates the pixels according to said predefined classes. The pixels in
the resulting dataset can belong to multiple classes (fuzzy) or one clasl (Akxis Combeet al.

2005)

The produced products consist of gpeocessed and classified datasets, in which each pixel has one or
multiple values. The generated product is then provided by the producer and used by a user. The use
of the data can vary depending dme intent of the user, most commonly the data is used to describe

or analyse the landscape of a particular geographic ex(aiekis Comber et al. 2005)

Raw Satellite Data

Preprocessing

Unsupernvised
Classification

Supenvised
Classification

Y Y

L4 L4
Fuzzy Pixels / Hard Pixels / / Fuzzy Pixels / Hard Pixels

Figurel - Remotesensingproduct workflow
Figure showing the basic workflow of landrepproduct creation

Land cover products are slowly diffusing into disciplines other than remote sensing and geography,
especially with increasing resolutions and decreasing prices of land cover products. Thus, land cover
products are not only used in aisntific context, but theyhave becomémportant tools in various
domains within the private sector, such as urban planning, architecture, energy production and water

management.
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2.1.2 CORINE Land Cover Data

TheCoordination of Information on the Environme@®RINE)and cover inventory is a database of

land cover information, which was initiated on June 2985 (European Environment Agency 1994)

¢CKS / hwLb9 AYAGAL (A @aSoRimardge@etCaiida@sBssniest of infognatian2 2 NR A
regarding the environment and natural resources. Therefore, one of the main goals of the CORINE
LINEANF YYS A& a2 oNARy3d (23SGKSNI Fff GKS Ylye |
various levels (iernational, Community, national and regional) to obtain more information on the
SYGANRYYSYyld | yR { KBuropedn&Envikoimerk AgerOyK19943. ATyeICORINE

program provides consistent geographic information on the land cover of 39 different states (as of

19.02.2016) as vectors or as rasters with cell sizes of 100m x 100m to 250m x 250m.

According to the official documentation of the CORpEgram(European Environment Agency 1994)

a supervised computesided photo interpreted classification approach is used to delineate different
land cover classes. After completion ofettpreliminary preprocessing, falseolour images are
generated. The generated falselour images are then delineated and identified by compuatieled

photo interpretation, where an expert in photointerpretation manually highlights key areas of
homogeneos land cover. The expert classifies an area according to strict rules using a predefined list

of classes. The clageeen urban areass, for example, defined as follows:

GDNBSY dzNbFy | NBlFa O2yOSNY | ftf @S3Sdatedivitin ot NS & -
in contact with urban fabrics. Strips of lanes and paths created for recreational use may be found within

0KSaS (Kosddehab2014, p.29)

After classifying the images, the expert in photointerpretation highlights those areas where additional
information is needed in order to correctly classify a particular area in compliance with CORINE
standards. Additional information which is viable to be used in the land cover classification includes

tourist and topographic maps, aerial photographs, SB&a and maps of farmland.

Once the process of interpreting the falselour images has been completed, the national project

leader deals with unresolved questions in accordance with the CORINE stafiderdsperidentifies

key problems and divides tbe into two groups: Areas where ground surveys are needed and areas

where aerial photographs meet all necessary requirements. One major problem in this final stage of
interpretation is the cosefficiencyratio, because high costs are to be expected foy@amall areas

of classificato® ! & F NB&adzZ 6§ GKS / hwLb9 3JIdzZARSEAySa adl aS
INRdzy R G NHzi K &dzNwSea R2S&a y2i SEOSSR wmmx: 2F GKS
(European Environment Agency 1994, p.6&jure2 shows key steps in the procesf generating the

CORINE land cover dataset.
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1. Preliminary work

2. Production of false-colour images on scale of 1 : 100 000

3. Computer-aided photointerpretation
Delineationfidentification
Controlling the guality of the photointerpretation

4. Digitization

5. Validation of the database

Figure2 - CORINE land cover product creatigReprinted from European Environment Agency 1994)
Figure showing key processes in the creation of the CORINE land cover dataset.

2.1.3 Land Cover Product Errors

Despite land cover being used in various federal, academic and private instit@rahdeing
acknowledged as one of the most important environmental variables, there are still major issues in
terms of accuracy and data quality regarding land cover products and the implications thereof. The
insufficient amount of accurate 4isitu land coer data leads to considerable limitations in quality
assessment efforts. Land cover datasets show substantial disagreements between individual products,
i.e. the most widely used land cover products largely disagree on the land cover data recorded for the
same locatior(See et al. 2013)This poses a major problem seeing that data from (global) land cover
products are often used in the context of large scale policydecision making processes and in
understanding large scale environmental processes. Thus, land cover products are also vital in the
assessment, analysis and monitoring of climate change and in detecting other large scale
morphological or functional cha&ga Ay (G KS S| (Chnalon et 2IOZDEPue Ho3he &
substantial differences between the datasets of individual products, a gradient of possible results of
any given analysis using land cover products is inevitable. Therefore, the outcome of an analysis is
unavoidably biased according to the land cover pidaresearcheror institution chooses to base

their analysis on. In view of the importance of land cover datasets and the lack of reliable quality
thereof, new methods to assess and new technologies to enhance the quality of land cover datasets

are calledor.
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2.2 Land Cover Product Assessment and Curation

Seeing the importance of land cover datasets in making large scale policies or decisions, or detecting
large scale environmental changes, a lot of research has been done on the quality assessment of land
cower products.Foody et al(2002)summaise four historcal stages fotand cover assessment. The

first and earliest stage of accuracy and quality assessment was based on theshigjhdyive question

2y SKSOGKSNI I YIFIL) t221SR GNARIKGE 2N GogNRy3Iédd LT
accurateandy O2y GNI adG> AT Al ft221SR aoNRBRy3IET Al 62 dzf |
land cover product quality assessment was based on the relative quantity of a map class correlating to
a ground truth dataset. Although this method does not sfieally take the location of a class into
consideration, it did, for the first time, quantify the agreement of the relative extent of the mapped
classes in comparison to a ground or reference dataset. A major limitation of this method was that a
high accuacy could be achieved even if a map class had a similar extent in the reference dataset but
completely different spatial attributes (i.e. the same amount of a class can be found in the reference
dataset but at different locations). This major limitationlled for further quality assessment
methodologies for land cover datasets. The third stage saw an extension to the second stage by adding
location to the methodology. Certain map classes were compared to the ground truth at specific
locations. The relativamount of agreement was then translated to an accuracy score. The fourth
stage mentioned byroody et al(2002)has been widely accepted and is still being used in accuracy
assessments today. The fourth stage is based on a confusion or error matrix from which an accuracy
indication is derived. The confusionatrix consists of a table containing mapped classes that are
compared to reference data in the form of validation pixgsrneiro & Pereira 2014)he confusion

matrix can be used to calculate the common performance metrics and to make assumptions on the

general accuracy of the underlying datageawcett 2006)

Not only does a large amount of reseh exist concerning accuracy estimation of land cover products,

but also concerning refinement and curation using UGC or VGI. To crowdsource land cover pixel
validation,various authors use an interactive internet platform incorporating underl@oggleMaps
services. The users are tasked with agreeing or disagreeing on the classification of different land cover
products when comparing a pixel in the land cover product to the referenced ar@adigle Maps

(Fritz et al. 2009; See et al. 2013)

“www.google.ch/maps/



http://www.google.ch/maps/
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2.3 Volunteered Geographic Information and Crowdsourcing as Data Sources for

Geographic Information
User generated content, especially volunteered geographic information and other crowdsourcing
efforts have become valuable sources of expert and-expert geographic information. The following

section presents the state of the art in VGI anowdsourcing.

2.3.1 User Generated Content and Volunteered Geographic Information

UGC refers to all forms of data ated by a user and then uploaded to the interristeuendorf 2016)

It is rapidly becoming an often used source of data for scientific research, specificallylaspen

collections of data are needed. Accordinghe literature, the generated content can be divided into

two groups: explicitly and implicitly generated cont€Att et al.2010; Senaratne et al. 20186} a user

individually and actively contributes content by performing specific actions (e.g. uploading a
photograph to Flickr posting a message on Facebpkhe contribution is described as being explicit

(Alt et al. 2010) Implicit user generated content encompasses content or data which is generated
without any additional effort from the user (e.g. Goo§l@ OF yy Ay 3 | yR &l @Ay 3 | dza
and emails to individualise ads; wahop storing information on orders to make user specific product

recommendationsfAlt et al. 2010)

There are obvious forms of user generated contespecially since UGC has seen a rapid increase in
contributors with the emergence of web 2.0 technologies and broadband cellular internet sgiitces

et al. 2010) With the advent of widspread access to accurate GPS location data, there has been a
significant increase in user generated content with spatial attributes and lochtised user
generated datdAlt et al. 2010)VGl is a special form of user generated content, focusing on geographic
or spatial aspects of UGGoodchild 2007)Similar to UGraglia et ali2012)argue that VGI can be
divided into four groups, each of them represents a combination of the type of explignplicit
geography which is capturedith the type of explicit oimplicit volunteering(Alt et al. 2010; Antoniou

et al. 2010; Craglia et al. 2018patially explicit content is generated by users knowingly interacting
with spatial features (e.g. digitising geometries in a Y&B), whereas spatially implicitrtent is only
implicitly associated with a geographic extent or location and can be generated as any type of media

(e.g. an article containing toponyms; a geotagged ph{Benaratne et al. 2016; Antoniou et al. 2010)

8 www.flickr.com
9 www.facebook.com

0www.google.com
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Geographic

Explicit Implicit
Explicitly volunteered This is “True’ VGI in the Volunteered (geo)spatial
strictest sense. Examples information (VSI).
include Open Street Map. Examples would include

Wikipedia articles about
non-geographic topics,
which contain place names

Implicitly volunteered Citizen-generated Citizen-generated
geographic content (geo)spatial content
(CGGC). Examples would (CGSC) such as a Tweet
include any public Tweet simply mentioning a place
referring to the properties in the context of another
of an Identifiable place. (non-geographic) topic.

Figure3 - Typology of VGI(Reprinted from Craglia etl. 2012, p.405)
Figure showing combinations of explicit and implicit geographic information both explicitly and implicitly volunteered

There exists a significant numbef applications using VGI. Thidaptive System for Image
communication over Glob&letworks(UN-ASIGI) for example is an application hosted by tHaited

Nations Institute for Training and Research (UNITAR) Operational Satellite Applications Programme
(UNOSAT) through which norexpett users can contribute locatiebased information and
photographs. This application is used for disaster management such as emergency response efforts.
One of the besknown collection of volunteered geographic information can be merited to the tireless
efforts of the OpenStreetMap (OSM@am, offering quality on par with commercial datasets by

leveraging users to voluntarily contribute geographic informati®ehra et al. 2014)

2.3.2 User Generated Content for LaBdver Data Collections

Particular points of interest in the scientific community are the verification and improvement of land
cover products using citizen science and crowdsourgtnidz et al. 209; Foody & Boyd 2012; See et

al. 2013) Fritz et al(2009)and See et al(2013)examine the usability of the crowdsourcing platform
GeoWiki.org for land cover validation pcesses. Regarding the quality of dafee et al(2013)
conclude that the overall quality of crowdsourced information is relatively high and that differences
between expers and norexperts are small, but vary depending on land calassand throughout

0KS GSaid LSNA2R® ¢KSaS TFTAYRAYy3Ia R2 y20 02YL} @
volunteers is often considered as being of lesser quality than data produéed S E LJS NJiBy¢ | &
Yanenko and Schlied¢R014, p.1jYanenko & Schlieder 28, p.1) It is also mentioned that the

Q)¢

ANBEAFOATAGE 2T 0K S-expeftFimpoved faste snd INBréaterRiSgRee thah Y 2 Y

S E LJS(Sé&k &ttal. 2013, p.10\vhich calls for targeted means of training (i.e. training -eapert
users efficiently during or before they generate data should increase the overall quality of the

generated data). Research has also beemducted byHutchison et al(2012)on how to allocate non

11 https://www.unitar.org/unosat/un-asigrcrowd-sourcephotosmobile-app/ (accessed: 22.03.2017)

11
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SELISNI dzaSNB G2 | GF&1 6KSYy ONRSRaz2dzNOAy3I &l (GS¢
precision rate of any parallel strategy increases witthy dzYo SNJ 2 F dzaSNE 6f Saa 1
(Hutchison et al. 2012, p.12B)y R aly AGSNI} GAGPS &0GNI iS3& AYLINROSaA
NEOFff NIGSO | a (HutkhSonktbS2I2ipi128fia 3e6az22¢éar SR GKIF
more than 5 volunteers has a low impact on the accuracy and variability, while increasing unnecessary

0 KS NXB §HtdaNdd St@l£2012, p.125This is somewhat in contrast with the findingHatklay

etal.(2010F ¢ K2 O22YyFANY (KS Ol {SRAHBE2IANRI [(IKYOa Ry F2 MR
is the assumption that the quality of user contributions is directly linked to the quantity of
contributions, meaningthat the quality of a user generated dataset increases with increasing
contributions(Haklay et al. 2010)Another approach is discussby Leung and Newsaif2014) who

analyse and presennethodologies of land cover classifications using-gderenced photos. The

authors focus on photaollections on Flick¥ and on the Geograph Projég® ¢ KS& | aINBS G KI
collections of gegeferenced ground level photos can be used to derive maps of-ighalhere on the

adz2NF I OS 2 fleutigik®NevesanNIDH £ p.15)he authors also Mgt A A KiG G KS aLR2 G5
RAAZONRYAYLFGAYy 3 oS {LéeusgyNevisany2R14 dzd But wain khat #hé& iatént of

the photographer has a high influence on the usability of the-igderenced photo for land cover or

land use classification¥he use of the textual data associated with the-geferenced images is also

discussed and the authomonclude that using text features to classify land cover leads to more
accurate results than using image processing techniques, but only for theapédgroject collection,

GKSNBE (GUKS dzaSNEQ AyuSydaAz2y Aa (G2 LINROGARSvitdi & LA OF €
et al.(2009)show the viability of crowdsourced information for land cover validation but also mention

future challenges, inpafidzf | NJ K2¢ G2 &l G§GNFOG | gARS NIy3IS 21
(Fritz et al. 2009, p.35®) ¢ KS | dzi K2 NBE LINR L2 &S GKS dzasS 2F a02VYLlL
Y2&a0 O2YLlzi SNI] Bl IEKE OK& fiBSydIS 2F | yRFri@Qat@SNI JI f
2009, p.351)

2.3.3 LocationBased Games as Data Sources for Geographic Information

Locationbased games are based on a commenominator which only allows an interaction with the
virtual environment wlen specific realorld locationbased criteria are met. A locatidrased game
aiming at geographic information mining is characterised by various indicators. The game field
structure can be unstructured, semsiructured or structured(Matyas et al. 2012; Matyas 2007)
depending orthe specific types of data to be collected (d?gints of interest (POIPath, Tiles).hree

other key characteristics encompass the duration of a gdAsouris & Yiannoutsou 2012)he

presence or absence of a narrative or stting (Avouris & Yiannoutsou 2012and the decision on

2 www.flickr.com(accessed: 25.03.2017)
Bwww.geograph.org.ukaccessed: 25.03.2017)
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whether the game is tearbased or played without team@latyas et al. 2008; Matyas et. £012;
Matyas 2007; Celino et al. 2012; Winter et al. 2011; Yoshii et al. 2011; Davidovic et al.T2@13)
following table highlights these key characteristics regarding a selecficthe most prominent

locationbased games analysed in a scientibotext.

Tablel - Key characteristics of LBGs in a scientific context
Table presenting key characteristafshe most prominent locatichased games in the reviewed literature

Papers Game Game Field | Data Duration Narrative | Team

(Celino etal. | Urbanopoly | Semi POI Inbrmation Continuous Weak Everyone for

2012; Celino structured themselves

2015)

(Davidovic et | MapSigns | Semi POl information, focus on stree| Shortg Weak Team based, teams
al. 2013) structured signs medium made before every

round, 2 teams

(Winter etal. | Tell Us Unstructured | POlinformation, focus on place| Shortg None Eveyonefor
2011; Richter | Where descriptions medium themselves
et al. 2012)

(Matyas CityExplorer| Semi POI informationfocus on POIs | Short¢ long Weak Team based, 2
2007; Matyas structured defined before a game session teams

et al. 2008)

(Matyas et al.| GeoSnake | Structured Path & POI information Shortg Weak Everyone for
2012; Matyas medium themselves
et al. 2011)

(Avouris & Feeding Unstructured | POI Information focus on open| Continuous Weak Everyone for
Yiannoutsou | Yoshi and closed WiFhotspots themselves
2012;

Neustaedter

etal. 2013;

Matyas 2007)

(Yanenko & | Alien Semi POl information focus on POl | Continuous Weak- Everyone for
Schlieder GeoSpy structured categories irarea middle themselves
2014)

The literature agrees that locatidmased gaming can be a useful tool for (geospatial) data acquisition,
(geospatial) data validation and for edutainment purpo@datyas 2007; Yoshii et al. 2011; Celino et

al. 2012; lonescu et al. 2013; Davidovic et al. 2013; Matyas et al. 2012; Charsky 2010; Matyas et al.
2011; Avous & Yiannoutsou 2012; Richter et al. 2012; Matyas et al. 2008; Winter et al. 2011; Celino
2015; Yanenko & Schlieder 202Marious authors have aheed the usability of locatichased games

for data collectionMatyas et al. 2008; Matyas et al. 2012; Matya®20Celino et al. 2012; Winter et

al. 2011; Davidovic et al. 201fg)cusng primarily on POI information collectioMatyas(2007)and

Matyas et al(2008)assess the gam@ityExplorera locatiorbased game, in which players capture a

tile when they reach the highest number of markers in a tile. Markers can only be placed on predefined
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location types (e.g. restaurants, begardens, train stations)}hus encouraging the collection of
specific points of interest in a predefined region. Similar in some regards is the Aj@aneGeospy
analysed byyanenko and Schliedé2014) in which players are tasked with mapping categories of
items in predefined areas. Regions will change colour depending on how many items from how many
categries were mapped by the uséZelino et al(2012)present the locatiorbased gamérbanopoly

where players buy virtugdroperties (e.g. restaurants, theatres, $i8) and where properties may be
snatched away from other players. UnlikatyExplorerUrbanopolyallows for continuous gameplay

and has no start or end of a game session. It does not only focus on the collection of information on
POls, but also on verifyg, correcting and enriching existing information found on OBlEpSigns
presentedby Davidovic et al(2013) is an attempt to useokcationbased gaming to motivate users to
collect niche datasets, usually with low importance for mainstream users (e.g. traffic signs, park
benches, trash cansleeding Yoshs mentional in various papergAvouris & Yiannoutsou 2012;
Neustaedter et al. 2013vlatyas 2007)and is a LBG to map open and closed WiFi hotspetsding
Yoshialso allows for continuous gameplaying and, like all games mentioned above, focuses on the
collection of point of interest data. The only locatibased game found in the scitific literature

which can vaguely be seen as not to only collect point of interest d@&adSnakéMatyas et al. 2012;
Matyaset al. 2011) a locationbased game adaptation of the highly popular molsitkegame. As

this LBG involves strategic routing decisions, it could be used to gather route information from
different users. Another gameTellUsWhere which focuses solglon the collection of place
descriptions, is referred to ifWinter et al. 2011and (Richter et al. 2012)n contrast to the above
mentioned gamesTellUsWherehas no common gameplay or competitive elements. The ugetra
chance to win a gift voucher by verifying their GPS position and by describing their current location.
This may be seen rather as a spatial questionnaire than a loeb¢ised game. It can also be argued
that the Geograph Projeds a semiocationbased game (the users have to go to a specific location to
take a representative photo of theandscape) with a focus on tilsased geographic information
mining, including competitive elements (e.g. list of high scores) Géwgraph Projediowever does

not use reatime location information of the users to allow or deny certain interactions, thus

classifying as an asynchronous locatimsed game.

Many authors(Matyas 2007; Matyas et al. 2008; Matyas et al. 2012; Celino et al. 2012; Winter et al.
2011; Davidow et al. 2013)nostly agree that locatiovased gaming can be used as an effective tool

to collect large amounts of spatial data and that the gaming aspects suffice to motivate users to
contribute data over a longer periodf time. Not only are locatiotvased games viable as data
collection tools, but also for data verification and curation purpdssdino 2015; Yanenko & Schlieder
2014) Celino (2015) presents Urbanopoly from the data curation perspective and proposes a

methodology to verify and enrich the data of OSMK S | dzil K2 NJ O2 y Of dzRSa G KIF G |
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| dzYly / 2YLddzil G A 2y (Céligo 20185, (p Bisiyylocafio®Al SySFS ¢33 YSa a Ol y
effective tools for geospatial data curation by exploiting the phatgicesence of the contributors in

0 KS Sy @ ANCERng 2085y 1ig¥ anenkand Schliede(2014)primarily focus on the data quality
AYLINRGBSYSYy(l YSOKFyAadaYa 27T 4aTO2 guflvksNivipleingrn2 Ygth | y R
mechanisms in a locatidmased game designed for assessing the two data quality improvement
mechanisms and their findings show that both mechanisms have a positive impact on data quality.
Another positive impact of using the dual meckiandda 2 F G O2y FANXI GA2YE YR @

to the authors, a decrease in the probability of players cheating.

A number of researcherfCharsky 2010; lonescu et al. 2013; Avouris & Yiannoutsou 2@12)

conducted broader research on the topic of (locatlmsed) gaming in a scientific contelonescu et

al. (2013)propose a multiplatform fimework for developing locatichased games or transitioning

existing games to a locatidmased game style. Charsky 2010key characteristics of serious games

(games which incorporate instructional and video game elements but are not used for entertainment)

and edutainment games (games whidombine education and gameplay) are presented and
discussed. These include competition, goals, rules, choices, challenges and fantasy. Even though these
characteristics are discussed as underlying elements of serious or educational games, they also apply

to locationbased games and games in general. Most noteworthy are the positive effects on motivation

by using competitive elementd.und et al. 201Q)and fantasy elementéKenny & Gunter 2007}o

immerse a player in a game and ensure longer and more frequent gaméplayrisand Yiannoutsou

(2012 p.2120&a G 0SS GKI G F a2f AR YIFINNYGAOGS Aa al @l fdzd o
GKIFG GKS ayFNNIGA2Y A& | YSI| yats @Bdidid, @ens,cetc.)ido/ 3 RA T
I O2KSNBylU 6K2fS IyR ONIFiAy3a (GKS NBfFGA2YyaKALA
locationbased gaming for geographic information mining a strong narrative can thus be used to
immerse the player into the gaeworld and create a continuous and coherent story, motivating the

player to continue playing.

2.4 UserMotivation

Crowdsourcing is a powerful tool to generate large amounts of data througkerpert users. Ther

are many reasons, why users contribute to aaiollection, including volunteerism and monetary
incentives(Hoe et al. 2012) o6dzi | f a2 LISNBR2ylFft 3I2Ffta &adzOK | & |
express oneself, working in collaboration with other interested users antingeto know new
technologies (Brabham 2012) These incentives have an impact on the uQenstivation and

enjoyment. Thus, the success of a project collectingintelered geographic information is highly
dependent on the incentives used to ensure rexpert user motivationHoe et al. 2017)Virtual

rewards are of interest in crowdsourced environments because the data generatiors taikn not
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motivating enough to attract many neexpert users. Throughirtual reward systems users can be
Y2O0AQFGSR 6A0GK GSEGNRYEaAO NBSIFNRwase fA1S OANIdZ €
(Wang & Sun 2011, p.2)

The vast majority of games use virtual reward systems as a fundamental motivational mechanism to
ensure player satisfaction and thus increase the time a user invests in playing &gaget al. 2010)

Virtual rewards calbe seen as a virtual proxy of the time and effort a player has invested into a given

task in a game and are often comparable and communicable with other pl@yeeset al. 2017)The

literature agrees that there are two predanant types of virtual rewards: points and badges. Points

I NB 6ARSte&@ dzaSR (2 AYyRAOFGS F LXIF@SNRa& LINPINBA:
amongst player¢Hamari 2015)Badgeson the other hangdsymbolise a goal which can be achieved

by multiple usersthus intensifying thdéeeling of belonging to a specific gro(ipoe et al. 2017Mekler

et al. (2015)tested the effect of varying reward systems on user motivation and performance in an
experiment.Subjects playing a game which incorporated either a leader board or a level system were
found to deliver significantly moreontent than subjects playing a game with a point system, but they

still generated significantly more content than subjects playing a game without any reward system at

all (Mekler et al. 2015)Relatedness is also mentioned as a key variable with the potential to increase
intrinsic motivation(Hoe et al. 2017)Relatedness is defined Beciand Ryan(2000, p.231} & & G K S
RSAANB (2 7FSSt 0aKof StQIDR, pB@S) RAHSNEKIHE aAF |y |
interaction with others, an individual will likely experience a sense of connectedness thereby
AYONBIFAAYT AYUNRYAAO Y2UAQF A2y dé

3 Reseech Gap

The reviewed literature reveals multiple research gaps in the domains of crowdsourced land cover
classifications, locaticbhased gaming and the combination thereof. Of particular interest is that the
use of games has been identified as having atgp®tential to make land cover validation more
enjoyableand to attract a large amount of use(Britz et al. 2009)However, to my knowledge, no
research has been done on implementing a-t#ak tile-based locatiorbased game for said purpe.
Locationbased gaming for (geospatial) data acquisition, (geospatial) data validation and for
edutainment purposes has been widely discussed in the scientific literature, but no literature is

available conerning locatiofbased games for tilased infomation mining.

Most of the games shown in Table 1 concentrate on collecting POI informationGBofnakeould
qualify as a data mining application with which route data could be collected. Furthermore, the
duration of a game is predominantly shortrteedium with onlyUrbanopoly AlienGeospyandFeeding
Yoshallowing for a continuous gameplay, hence allowing continuous data colleétiarf.thestudied

gameshaveeither no storyline or narrative or only a weak one, with the exceptioAl@En Geospy
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CAylffteées (GKS 3IFrYyYSa F20dza | NRPdzyR GKS LI F@SNJ RAAGN
into two teams. This clearly highlights a research gap in lochi@ésed gaming implementation and
researchpamely, in the implementation and analyif a locatiorbased game focusing on tilesed

geographic information collection with a continuous gameplay duration, incorporating strong

narrative characteristics and faction based team play.

The above presented research gaps regarding land covesifitation and verification and the
research gaps concerning locatibased games for geographic information mining can be combined
G2 F2N¥dzZ S GKS 2@SNI NOKAy3 3F2Ft 2F GKAa YI aidsSn

The development, implementation,sessment and analysis ofigetbased
locationbased game with continuous gameplay, including narrative as well as
competitive elements, focusing on geographic information mining regarding land

cover data and the analysis of the generated data.

4 Research Questions
The research quesths revolve around the two main topics of implementing a locabiased game

for geographic information mining and the analysis of the generated data:

RESEARCQUESTIOIDNE

HOW CAN A LOCATHBNSED GAME WITH ANNEXPERT TARGET ANDEBE IMPLEMENTED

TO MNE TILIBBASED GEOGRAPHIORWATIONN PARTICULAR LABIDVER DAPA

RESEARCQUESTIONWO

CAN THE GENERATEDLLAXVER DATA BE USE®RESEARCH CONTFARTICULARLY IN

REGARDS TO THE VALION OR IMPROVEMENTLAND COVER PROD®
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5 Methods

This clapter outlines the fundamental concepts and methods | used to implement a loelaéised

game and analyse the generated land cover classification data. The first section describes the
implementation, including the underlying infrastructure, fundamental gaprinciples and the

gameplay. Importantly, the game was improved through an iterative development, and | describe this
LINEOSaa yR Ada AYLIFOGa 2y GKS 3IIYS YR dzASNEQ o
| applied for analysing the gener&®e RI G Ay GSNXa 2F dzaSNARAQ RA&AGN
agreement between tiles classified by multiple users as well as for the comparison of the land cover

classifications generated by users with the official CORINE taaat datasets.

5.1 Implementation

This section highlights concepts and methods used to implement a lodadiged game for geographic
information mining regarding landover information. Underlying concepts and basic gameplay
characteristics are introduced as well as infrastructure a@sand key improvements that were made

to the game in a participatory process.

5.1.1 GameQConcept andBasicGameplay

The defined goal of the locatiem & SR 3+ YSTEI GKAOK L yIFYSR a{dGF NI 2N
data from users, exploiting their ability ®ense their immediate surroundings through visual and
auditory stimuli(cf. Wang & Betarie 1996) Therefore, the game only allowed users to classify land
cover data of their immeidte surroundings by using the buift GPS functionality of smartphones. |
defined the list of possible land covelassedhe users could select from based on the official CORINE
land cover classification schefiel chose the second level of detail foetland coveclassesn order

to assure a balance between the level of detail with which users can classify the observed land cover
and the number of selectable classes. In total, the CORINE land cover dataset includes 15 land cover
classes, whereas onli3 are applicable for Switzerland (two marine land cover classes are not
applicable). To enable a smooth user experience and make the contribution of land cover data
attractive for a wide audience without using monetary incentives, | based my lodadie® game on
concepts of highly popular onlinand boardgames. One inspiring example was the board gaime

Settlers of Cata, which features the island @atanmade up of hexagonal tiles with different land

cover types. Players can acquire specific resesiby building settlements on the respective tiles. The

resources can then be spent on developing settlements to acquire more resources.

| adapted this basic idea to develop an online game focusing on the collection of land cover

information. Raster cedlwere chosen over hexagonal cells to reduce the complexity of implementation

¥ http://uls.eionet.europa.eu/CLC2000/classdaccessed: 02.04.2017)
B www.catan.com(accessed: 01.02.2017)
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and to better correspond with the CORINE datih which the generated data was then compared.

To encourage competitive playing over tiles, | chose wilidls extents betweerthe 100m x 100nand

250m x 250ntells in the CORINE datasets. The tiles needed an extent large enough so that an effort
on behalf of the users is needed to change which tiles they can interact with.idxddiy, taking the
positional &sistedGPS accuracyf 69m (Zandbergen 2009hto account, an extent of 200m x 200m

was chosen for the tiles. In the game the user is prompted to capture tiles for his or her team by
examining the realvorld location corresponding to thiéle displayedn the gameand supplying land

cover information using the prdefined list of land coveclasses The players can destroy tiles
captured by an enemy team and recapture the tiles for themselves, allowing multiple users to provide
classifictions of the same tile and multiple captures of a tile by the same user. The following sections

describe the technical solutions | chose for the implementation of the locadtibnda SR 3+ YS & { G I NJ

5.1.2 Relational Database and Graph Database
The following sedbn describes the two databases | used in the implementation and explains why a
graph database was chosen as the primary data storage and why a PostGIS database was implemented

as a complex spatial index.

In recent years there has been an increase inuge of graph databases to model complex relationship
structures (Joishi & Sureka 2015Modern service handling large datasets of information (e.g.
Facebook, Googlé’, Twitter!®) have reached the limitations of relational databases and have
migrated their systems to underlying graph database systtrg2 A 8 KA g { dzNB{} wHnampT
al. 2013) These database systems have high computational advantages over cona¢ngilational
databases, especially for performing complex relationship qugiisknairet al. 2010) A graph
database is extremely adaptive and excels at scaling with growing applications. Queries to a relational
database take longer to process with growing database size, whereas queries to a graph database show
more or less constant resnse times if optimal queries are used, because the query only needs to be
executed on a subsection of the graph and not on the whole gfapishi & Sureka 2015; Vicknair et

al. 2010) Various authors argue that graphtdhases will become more important, especially with
growing spatially relevant data collections which have to be quef(i#mlshi & Sureka 2015;
Y2E2YA6Sy12 SO Ft@wunmoT +A01YFANI SG Ffd wun

Keeping the above mentioned literature in mind, | chose Neo4j as the primary data storage, a graph
database written in JAVA. In Neo4j all game relevant information is stored in nodes (data points with

attributes; Appendixl11.1for a table of implemented nodes) and relationships (relationships between

1 www.facebook.con{accessed: 22.03.2017)
" www.google.con(accessed: 22.03.2017)
8 www.twitter.com (accessed: 22.03.2017)
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the data points with attributes;Appendix11.1 for a table of implemented relationships) in an
interconnected graph. Graph databases excel at complex queries. They do justice to the strongly
interlinked nature of the data stored in the database by allowing analyticaligsisuch asd 2 K A O K

dzZa SNJ KIFa (GKS Yz2aild odAfRAy3Ia 2y (AfSa 6KAOK dzaSR

CAPTURED HAS_STRUCTURE yser
Tile

Structure

% Blueprint

Iy
O%
~

Figure4 - Node relationship structure in Neo4;j
Figure showing an example of the node relationship structure in the implemiete4] database.

Figure4 highlights the useability of a graph structured database for highly related data and gives an
example of how the data is structured and stored as nodes (circles) and relationships (arrows) in Neo4;.
This example shows a user (screenname: Neo) who haaredpa tile. This tile has a structure built

onto it and the structure has a connected blueprint, which is used to build the structure. The tile had
previously also been captured by another user (screenname: LadyRailbird). The tile was then attacked

and the user (screenname: LadyRailbird) lost the tile.

Another advantage of the graph database Neo4j is the possibility to write and efficiently execute
complex queries over several relationshipgure5 shows the result of such a query. This example

query written in text form would bed { K26 YS Fff GKS dzaSNR 6K2 | NBE A
which used to belong to the user with the screenname LaithiiRl and their relation to other tiles

GKAOK dzaSR (2 o0St2y3 (G2 (KS NoidBliNG therposkibility t drited ONBE Sy
and execute complex queries of high importance for running the game and ensuring a satisfactory

query performance, but also for exporting and analysing the data.

20
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Figure5 - Complex query result in Neo4j
Figure showing an example of a result of a complex query in Neo4;.

After implementing Neo4j as the primary data storage, a solutias needed to efficiently store and
guery spatial data. | installed the Neo4j spatial plugin to iwsstisability for the locatio#hased game.

Neo4j spatial provides the possibility to save nodes with geographic coordinates in an indexed rTree,
drasticalyy reducing query time for geographic queries. Realising that for the proposed implementation
the storage of the entire country (Switzerland) in 200m x 200m cells was of crucial importance, millions
of points had to be created. A small test datasetcontaidi mnnQnnn LIRAydGa o6+ & ONI
speed. The tested queries took >20s, which was considered too long fortamre@laming experience.

The preliminary goal query time for spatial queries in the proposed implementation was around 100ms
up to a maimum of 500ms. As Neo4j spatial did not offer the necessary speed for spatial queries, |
implemented the most stable open source solution available, which was Postgres with the PostGIS
extension. | created a raster data table containing a raster of 20R@®m cells, stored using the new
national equalarea projection coordinate system of Switzerland LV95 (EPSG: 2056) and covering the
whole area of Switzerland. Using this approach, | achieved response times for spatial queries of under
600ms. After optimigig the queries, splitting the raster into smaller raster tiles and adding a spatial
index to the raster tiles the query time dropped to around 80ms, which | deemed appropriate for the

implementation.

PostGIS raster tables unfortunately only allow stofirtgger or float types in different bands. For the

proposed implementation additional information including timestamps, land cover classifications and

21
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bounding boxes needed to be stored. Whilst chosen attributes such as timestamps could easily be
transformed to integer or float values, storing a list of strings such as the land cover classifications was
more complex. To store the predefined list of land cover classifications the list had to be transformed

to an integer between 1 and £x; 1) which, writtenas a binary number, would then signal the presence

or absence of a specific laedverclass

EG. WITH A TOTAL OF BERLANCOVERLASSESRBAK ANDUSTRYANDOWATER IE A USER REPORGIERBAN
AND OWATER AS BEING PRESENRIS COULD HAVE BERANSFORMED TO BHEARY NUMBERO1, WHICH

CORRESPONDS TO REGER NUMBERS®)RVHICH COULD EFRANJIEY BE STORED RDSTGISRASTER BAND

| deemed this solution too complex for debugging and analysing and therefore implemented a
workaround. The implemented solution was to store IDs in the PostGIS raster tables, corresponding to
specific node IDs in the Neo4j database or corresponding toifspgame related attributes. The
PostGIS raster acts as a complex spatial index to identify the needed entry nodes in the Neo4j database
or to identify potential special cases in the game. As a PostGIS raster can only store one value per cell
per band, mitiple raster bands were implemented to allow storage of all the needed information. A

total of four bands was used for the implementation of the locati@sed game:

Band 1: the ID of the user who captured the tile

1
1 Band 2: the ID of the team the user bers to
1 Band 3: the ID of the tile itself

1

Band 4: an indication of whether a treasure is present in the tile or not

The IDs stored in basd. ¢ 3 point to specific nodes in the Neo4j graph database, which store vital
information regarding the game, whereaaster band 4 stores information which is directly used in

the Symfony controller, without retrieving additional information from the Neo4j graph database. |
coded the server side application using the Symfony Framework, a PHP server side framework for
complex webapplication development. Symfony controllers are functions containing parts of the
3LYS 23200 ¢KSe GNIXYyaF2N) GKS dzASNEQ NBIljdzSada
inherent game logic coded into the controller. The official Symfdocumentatio®’ summarises the

function of a controller asexecut[ing] whatever arbitrary logic your application needs to render the
02y Syid @&ynfohy nld)TEsSipeline enables efficient querying, even with large datasets,

resulting in final page loading times of around 120ms.

19 http://symfony.com/doc/current/index.html(accessed: 05.03.2017)
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PostGIS Raster

Symfony Controller

Y Band 4: Treasure Indication

Band 3: Tile ID

Band 2: Team ID

Band 1: User ID

Figure6 - Database interactions
Figure showing the four implemented PostGIS raster bands and theadtides with Neo4j and Symfony.

Figure7 presents the underlying pipeline of the key infrastructural elements and their interactions
with each other. A user sends a request using the browser and its location capabilities. The request is
sent to the PHP server and is then interpreted by the Sygnfeamework. The Symfony framework
routes the request to a Symfony controller, which first queries the PostGIS raster. PostGIS raster
gueries return a result which includes the ID of the tile, the ID of the team who owns the tile and the
ID of the user wh owns the tile, all specific to the location from which the browser sent the request.
The IDs, now available in the Symfony controller, are then used to identify the needed access nodes in
the Neo4j database. The information retrieved from the Neo4j dasagband the PostGIS database is
combined to a response and sent to the browser of the user. The browser then interprets the response
using HTML, CSS and JavaScript and displays the information in a visual feedback for the user so that
every time a user astin the game, a request is sent to the servdrich then decides on how to react

to the action of the user. The reaction is then sent back to the user in a visually pleasing manner.
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Figure7 - Key infrastructure elements and faractions
Figure showing the key interconnected infrastructure elements of the implemented lebatied game and the
corresponding information flow.

5.1.3 Web Infrastructure and Interface

I implemented the locatiofbased game as a browser based vegplicatian, which uses modern

0 N2 ¢ a4 S Nih Dcationddaiakilities. A browser based solution decreases the complexity of
implementation and allows all devices with a modern location enabled browser to partake in the game,

not limiting access to a specific devimodel or operating systenh.implemented the game in PHP,
JavaScript, HTML and CSS. All game logic is either stored in the Neo4j database, PostGIS database or

coded in the Symfony framework.

As with most wekapplications, the implemented game has a m@age from which the user can access

various subpages. In order to increase security and to identify whatgyesmific information must be

displayed, the main page could only be accessed when logged in. It consisted of a large map area, in
which the tilesn the immediate vicinity of the user are shown and coloured according to which team
26ya GKS GAfSod ¢KS dzaSNna SEFOG 201 GA2y A& &aK2¢
the user chooses to affiliate him or herself with. At the bottomiok S & ONBSyYy > | o6 NJ & K3
current level and the experience points needed to reach the next level in form of a proportionally
coloured bar. In the middle of the screen, a menu button can be found. On clicking the menu button a

pop-up appears showig the various menu option&f. FigurelO left).
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5.2 The Implemented LocatieBased Game and its Iterative Development

The following section sheds ligbh the basic gameplay characteristics and how key improvements
were identified and implemented ovehé course of implementing and running the locatioased
JFYS a{0GFNI 2NYyé®

5.2.1 Basic Gameplay

In the following section, | describe a typical experience of a wb® signs up for the game as a way

to illustrate the general idea of the gameplay. The game was designed to have a static procedure when

new users register to facilitate an easy entry into the game. A newly interested user can sign up using

an online fom. Basic user data is needed to be able to sign up, including a desired username, a
AONBSYYIlIYST | LI aag2NR FyR (GKS dzaSNDa SYFAf | RRI
the indication of gender and age of the user.

Once the user has submittaétle needed information, the user is redirected to a page asking the user

to check his or her email to confirm the email as valid. The user receives an email with an invitation to
GArAAG -QOKSBSE GIYWR ONBI GS | ¥mail as ainltiNaketteédrpirgose GGy F A NXY |
the one hand, it is used to verify if a user submitted real contact information minimising the risk of
spammers or cheaters. On the other hand, #¢ Af Aa | FANRG Ay dNRRdAzOGA 2
fantasy world. Once the useticks on the link in the mail, the user is asked to create an avatar {a self
designed visual representation of hior herself cf. Figures), whicha SNBSS & | a4 (KS dzaSNRa

in the inrgame profile.

Email erfolgreich bestatigt!

Erfolgreich!

Deine Emailadresse wurde bestatigt. Melde
dich jetzt an um zur Sternenschmiede zu
gelangen und deinen Charakter zu erstellen!

Figure8 - Email confirmation and avatar creation pages
Figure showing examples ofgame screens. A screenshot (left) shows the page a user is directed to after confirming his or
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her email address and another screenshot (right) shows an example of the avatar creationvelcezerusers can create a
visual rgresentation otheirin-game characterwhich serves as a profile image.

After the user has created an avatar, the user must choose which faction or team he or she would like
to affiliate him or herself with. Both factions are introduced with a brief kgund story(cf. Figure

9).
Fraktionswahl @

Willkommen in der Fusionshalle!
Trete der Fraktion bei, welcher du zum Sieg verhelfen willst! Die Wahl der Fraktion kann nicht
gedndert werden.

Interplanetare Gesellschaft der Blauen Zwerge

Galaktisches Imperium der Roten Riesen

Auswahl bestétigen

Figure9 - Team selection page
Figure showing the team selection page on which new usersahasse which team they would like to affiliate themselves
with.

After successfully selecting a team, the user is directed to a tutorial page, explaining the various
functions of the game and how the gameplay works. The tutorial includes a link leadinggthi® the

3 YSQa K2YSLI IS RSLAOGAY3I | YIHLI 2F GKS t20FGAzy
The mapview shows the position of the user with a small icon, which is coloured according to the

dza SNDa OK2 a S y(cf. Kighrel@left). | & fadius bf 700 slround the position of the user,
colour-coded tiles are shown. The tiles correspond to the colour of the team which isntlyrie

possession of the tile. Grey indicates that the tile is currently not in possession of either team.
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Figure10- Main map and capture interface
Figure showing the main map page (left) and the capture interface (rightywhiith a user reports land cover
classifications.

As presented in the concept, the key functionality of the implemented game revolves around users
generating land cover data in a playful and engaging way, with the game being the primary motivation
or incentive to generate data. Users can sign up and play the game for free and without being
confronted with any kind of advertisements. When registering, the user agrees that the generated
data can and will be used for scientific purposes. Once signed ins#re oan virtually capture real
world areas of 200m x 200m by being in said area (or at least, the location in which the browser reports
the user to be) and reporting the land covd@asseshe user recognises in the area from a predefined
land cover classification schemd-{gurel10; right image). In addition to providing the users with the
name of the different landover classes in linguistic tes, each land cover class is also visualised
through two icons. The icons were implemented to help the user differentiate between the different
land cover classes, which are not always easily distinguisf@aien-experts. My choice fell on icons
rather than real images in order to underline that the abstract visual aids provided should merely be a

hint at what the landccover class could look like.

Once a user has successfully captured an area, he or she is rewarded with two virtual currencies, the
commond &G F NRdzAGé¢ IyR GKS NINB GSGKSNI21Syaédod ¢KS
or her captured tiles are generating in a daily interval. Once a user has successfully captured an area,
the area is allocated to the team of the user. Now angruef the same team has the option to build

shields, structures or drones onto the area, all of which can be built using blueprints. These blueprints
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can be bought in an igame shop for specific combinations of the tweg@me currencies. Different

shields, structures and drones have varying specifications such as health points or bonus effects (e.g.

generating bonus resources). Users can attack areas of the opposing team by attacking the shields,

structures and drones built onto the area. Every user hasdifferent attack possibilities, a primary

attack, which does low damage but can be used frequently (every ten seconds), and a secondary

attack, which does considerable damage but can only be used from time to time (every three minutes).

Once all shieldsstructures and drones have been destroyed, the area is marked as uncaptured and

may be recaptured by any tearfihe basic decision making processes are depict&igurell. The

presented flowchart also highlights key gameplay elements.

( User login )

tile

Get user position

User location in a
captured tile?

User can capture

User can attack
the tile

Tile belongs to
friendly team?

User can purchase
item

User can build item
onto tile

User has
enough resources
fora
purchase?

structure?

Tile has shield and

Shield, structure or
drone upgradeable?

User can visit
in-game store

User has buildable
item in inventory?

User has viable
upgrade in
inventory?

User can use
upgrade on shield,

Figurell - Key decision flowchart

structure or drone

Figure showing a flow diagram of simplified general decisions in the implemented game represergagéipday .
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5.2.2 Key Improvements

Following a closed implementatiorepod, the implemented locatiobbased game was betasted

with a chosen audience of five users to eliminate any major bugs and to test perfornfdterethis

initial test phase, | presented ¢hgame to the public and actively promoted the game verbally and on
social media platforms including Faceb&and Google#, which resulted in users beginning to play

the game and promoting the game themselves. The users were actively encouraged in verbal
exchanges and in a Google+ community to give feedback, report bugs and propose improvements and
ideas. Many users used this opportunity and reported various bugs and potential improvements. The
improvements were implemented according to the reports or gleathe users in an iterative process

whilst the game was in the betar live stage.

In this section, | present the key improvements that | implemented due to user feedback. The aim of

this section is to present key changes and improvements to the gard¢he reasoning behind them.

Design Theme: Light vs. DatkTwo theme proposals were individually presented to 13 persons
belonging to different genders, ages and with or without experience in gaming or lodzsed
gaming. A core part of a game invedthe overall design of the ganvehich should then be consistent
throughout the game. Two different versions of the overall design were created. One-adighted

version, and the other a dasoloured version.

Figurel2- Light versus dark themes
Figure showing two initial design ideas: a light theme (left) and a dark theme (right).

20 www.facebook.com
21 https://plus.google.com
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The users strongly favoured the dark theme. Additionally, users with a background of gaming argued
that the dark theme fits more intothe ganfel y i 48 2F | Fdzidz2NAadiA O 3IIYS ¢

a result, the dark theme was chosen for further work.

Resource Management The initial idea was to base the implemented locatiimsed game on the
board gameSettlers of CatanA major part of thegameplay of this board game is the collection and
management of various resources (e.g. stone, wood, food). | originally planned to implement a game
having six resources to manage (stone, wood, water, food, work force, overyatfisich the users
earned depending on the land cover of the captured areas. Three users who have had long lasting
gaming experiences were asked for their opinion on the proposed resource system. In short interviews,
AY 6KAOK L |a1SR GKS dzaSNAQ iy dserg/staledtBatizie ( KS L
intended resource system was too complicated and that there were too many resources to manage.
The interviewed persons all agreed that they would enjoy the game more if there were less resources
to manage and if the landove of the area they captured had no influence on the gained resources.
Two of the interviewees elaborated on the second point and stated that they might feel inclined to
falsify the land cover information when capturing an area if the rewarded resour@piendent on

the landcover recorded.

Based on the information gained from these interviews, | drastically simplified the resource system. In

0KS dzf GAYFGSE@ AYLIE SYSYOdSR Il YSis NIRIZSENEE NIKESA A3S N
various actiongncluding capturing or destroying a tile. To act as an incentive to capture areas and not
2yte& RSAUNRE FNBFaz I 2EOZNIR2Z NE¥ A NI NEANI OyZINNB R d2@ S
receive when capturing areas. Users can buy virtual items gragies with a specific combination of

these currencies from an-game store.

Level System and Experience Poigté/hilst conducting the small interviews for the resource system,
one user pointed out that due to the lack of a level system he felt no sehpeogression. Various
papers(Wang & Sun 2011; Kimgf al. 2010; Deeds 2016; Adams & Dormans 20&g2gal that

experience points or level syste®2 ya G A G dzi S + @AGEE LI NI It | dzd S
AYLE SYSYGSR | dzASN)I £t S@St FyR SELISNASYOS LRAyG &t
(KS dASNEQ SELISNASYOS LRAYyGA® DAGAYI | dzaSNJ S| dz

user for specific actions results in a AlimeaNJ LJ | @ SNJ LINPINBaaAz2y Ay (SN¥a
progress is fast in the beginning but with increasing levels, more experience points are needed to reach

the next level. Adamand Dormans(2012)identify this nonlinear level progression as a desirable
yS3alLGABS FSSRokFO]l YSOKFEyAaY®d ¢2 SyF2NOS | LI | &S
available in the ilgame store requires a specific minimum player lelreladdition, the items with

higher level and/or currency requirements are more desirable than cheaper items obtainable at lower
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levels. More expensive items or items unlocked at higher levels generally have more health points or
have special effects su@ds generating a supplementary daily extra production of one of the two

mentioned currencies.

Treasure Hunt; | presented the implemented game in a citizen science lecture at the University of
Zurichwhere the students were asked to play the game for tweeks and give feedback about their
experiences. One of the major points raised in the feedback was that the users had no incentive to
collect tiles which were not on their direct path of travel. Thus, the users agreed that they would play

the game as a fon of distraction whilst traveling, but that they had no incentive to deliberately change

their route of travel only for the purpose of playing the game. The students who gave feedback helped
RSGAAS | ySg 3ALYS TSI (dz2NB viate foyh PlaliBed i Bes.ihéc&dindza S NA Q
to the feedback | implemented an-grame treasure hunt system, which led to additional resources as

a reward. The treasure hunt system incorporated three different types of treasures: common or small,
seldom or medium rad rare or large treasures. The common or small treasure is depicted on the map

as an icon showing a small pot of gold and grants the user who captures the tile containing the treasure

p GSUKSNI21Syaé¢ |yR mpnn &adl NEstzieddyanidKsGowhd { R2 Y
a treasure chest full of gold and grants the user who captures the tile which contains the treasure 10
GSOUKSNI21Syaé¢ |yR onnn aa déphtBddeaaidiamondrakts theNdoNS 2 NJ €
NBE &2d2NOSa Dyupé Sy SNAIR2A Gadl NRdzaAGé 0 odzi Aa Ffaz
captures a tile which contains a treasure, the user earns bonus resources and the treasure disappears.

The treasure icons are visualised-igurel3.

Figurel3- Treasure hunt system
Figure showing the implemented treasure hunt icons.

The treasures were randomly distributed over the area of Swiper The goal of the treasure
implementationwasthat users deviate from their intended path of travel to actively collect treasures

and thus generate more resources for themselves. Additionally, the treasure hunt system had the goal
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of increasing the nuimer of tiles for which users reported a land cover classification. Another potential
impact is that the treasures in common areas, where many users play the game, are found and
collected faster, thus motivating users to play in more remote areas hopiniindoand collect
treasures which are still collectable in the virtual game world. Thetneasure interactions (e.g. when

did which user find a treasurevhere was iand what was the size of the found treasure) were logged

in a Postgres table, but weret evaluated or analysed in the scope of this thesis.

Special InGame Eventg Topromote the game and to motivate players to come back and continue

playing the game due to curiosity, | created and hosted specigduime event§as hypothesised in

Cantallops & Sicilia 2016ih the duration of the game, the users witnessed twg@me events lasting

from Thursday till Sunday. The first special event was dultbédK S R2dzf S RIF YIF 3S RI
damage caused by all attacks was doublEkis effectively increased the competition between the

two opposing factions. The event also increased the number of tiles with multiple classifications since

in the event period, rare tiles were destroyed and recaptured.

The second i@l YS S@Syid o6l a Rdz00SR awSaz2dz2NOSa | NB LI Sy
amount of resourceallocated forcapturing tiles was increased. The goal of this event was to motivate

users to capture mre tiles which had not previously been captured by other users. This also led to a

slight increase in captures.

CatchUp Mechanics for New UsersTwo users mentioned the difficulty for new players to generate
resources because more experienced playersid@already have constructed largegame buildings

on many tiles, which were hard to destroy. After brainstorming ideas to counteract this problem, |
introduced a catckhup mechanic for new players, through which new players would deal more damage
than experienced players. This improvement ensured that the gaming experience was more rewarding
for newer players and effectively increased the number of destroyed tiles whilst increasing the number

of tiles with multiple captures.

Competition ¢ Regarding the ements of competition in the game, one user stated that a direct
comparison between the teams and the users would be appreciated. The initial implementation
incorporated no way of comparing the two opposing teams or the individual users of each team. As
stated in the literature(Hoe et al. 2017; Hamari 2015; Senaratne et al. 2i&Jges and points can

be a useful tool for users to compare their achievements. This cultivates-game sense of
competition, which can lead to gresr user motivation. Thus, | created a new page showing the users

ranked by the number of tiles each user has class(iédrigurel4).
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Spielername Gebiete

Figurel4 - Rankings page
Figure showing the implemented rankings page (Screenshot saved: 27.02.2017).

In addition, the page shows the cumulative number of classified tiles of each of the two teams,
fostering the competitive elements of thgame. The newly created rankipgge had the goal of

motivating users to capture more tiles as to benefit the whole team in the statistics. Furthermore, a
title-and-iconreward system was introduced. At certain predefined thresholds, users would be
rewarded with a new title and icon, which is shown in the rankpage and in the profiles of the
AYRADGARdIzZ f dzaSNEP® ¢KS NBgFNRSR GAdGtSa yR AO02ya
O2YLI aa& FYyR NBgFINRSR F2NJ OHIBINENAGNR [vfné 2RI LYA2ONISS Ri |

and rewarded for capturing 800 or more tiles.

5.3 Analysiof Data Generated by a LocatiBased Game

This chapter revolves around the analysis of the generated data collected through the implemented
locationbased gametlhighlights methods and underlying theories used to generate key results. All
key used methods, pipelines, data flows, algorithms and temporary files generated are sheguren

15. This flowchart should act as a visual representation of how the generated data of the implemented
game was analysed. In addition, the created flowchart also sheds light on the differatinkages of
methods and the varying i@mnd outputs which are used as underlying data for the generated results.
A detailed description of each of the different workflows and algorithms can be found in the
subsequent sections of this chapter. In combioatwith the flowchart, this section gives an extensive

and comprehensive overview of the used methodologies.
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Figurel5- Key analysis flowchart
Figure showing a flowchart depicting key analysis processes and their interconsection
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5.3.1 User Distribution

After collecting the user generated data, the user distribution was analysed with a specific focus on
the user distribution regarding temporal variations and the reported attributes of the useasmfna
separated value (CSHe was eported from the Neo4j database containing a list of all the users, the
date showing when users registered for the game, the reported age and gender of the user and the
team the user chose upon registration. To analyse the data | used R and inspecteataheoth
quantitatively through calculations and visually through plots and diagrams. To visualise and
summarise the data | produced various plots including the total number of registered users over time

and age and gender distribution of the registere@nss

5.3.2 User Contributions
After analysing different attributes of the registered users, the contributions themselves were

analysed.

As with the user distribution analysis, the data for the user contribution analysis was exported from
the database in multie CSVs. One exported CSV contained all the individual tile classifications
including the corresponding attributes such as the timestamp, user ID and the spatial information of
the classified tile. The second exported @i#/consisted of all the individ tile classifications and

the corresponding attributes of tiles which were captured more than once.

Because the reported land cover classes are stored as comma separated values in a single string, the
values were separated into a machireadable format The values were divided into separate Boolean
columns for each land cover class. In other words, a column was created for every land cover class and
if the land cover class was present in the string of comma separated values, the value in the column

with the corresponding landoverclassas column name was set to 1, otherwise to O.

EG.: THE STRINGJRBANFORESWATERWAS CONVERTED TO

URBAN | INDUSTRY ARABLE| FOREST| PASTURH AGRICULTUR WATER | NOVEG | SHRUB

1 0 0 1 0 0 1 0 0

After converting thestrings of comma separated values of the reported l&ogers to individual
columns, the count of tiles containing each lazaerclasscould efficiently be queried. The count of
tiles containing a specific lambverclasss the sum of all the rows wheithe value of the specific land

coverclasscolumn is equal to 1.

The CSV containing all user classifications was used as underlying data to generate a histogram of the

number of users as a function of the number of tiles classified. | achieved thistogrbuping the
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classifications according to the user and then counting the classified tiles for each user in R. The
resulting data was stored in a temporary table, where each row represents a user and the number of
tiles collected by said user. The tearpry table was grouped again according to a predefined range

of the number of classified tiles. Then the number of users in each group was counted.

In order to analyse how many times specificdifeere classified (i.e. spatial clusters of increased
classification behaviour) the CSV containing all classifications was grouped by tile ID in R. The resulting
table contained each tile, its spatial attributes and the number of times one or several users classified
the tile. The resulting table was imported inQGIS for visualisation. In QGIS, a map visualisation was
created to visually inspect the results. To further quantify and underline the results, | created a bar
plot showing the number of tiles containing each lacaler class using only the tiles whictvere

captured more than once.

In addition to analysing the tile counts from different perspectives, | also analysed the tiles in regard
to individual users and the areas in which individual users classified tiles. Again, the CSV containing all
the tiles,the username of the user who classified the tile and the spatial information of the tiles were
imported into QGIS. The tiles were then classified according to the usermadrioh resulted in a map
showing the tiles in colours based on the user who lastsified a given tile. Even though this method
does not take multiple captures of the same tile into account and only shows the last user to have
captured a tile, it suffices to visualise examples for the key spatial characteristics of different users,

sud as potential user movement behaviours.

5.3.3 Intra-TileAgreementand Fuzzy Pixels

The analysis of the user contributions focused on thier-tile variationsand the fundamental
characteristics of the datasethib section shows how the inttidle variationsof reported land cover
classesand the fuzzy nature of the tiles regarding lazal/er classifications were analysed. Therefore,
this section describes methods used to identify the ifitte agreement rates regarding the different
land coverclassesand the approaches used to examine land coverocourrences in the data

generded by the implemented locatichased game.

The data of tiles that were captured multiple times was analysed by building pairs of [n, n+1]
consecutive captures and analysing theeraf agreement within each of the pairs. As an underlying
dataset,a CSV was exported from the Neo4j database, in which each row contains a pair of
classifications and the respective users. Therefore, each row contains a pair of consecutive captures of
a gven tile. | argue that analysing consecutive captures rather than averaging all captures of a given
tile can potentially shed light on changes over time in the land cover at a specific location. However,
the timespan in which data was collected was toorstio make relevant judgements on land cover

changes over time and | do not further explore this aspect in my thesis.
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To analyse the agreement rate between consecutive users who classified a tile, an algorithm (cf.
chapter5.3.2 split the comma separated land cover classifications into separate columns. All 26 new
columns stored the corresponding land cover information in a Boolean format. The digit O indicates
that the user did not classify the tile as containing said lemgkerclassand the digit 1 indicates that

the user did classify the tile as containing said lemkrclass To analyse the average agreement rate
between consecutive captures, | created agasithm in Rin which the sum of agreeing consecutive
captures of a given lantbverclasswas divided by the sum of all tiles containing said lemerclass

This effectively resulted in the formula:

YO @ 8YD pd 0 @YD p
YO & YD pO YW EYw p

YO & 8YD pd OO EYD pé AyOtdzRSa it GKS GAft S&ndAy KA
F2ft26Ay3 0! 00 dzZASNE F3IANBSR GKIFG | "OADEYD 1 yR 02
pO Y Yo pé Ay Of dzReSilgs in-whith eithdr thél gtecedirg following user reported

said land cover class. Running the algorithm on all land cover classes resulted in a decimal value
between 0 and 1 indicating the percentage of how many consecutive users agreed on a igi/en la

cover class.

The implemented game allowed users to not only report one land cover class per tile, but all land cover
classes which a user believed to be contained in the tile. This resulted in many tiles which were
reported as containing multiple larabver classes. To analyse the number of times a specific land cover
class was reported in conjunction with another land cover class;aoarrence matrix of land cover
classes was created and plotted in R. An initial empty 13 by 13 matrix was createtuicineach
column and each row correspond tne of the 13 landcover classes An algorithm fills in the co
occurrence matrix with values: A doubledoop effectively iterates through every land cover class in
comparison with every other land covelass and counts the number of rows containing both land
cover classes. The generatedamurrence matrix shows absolute values ofoogurrences and thus

has a redundancy axiwhich is the diagonal of the matrix where the land cover class of the row and
column are equal. The redundant values were deleted to ease comprehension. In addition, the
mentioned diagonal is omitted as a single lacaler classcannot be reported twice in a single

classification of a tile.

The first analyses resulted in a-gocurence matrix containing absolute counts of the@ocurrence

of each land covexlasswith every other land coverlass Because the data showed large differences
in the number of times each land covdasswvas reported by a user, | calculated an additibrelative
co-occurrence matrix as to normalise the results. The relativeagurrence matrix was generated

using the same algorithm as with the absoluteamzurrence matrix, but with a small addition: The
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algorithm additionally divided every generatadbsolute value of the coccurrence of a land cover
class by the total number of tiles containing the land cover class represented by the row in the matrix.
This resulted in a relative emccurrence matrix, in which every cell represents the percentadbeof

land cover of a given row eaccurring with the lanaover of the corresponding column.

Finally, to visualise the distribution of all tiles with specific reported classifications, | visualised the
results in QGIS, using the broad extenZdfichcity and the surrounding areas as an example. This
area was chosen to visualise the data because all land cover classes were reported to be contained by

multiple tiles within this area.

5.3.4 Comparisowith CORINE 2012

After focusing on the analysis of usemtributions and agreement rates between user generated land
cover classifications, this section describes the methods used to compare the generated data with the
official CORINE dataset. The first step consisted in extracting the CORINE raster vadulesations

of the individual game tiles and in adding the CORINE values as attributes to the game tiles. As an
approximation, | reduced the polygons of the game tiles to their respective centroids. The generated
centroids were then used as points of mdtion and the respective CORINE raster values at the
location of the points were stored as an additional attribute of the centroids. This approximation
entails a loss of data, but using other methods of extraction would go beyond the scope of this(raster
thesis. To potentially identify the impact of using the presented approximate method to extract the
raster cell data, all presented analyses were done using the CORINE datasets with a 100m x 100m and
with a 250m x 250m cell size. The differences betwthentwo resolutions regarding the land cover

classifications at the location of the game tile centroids was analysed.

In addition, temporal aspects of agreement rates between the user contributed land cover
classifications and the CORINE land cover daiaeee analysed. This was achieved by plotting the
total number of agreeing and disagreeing tiles over time as a line diagram depicting the data collection
period. In addition, the weekly agreement rate was calculated as to shed light on average agreement

rate change over time.

The CORINE classes first had to be summarised to the second level classes. This was necessary because
CORINE classifies lacalver types into 44 third level classes, which are contained in 15 second level
classes, whichare againdoh A Y SR Ay FAGS FANROG f S@OSt 2N G2L) S
classes). The CORINE third level classes were therefore summarised to CORINE second level classes in
R.The CORINE third level classes were also summarised to CORINE ficdadeesl| for additional

analyses to shed light on potential difficulties of users in differentiating between semantically similar

land cover classes.
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The CORINE land cover class names were abbreviated in all processing steps and in the resulting
visualiséions, results and discussionBable2 summarises the abbreviations applied to the CORINE

second level classes amdble3 summarises the abbreviations applied to the CORINE first level classes.

The abbreviated names were used to describe the respective classes in the following chapters of this
masSNRa (KSarad LF |y 0oNBGAFGAZ2Y o1& dzaSRI (KS
marks.

Table2 - Used abbreviations and official CORINE land cover class names (second level)

Abbreviation Official CORINE land coveecond level class name
Urban Urban fabric

Industry Industrial, commercial and transport units

Mine Mine, dump and construction sites

Greenarea Artificial, nonagricultural vegetated areas

Arable Arable land

Permacrop Permanent crops

Pasture Pastures

Agriculture Heterogeneous agricultural areas

Forest Forests

Shrub Scrub and/or herbaceous vegetation associations
Noveg Open spaces with little or no vegetation

Wetland Inland wetlands

Water Inland waters

Table3 - Used abbreviations and official CORINE land cover class names (second level)

Abbreviation Official CORINE land cover first level class name
Artificial Artificial surfaces

Agriarea Agricultural areas

Forestsemi Forest and semi natural areas

Wetland Wetlands

Water Water bodies

The described prprocessed CSV then contained the CORINEclavet classifications (level one and
two) as well as Boolean land cover columns from the gseerated data for each tile (level one and

two). To identify thoseiles including the land cover class defined by the CORINE dataset in the user
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reported classifications, a new Boolean column was added to the dataset indicating if an agreement of
the CORINE class with one of the wsentributed classifications could bebserved, or if a
disagreement of all usesontributed classifications with the CORINE classification was present. The

resulting output was imported into QGIS for visualisation and used in R to generate confusion matrices.

The above described CSV contam$Boolean value containing the information on whether an
agreement between CORINE and any of the user reported land cover classifications exists or does not
exist. | visualised this data by generating agreement maps in QGIS. To address the problem of
disphying the agreement rate of tiles with multiple captures, the imported data was dissolved and the
individual land cover and agreement values were summed up. | visualised the data as a map in which
two-dimensional styling was incorporated using the cylicalrcoordinate based colour definition HSV
(which stands forHue, Saturation and Value). Various authors have studied colouring bivariate
statistical maps and they concluded that using a-sBaturationvaluematrix can be an effective tool

for displaying sch two-dimensional datgTrumbo 1981; Wainer & Francolini 1980)e created hue
saturationvaluematrix was then uploaded to Colffigo check for colour blind compatibility. The
resulting map allows efficient visual analysis of multiple important characteristics of user agreements
in and between the different game tiles. A resulting map was generaiixtie broad extent oZirrich

as an example, to be discussed in further detail.

As the generated map serves the purpose of making the data available for visual inspection, the data
was additionally processed in R to generate statistical results. The o@tgy of generating a
confusionmatrix was chosen, which corresponds to the used methods in the literature about similar
research(Comber et al. 2016) created an empty 1By-13 matrix to incorporate all land cover classes

of the CORINEvel two classification scheme. The rows of the matrix represent the user generated
land cover classifications, with each row summing up to the total number of tiles in which the land
coverclassof said row is reported to be contained in. The columngespnt the landcoverclasses

from the CORINE dataset. The diagonal represents the number of tiles in which the user reported land
coverclassagrees with the CORINE lacmverclass The remaining cells represent how many tiles of

a specific land covealass reported by users were defined as belonging to another specific class in the
CORINE dataset. These cells then contain the number of confusions between the user generated data
and the CORINE land cover dataset. Due to the fuzzy nature (multipldicddissis) of the user
reported land cover classifications in comparison with the hard nature (single classification) of the
CORINE dataset, the resulting matrix cannot be considered as a true confusion matrix. In the generated
confusion matrix, the rowsffil the typical characteristics of a confusion matrix (adding up to the total

number of user generated tiles containing a given laoder class). However, the columns do not add

22 http://www.color -blindness.com/cobligolor-blindnesssimulator/ (accessed: 02.04.2017)
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up to the total number of tiles. therefore refer to the generated confiy Y I GNRAE - & | 4
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cell contains the percentage afser reported land cover classifications which are classified as
corresponding to the CORINE land cover classes. Naturally, the rows of the relative cemfatsion

add up to 100%, since a row incorporates all tiles which users reported as containvenalgss

(minor errors occur due to rounding).

Finally, to be able to calculate the confusion matrix metrics mentioned in the literffarecett 2006;
Beleites et al. 2013; Olson & Delen 2Q08)enerated a confusion matrix using the CORINE level two
classes. | only inofled the tiles where users reported exactly one land cover class. This resulted in an
initial dataset which allowed hard user reported land cover classifications to be compared with hard

CORINE land cover classifications.

CORINE

StarBorn
)
m

Overall Accuracy Precisions, Recalla

Figurel6 - Algorithm to compute overall accuracy, precision and recall
Figure visualising how the overall accuracy and the precision and recall for eacherssmputed.

Using the generated confusion matrix, | calculated the precision and recall of eachdaer class.

The calculation algorithms are visualised-igurel6. In addition, | calculated the overall accuracy of
the user contributed data anB-scores for every land cover class. The confusion matrix metrics were
calculated with the usegenerated data as the reference data and the CORINE land cover dataset as
the predicted values. Since | compared the two datasets and because none of them vawbd as

being the ground truth, the dimensions could also be swapped. Adapted from the liter@aleites

et al. 2013; Olson & Delen 2008; Fawcett 2006; Klotz et al. 204 &)entioned metrics for this thesis

are defined as follows:
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1 The overall accuracy desbes the percentage of tiles where an agreement between the user
reported classifications and the CORINE land cover dataset can be observed.

1 The precision, also referred to as the positive predictive values, defines what percentage of
the tiles classiid by CORINE as being of a specific land coveradasspondto the user
reported classification.

9 The recall, also referred to as the sensitivity, describes the percentage of user contributions
reported as containing a specific land cover class which corresponds to the CORINE land cover
classification.

1 The Fscore represents the harmonic mean of theegision and the recall and can be used as

a quality indicator. The -core is calculated asj j . An Fscore of 1

consequently indicates complete agreement between the user generated content and the

CORINE land cover datasehereas an{score of O indicates no agreement.
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6 Results

¢CKA3 OKFLIWISNI LINBaSyida G(KS NBadzZ da 2F GKAA Yl adas
generated data regarding the users of the implemented locaion 8 SR dF NE2 MY ¢ | NB | y I
and presented, followed by an analysis of the spatial attributes and classifications of user
contributions. Next, the contributions are analysed focusing on the agreement aodatorences

between individual captures of the same fild_ast, the generated data is compared to the CORINE

2012 land cover dataset and agreements and disagreements are described.

6.1 UserDistribution¢ Temporal Variations and User Attributes

First, the generated data was analysed regarding the users, takihgté@otporal variations and user
attributes into account. This is an important first step of analysing the generated data as to make
assumptions about the neaxpert users, who generated the data. It also sheds light on the question
of if the game promotiorefforts unintentionally reached and appealed only to particular groups of

persons and if these groups share common attributes.

The game was made available to the general public on 09.11.2016 and the data used in the analysis
was collected on 23.02.2017. In the period in which the game was online, 138 users registered, of
which 84 captured at least one tile. The rate of registentisgrs can be divided into four distinct
periods: prelive and testing, beta testing, live and promotion, live without promotieigure 17

highlightsthe total number ofregistered users over time and thus the rate of registering users.

Registered Users Over Time
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Figurel? - Registered users over time
Figure showing the total number of users over the extent of the game period. Three lines indicedadigrital moments.

The registered users from 25.07.2016 till 26.10.2016 areussts which | created to actively test the
implementation using different accounts. A slight increase can be observed in registered users
between the 26.10.2016 and the 19..2016, the two weeks before opening the game to the public.
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server stability and ease of use. In the period between 09.11.2016 and 08.12.2016 a massige increa
in users can be observed. In this period, the game was actively shared and promoted on various
platforms, including Facebotkand Google#. In addition, a GoogleEommunity® was created to

share news and enable users to easily give feedback and repgstds problems they may encounter.

In the mentioned period, the game was also promoted at the UniversiBiathin various lectures.

After the08.12.2016, the game was not actively promoted and a rapid decline in new registering users

can be observed.

The registered users are of a wide range of age groups and both genders are present. The age and
gender declared by the users when registeniveye however not confirmed. The data, visualised using

a bar plot Figurel8), shows a spike in users with birth years between 1985 and 1995. Another spike
can also be observed at the value of 2000, which coincides with the defeaitof birthin the
registraion form. The peak at 2000 suggests a high number of users not changiggahef birth

from the default. It must be mentioned that this diagram excludes seven users who registered before
the 10.11.2016 at 17:00. The reason behind this exclusion isthieatlefault year of birthof the
registration form was set to 1895. The first new users to register noted that such a low defautsf

birth resulted in a high amount of scrolling and consequently reporting the true year of birth was

perceived cumbersom | thus changed the defaytear of birthto 2000.

Age Distribution of Registered Users
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Figurel8- Age distribution
Figure showing the age distribution of registered ad®r showing the year of birth in comparison with the user count.

The cluster of registeredsers who reported being born between 1985 and 1995 can be interpreted
as showing the average age range of persons who are interested in the technology of lbeastdoh
gaming and are able to comprehend the mechanics of such a game. The cluster coubte also
interpreted as a proxy of the average age range of the social environments in which the implemented

locationbased game was actively promoted, both on online platforms and in offline interactions.

23 ywww.facebook.com
24 hitps://plus.google.com
25 hitps://plus.google.com/commaities/102063937147156703895
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The gender distribution is heavily sided towards thdexggender. The reliability of the reported gender

was not confirmed and must be treated as potentially inaccurate. The users were given multiple
2LIA2YaY YI ST FSYI f SHgurélyshoivs thabrégitbkdid Siders wHo deRlaraédb | [ [ €
their gender are comprised of: 94 male users, of which 62 captured at least one tile, 27 female users,

of which 16 captured at least one tile, 15 users wholdedIS R ¢y 2 NBLRZ NI SR¢ | a GK

five captured at least one tile, and two test users having no reported gender.

Gender Distribution
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Figure19 - Gender distribution
Figure showing the gender distribution of all registered users dedft)all registered users who captured at least one tile

(right)

Figurel9is divided into two categories: all registered users and all registered uwsersaptured at

least one tile and thus contributed at least one classification. Comparing the two categories shows that
65.96% of the male and 59.26% of the female users who registered captured at least one tile. Male
users were not only observed to retgr more frequently, but also, if registered, were also slightly
more likely to participate in the game. The higher number of male users could be interpreted as a
higher probability of males of playing video games. The gender distribution of the audiémog

promotion and advertising efforts could also be a potential reason for the overrepresentation of males.

6.2 UserContributions

After having analysed user registration patterns and user age and gender distributions, the user
generated content was inspealein light of the underlying spatial attributes and the reported
classifications. These results give insight into the viability of implementing a lod¢stsmtd game to
generate geographic information, in particular land cover classifications. The riedhis section also

shed light onto the variations of the user generated data in terms of single and multiple captures and

thus classifications of thedgame tiles and the variations in classified land cover class frequencies.

From the game going live4.11.2016) until the data collection date (23.02.2017), the users classified

G20t 2F mMoQooy GAfS& Ay mMmMQoyn dzyAljdzS €201 Az
G201t 2F pdaPQPERRAAAXSR | NBI?Xeprasd the sxiedd Kithoup p QH N N ¢
YdzZf GALIX S OfFaaAFAOLIGAR2yad ¢KS mMoQooy OflaairFfasSR
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once and 936 tiles which were captured at least twice. The clear majority of the tiles are classified as
O2y Ul AYAY 3 AQUzZNBNY & A YRz ONEE O6yTrtTTHnO fFYyR 02081
GLI Al dzNBé¢ OSyTrurtmco0X aF2NBadé S6yrunmyox alFNIFofsS
(n=1065), which are followed by the land cowdasseswith the least amount of classifications:

& ANR Odzf G dzNB¢ oy TInpnoyY ay2@8S3¢ o6yTrnoHOVLI &LISNYIF ONJ
The land cover classes and the number of times each land cover class was reported was visualised
using a bar plotRigure200 @ ¢ KA & NBadzZ G6a Ay | G2d4Ff 2F HyQcoo
0KS MoQooy GAfSasz I @SNIFIAYy3I Hdmp NBLRNISR flFyR C

Count of Classified Land Cover Types (Capture Count > 0)
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Figure20 - Count of classified land cover classes (capture[n]>0)
Figure showing the count of reported land cover classes for tiles which were captured at least once

The overrepresentation of the land covelassest dzZNB I Y ¢ | YR G Ay Rdzasdpdnd A Y RA (

a large portion of their time playing the game in perceived urban or industrial landscapes.

Figure21 reveals the typical long tail characteristics of user generated content, where the majority of
the users captured a few tiles and a few users captured many tiles. The generated diagram shows that
the majority of users (n=35) captured- 20 tiles. A majordecrease is visible with only nine users

capturing 20- 40tiles and four users capturing 4®0 tiles.

Number of Users as a Function of Tiles Classified
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Figure21 - Number of users as a function of tiles classified
Figure showing the number of users who classified tilescitigfined ranges of tile capture counts. A tile capture count
range of 20 tiles was chosen. Ranges without any users contributing the corresponding number of tiles were omitted.
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The mentioned large difference in the number of tiles which were captured andehe number of

tiles which were captured at least twice hints at small hotspots of multiple captures. This is highlighted
with a map of the area a2Urich where the city centre shows clusters of multiple capturégijre22).

Some clusters themselves have linear spatial characteristics and are assumed to correlate with most

frequently used public transportation lines or other frequented routes rafvél. With increasing

A

Capture Count

1
[ 2
3
N 4
-4

distance to the city centre, the number of times a tile was captured decreases.

Tile Capture Count (Ziirich)
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Figure22 - Tile capture countZrich
Map of the broad area aZirichshowing the number of times each tile was captured.

Toquantify these results, a bar pldtigure23) was generated showing the number of tiles containing
each land coveclass only using the tiles whiclvere captured at least twice. The generated bar plot
underlines the assumption that the game was primarily played in an urban environment. The bar plot
also shows that the majority of the tiles which were captured more than once were also classified as
beAy3d adz2NDIlyé 2N dAYRdzA INEE P
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Count of Classified Land Cover Types (Capture Count > 1)
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Figure23- Count of classified land cover classes (capture[n]>1)
Figure showing the count of reported land cover classes for tiles which were captured at least twice

Captured Tiles According To Users (Ziirich)
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Figure24 - Captured tiles according to usergifrich
Map of the broad area dfirichshowing captured tiles. Colours correspond to the username of the user who captured the
tile last.

The data clearly shows that data was primarily collected in urban environmleutst can also be
observed that the datshowsa potential correlation with road or public transportation networks. It

can be observed that a substantial number of users collected data whilst traversing the road network
and thus the data often shows &ar or line like collection patterns. A few exceptions can also be
observed where users made an effort to collect tiles in a larger coherent surface. This duality of user

collection behaviour can be seen as a proxy of the way users play the gaFigyo24).
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6.3 Agreementsand Fuzzy Pixels

In this section, results are presented regarding #aalysis of theagreements between multiple

captures and theo-occurrences of pairs of land covdasses

The data of tiles with multiple captures and thus multiple classifications from different users over time

was analysed and the results were visualised in a bar plgtife25). The analysis involved building

pairs of consecutive captures and analysing the rate of agreement within each of théspaaisapter

5.3.3 Intra-TileAgreementind Fuzzy Pixgl#\nalysing the data of multiple captureies shows a high

rate of agreement for the land covetassd dzZNB | y ¢ @ Ly (GKS 02y asSOdzii @S Of
GdzNDFyé Fa (KS Odsdindetiheriitle §rlt orfsecyni cladfi¢atoNJ80.6% of the
classification pairs both agre&t & &G dzNBl y¢é A& LINBASYldod cuHdcz 2F 0
GAYRdzZAGNEE Aad LINBaSyildoe LyIiSNBadGAaAy3ater GKAa O2ya
GdzZNDIFyé YR GAYRdAZAGNEE OFy 0SS 20aSNUSRnuBEBSY (K2«
2F Of I aaAFTAOFIGAZ2yad ocdy: FANBS GKIG asl GSNE A&
classified tile. The rest of the land covdassesnalysed with classification pairs show an agreement

rate of under 20%.

Percent of Agreement in Consecutive Captures of a Tile of a Present Land Cover
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Figure25 - Consecutive agreement rates
Figure showing the agreement rates of consecutive captures of each land cover class

As to generate a higher concentration of information, the users could classify a tile by selecting
multiple land cover clags. The users were urged to report every land cover class they perceived to
be present. These multiple classifications per capture resulted in a dataset of fuzzy pixels, where most
tiles contained a combination of the mentioned land coslassesThis inbrmation is plotted in a land

coverclassco-occurrence matrixKigure26).

The matrix shows the absolute count of tiles which share the corresponding two land dasses

This is a useful tool to display the sheer number of different combinations and the number of times
(K348 Oly 05 2045NDSR AV YRKA (REBGEl ® y&R2 HEUNF2 § 16 ¢ SU
GAYSa Ay (B GaMNBS Gt NVRSHAYRIzZAGNEE NB F2dzy R (23S
O2dzy SR don GAYS&a Ay O2YOoAylLGA2Yy SAGK abF NIotSéo
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These high numbers of accurring land cover classes can eitlmglicate high spatial autocorrelation

of the land cover classes or difficulties for rexperts to distinguish one from the other and thus
reporting both. This becomes especially evident when looking at the relative values of the relative co
occurrence mtix (Figure27), indicating to what proportion tiles with one land cover class contain

another.

The relative cabccurrence matrix of land cover classgives valuable insights into the characteristics
of the underlying data. The presented relative -axxurrence matrix indicates three main
characteristics of the data generated in the implemented locabased game: The
overrepresentation of specificth@ coverclassesn terms of absolute numbers of classifications, the
potential difficulties of semantically differentiating between similar land cover classes and the spatial

autocorrelation of specific pairs of land cover classes.

Co-Occurrence Matrix of Land Cover Classes
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Figure26 - Land cover capccurrence matrix
Figure showing the number of times a given land cover class was reported in combination with each of the other land cover
classes.
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Relative Co-Occurrence Matrix of Land Cover Classes
Land Cover Classes

2 L &
& -ﬁ:z ) & =] \'@ b
o 2 . o R {\rﬁ- N LS o ! £ 3
F & & : ':3'3@ rfiﬁ:\ & Q@Q s o & ?_-?& o"h& ué@ J‘@
urban 582 12 104 85 22 122 25 61 81 11 11 7.3
industry [B0C3 16 93 125 15 186 11 133 11 25 12 96

mine 65.3. 293 267 113 233 14 233 267 10 10 173
greenarea [FES3GT.8 4.1 53 32 8 34 81 134 24 24 108
arable 306 435 18 25 8 421 138 188 127 15 39 64
permacrop 482 31.7 47 9.4 492 922 278 19.7 136 58 56 111
pasture | 36 53 1.3 31 344 69 10 252 156 39 24 93

agricuiture 409 17 43 7.3 619202 549 304 221 81 97 95

Land Cover Classes

forest 201 424 14 36 173 29 283 62 234 61 52 116
shrub (387 52 25 88 174 3 26 67 347 125 48 137
noveg 204 444 35 6 76 49 248 93 343 472 6.5 201
wetland 374 39 6.1 106 354 81 264 195 512 321 114 33.7

water 503 638 22 97 122 34 217 4 241 191 75 71

Figure27 - Relative land cover coccurrence matx
Figure showing a land cover-oocurrence matrix with relative values. The relative values indicate what fraction of tiles
reported as containing one land cover class were also reported containing another land cover class.

The first two columns of theelative ceoccurrence matrix show an above average number of high

G tdzSad L FNBdzS GKFG GKS FANRG Gog2 O2fdzyya 02y
representation of the mentioned land covetasses This assumption is further cemented by the

presented diagram showing the number of instances the land dypesswere classifiedRigure20).

The chance of another land coxdtasco2 OO dzNNA Y3 A GK adzNblyé 2N aAyRd:
The relative capccurrence matrix further shows 58.2% of the tiles which were classified as containing
GdNBFyé fLyR O208N) StS5YSyda 6SNB | fadthedles AaATFAS
Of l aaAFASR +a O2ydrAyAy3d aGaAyRdzAGNEE GSNB |faz C
difference indicates possible perceived spatial autocorrelations between the classes. Of particular
interest are the occasional large diffei@s between the relative percentages of a pair of land cover
classegepending on which perspective the data is inspected from. Noteworthy is that 78.3% of the
GAfSa OfraaiAFASR a O2y il AyAy3d GINBSYylIINEbaf oSN
GKS GAf Sa fraarifFASR a O2y il AyAy3 adaNDlyeé oSNB

O
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indicator that the users predominantly perceived gresmeas as being part of the urban landscape and

GKIFIG GKS fFYyR O205NI ORI AAIGARNDOE( 168 aY NBBI F NB |j dzS
highlighting that users played the game predominantly in urban environments. Another noteworthy

LI NI AOdzE F NAdGe Aa GKIFIG pmow: 2F (GKS (Af Sssified KA OK ¢
Fa O2yGlFAyAy3 aF2NBatés odzi 2yfteé pow: 2F GKS GAf
O2y Gl AyAy3a agSGflryReéd ¢KAA AYRAOIFIGSa | L2aaiocts
could be an indication that most t¢fie wetlands in the landscape of Switzerland are found in ferest

like areas. Interesting is also the observed hig2 @ O dzZNNByYy OS 2F agl G SNE 6A 0K ¢
pnoo: 2F GAfSa OflFaaiAFASR Fa O2y il AyEyHY®RS o DOMWE
GKS GAftSa OflraaArFASR a aol GSNE 6SNB Ffaz Oflaa
could indicate potential urban waterbodies. | assume that most of the reported tiles containing
waterbodies are tiles with urban wateoblies such as urban rivers or lakeshores in an urban
environment, again in line with the observation that the game was played most intensively in urban

areas. This is underlined by comparing the two land cover class mafgiof) in whichFigure28

shows the tiles irZirichg KA OK ¢ SNB Of | &4 A F A SRgurke28 sh@2 tiditilediff A y 3 & «
Ziurichg KA OK gSNB Of I aaAFASR a O2y il AyAy3 daél G§SNE D
dzZA SNE NBLRNISR a O2ydlFAyAy3a (G4KS tlyR O0O20SN) Of I a
whilst mostlyce2 OOdzNNAY 3 gAGK GKS flyR O2@0SN) Of  4a dadzNb |

Finally, the matrix also indicates possible difficulties in semantically distinguishing one class from the
otherandpotential spatial autocorrelationsAn example of this characteristic igthigh ceoccurrence

NIFG§Sa 2F Gl ANROdzZ (dzNBé ocmMP@z 0 aLJ addz2NBé oon o2
these ceoccurrenceson the one hand, indicatihat the users could not identify the more likely class

and chose to report both class instead of choosing on@n the other hand, the mentioned
characteristics of the high eaccurrence rates could also originate from highly detailed classifications

of users who took their time and investigated the whole tile before reporting a corioibuThe latter

would then indicate high spatial autocorrelations between classes with relatively higbhocwrence

rates.
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Figure28- Land cover class urbanif#ch)
Map of the broad area dZiirichshowing captured tleswh&r | G f S &G 2y S dzaSNJ NBLR2 NI SR (KS
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Figure29- Land cover class water {i#ich)
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6.4 Comparison with CORINE 2012

This final section revolves around analysing the user generated content in comparison with the official
CORINE 2012 dataset of Switzerland.

First, the approximation of the raster value extraction using the tile centroids and not the tile polygons
was analysed. As described in the methddbapter 5.3.4 Comparisorwith CORINE 20),2the
difference of the agreement values when using the CORINE dataset with a resolution of 100m x 100m
in contrast to when using the CORINE dataset with a resolution of 250m x 250m was calculated. It can
0S 20aSNWSR GKIG 2dzi 2F GKS mMmMQoyn AYRAGARdzZf GA
one user reported classification which agrees whb CORINE land cover dataset in both the 100m

and the 250 raster resolutions. The agreement rate between the two tested resolutions thus
corresponds to 92.6%. However, 843 tile locations vyield different results based on the chosen
resolution. Having approximately 7.4% disagreement between the two tested remmdutialled for

further inspection. A map showing the locations of the disagreeing tiles was generated and visually
inspected in QGIS. No visual patterns could be identified. An example map of the broad Zieiatof

was generated to show this distributiasf varying results based on the chosen CORINE land cover

dataset resolutionsKigure30).

CORINE 100m*2 vs 250m"2 /!;
=g ) ‘
g : ) d o i

0000009521

0000002521

I Disagreement
Agreement

Data collected:
23.02.2017
Coordinate system:
EPSG:2056
Basemap:

Stamen Toner

0 1 2 3 4km
| ___EE

2676000.000 2680000.000 2684000.000 2688000.000 2692000.000

Figure30- Comparison betweeagreements depending on CORINE resolution
Map of the broad area afirichshowing agreements and disagreements between the CORINE datasets with a resolution of
100n?and 250n.
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Naturally, disagreements can only occur in locations of land cover changerarithpossible to
observe if the 100rhraster cells covering the area of a given 250aster cell all report an identical

land cover class. Accordingly, disagreements always show a change in land cover types and could be
analysed further focusing on whydhobserved disagreements occur. This analysis shows that using
different resolutions has an impact on the results and | thus deduce that using the approximation of
extracting the raster cell values at the centroids of the game tiles and not using thetilgmpudygons

influences the results and must therefore be kept in mind whilst interpreting the results.

ASNARA O2Yy(iNROGdzi SR GKS Ot lFaaAFTFAOLGA2Y 2F | G20l f
possibility to report multiple land coverfck 8 8S5Sa& LISNJ GAftSd® hF¥ (G(KS&S mo
classifications showed an agreement between the CORINE land cover dataset in at least one user
reported class. Therefore, in 76.15% of the-tilassifications one of the user reported land cover
classes corresponds to the CORINE land cover class. The same calculation using 4@Or80tE land
O20@SNJ NI aGSNJ NBadzt 6§SR Ay dpQoppn Of FaaAFASR (At Sa
user reported land cover classes and the CORINE datagetlliag 74.93% of the tiles. These results
show a slight difference in the overall agreement rates depending on which resolution of the CORINE

land cover dataset is taken for the analysis.

To analyse potential variations in agreement rates over time, tttal number of agreeing and
disagreeing classifications over time was plotiefl Figure31). A significantly higher increase
captured tiles wih agreeing classifications can be observed than where the reported land cover classes

do not match the land cover class of the CORINE dataset.
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Figure31- Total agreeing and disagreeing classifications over time
Figure showinghe total number of agreeing and disagreeing classifications during the data collection period.

In addition, the percentage of disagreeing classifications was aggregated to a weekly average and
plotted as a line diagranfrigure32 shows high fluctuations in the average weekly disagreement rates.
The reported land coveclassesf the users who started playing the implemented locatlmased

game betweer99.11.2017 and 13.11.2017 had an average disagreement rate of 614%2%. Users
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reporting land cover classifications in the early stages of the data collection period thus contributed
data displaying higher relative agreement rates compared to theaktite period. After 27.11.2@,

high fluctuations can be observed for the remainder of the data collection period ranging from 13.21%
disagreement rate in the week of 19.02.2017 to 38.87% disagreement rate in the week of 08.01.2017.
The week before datevas collected shows a significant decrease of the average weekly disagreement
rate to 13.21%. However, the last week of data collection only consists of a relatively small number of
new tile captures (n=46) compared to other weeks. No correlation betweden riumber of
classifications and the rate of agreement can be observed when summarising the data according to

the week.

Percent of Disagreeing Classifications According to Week
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Figure32 - Percentage of weekly disagreeing classifications
Figure showing the percentage of disagreeingsifications (comparing the generated data with the CORINE land cover
dataset) according to the week in combination with the number of captured tiles according to the week

Visually inspecting the agreement counts and tile capture counts using bivarlateing techniques
allows useful insights into the potential accuracy of the user generated data. In addition, patches of
spatially autocorrelated disagreements can be identified and further inspected in QGIS. The resulting
map output of the comparison ahgsis between the user generated data in the implemented location
based game and the CORINE 2012 dataset shows that substantial agreement can be observed in the
area of cities and less high rates of agreement can be observed in peripheral regions. Nimesnly

the map show high agreement rates in metropolitan areas, but also a high number of captures.
Achieving a high number of captures with a high agreement rate is the most desirable outcome. Again,
the extent ofZurichwas chosen to visualise these rdsuht a scale at which the individual tiles can
easily be distinguished. The presented results apply for the whole of the game extent. It becomes clear
that in metropolitan areas such as cities, the intita agreement rate as well as the agreement
between the user generated content and the CORINE dataset are relatively high. The peripheral, more

remote areas on the other hand are subject to a higher disagreement rate.
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Figure33- Agreement and classification counZ{rich
Map of the broad area dZirichshowing the capture counts and the agreement counts using bivariate colouring. Two areas
of spatially autocorrelated areas are highlighted with circles and the numbers one and two.

Of particular interest are the pabes of spatially autocorrelated disagreement values, of which two

are examined in more detail. These are highlighted and numberEdyure33 and diplayed inFigure

34.

Figure34 - Detailed examples of disagreements

Satellite images with an overlay (transparency = 30#igating agreement (blue) or disagreement (red) between the user
generated data and the CORINE land cover dataset. The left image corresponds to the highlighted circle number one in
Figure33; The right image corresponds to the highlighted circle number tWigire33.
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The first area examined igreater detail is an area dominated by rural characteristics comprised of a
mosaic of different agricultural areas and rural infrastructure. The area also includes residential and
industrial areas. This becomes clear when viewing a satellite image afrélaein question whilst

indicating the agreements and disagreements by overlaying-samsparent coloured polygons.

One of the most prominent differences between the CORINE dataset and the user generated
classifications becomes evident when inspecthmgdata in a tile by tile approach. Most of the area is

Of raaAFASR a 06SAy3 aFNrotSé¢ Ay GKS / hwLb9 RFGHaA
reported them as containing pasture. The tiles containing the small river indicate anatheraghigh

importance regarding potential sources of disagreements. All tiles containing the small river were
NELR2NISR a O2yGFrAYyAy3d aF2NBadés GaKNHzoésS aoSafl
be accurate for the area of the river anldetimmediate surroundings. The area of the small river and

its immediate surroundings is however only a relatively small percentage of the area of the whole tile.

The second example additionally highlights potential issues regarding the classification strategy of
CORINE, the difficulty for ndacal expert photeinterpreters to take into account the local semantics

of an area and the potential problems of havinguéerand priority based classification pipeline. The

second example image shows a large area of spatially autocorrelated disagreement in an area of a
visually homogeneous land cover class. The disagreement results from the CORINE classes reporting

the tiles as containing the land coverlassé¢ ANB Sy | NBIF ¢ 5 gKSNBlFa GKS dzaS|
O2y Gl AYyAy3d aF2NBadéd

To quantify and analyse further possible reoccurring issues of land cover classification disagreements,
| calculated absolute and relatiépseudeconfusionmatrice€. Both the results of the comparison of

the data from the implemented locatieshased game with the CORINE land cover datasets in2.00m
and 250ni resolution, as well as the results of the comparison of the data using the summarised
CORINE level one classes were comput@psesudaeconfusionmatrice€. Seeing that the differences

of the results between the two mentioned resolutions of the CORINE land cover datasets are small,
only the results using the 10Gmesolution are discusse@he same conclusions can however be drawn

when using the 250ATesolution raster in the extraction pipeline.

The firstopseudoeconfusionmatrixe (Figure35) shows all land cover classes from the implemented
game (rows) in comparison with all the land cover classes of the CORINE land cover dataset (columns).
The land cover classes are summarised to the level two classes of the CORINE classificatmn sche
The numbers show how many percent of the user reported classifications for each of the land cover

classes were classified as which land cover class in the CORINE dataset.
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& & g & @df : T._\“\E' & @éqﬁ'@g rﬁ_@&@@é‘} 5 & “é-‘e?b%e‘?
urban 1.8 116 01 06 87 02 25 07 23 02 0 0 12
industry 509 165 03 07 168 0 46 1 72 01 0 01 186
mine 813187 07 0 227y 0 07 2 4 0 0 O O
§ greenarea | 2 121 0 3 65 0 05 06 31 01 0 0O 22
§ arable 191 33 05 04 617 0O 4 2 86 01 0 01 03
;g permacrop 325 42 03 06 469 31 17 31 56 0 0 03 19
E pasture 213 23 03 01 452 0 147 27 104 25 0 01 04
é agricultur 265 28 02 0 441 0 109 26 113 1 0 02 02
é forest 146 33 01 11 213 0 108 1.7 438 28 0 01 03
o shrub 36 64 02 07 221 0 59 25 218 32 0 06 14
noveg 218 62 08 0 139 02 141 0 231 164 098 02 21
wetland 28 61 0 2 341 0 69 12 134 0 0 61 2
water 389 54 0 05 157 09 81 12 137 03 0 03 148

Figure35 - Relativedpseudoeconfusionmatrixé¢ (CORINE level two)
Figure showing the relativseudaeconfusionmatrixé of the data generated with the locatidoased game in comparison
with the CORINE land cover dataset (level two).

The gpseudaconfusionmatrixé confirms that the land coveclassesi ND | Y € X

GF N} ot Sé ty

show the highest relative agreements between the reported land cover classes and the corresponding

land cover classes in the CORINE dataset with 71.8%, 61.7% and 43.8% respectively. The results also

showthat the highest confus 2 y" a
GAYRdza G NRBE X

50.9% respectively. Overall, the results show a high rate of disagreement finstneolumn, where
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otherwise. These insights in combination with the data from the previous anal@biapfer6.3

Agreements and Fuzzy Pijedaggest that these percentage values must be interpreted with caution.

Similar to the cepccurrence matrices, thigpseudaconfusionmatrix€ incorporates diffeences in

absolute numbers of classifications of each land calass spatial autocorrelations of land cover

classesand multiple classifications due to difficulties in semantically differentiating specific land cover

classes.
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O2yOSNYyAy3a GKS fFyR O20SN) Oflaa G3INBSYINBIFE 41l a
O2y Ay GaANBSYIFINBIFasdod ! LRaaAroftsS KeLRiIKSaAa T2N
data and the official CORINE dataset is that the user generated data allows for multiple land cover
classifications for each tile whereas the CORINE databgencompasses single values. Thus, if a small

dzNOB Iy 3INBSY FNBI A& LINBaSyd Ay | GAEtST / hwLb9 gaA
AYLX SYSYGSR 3AFYS YAIKGEG OflFraarfe (GKS GAtS e a O2yl
shows that due to the possibility of having multiple user classifications for one tile, an individual tile

Oy 0SS 0O02dzyidSR Fa | ANBSAYy3 pHURSKYBYWiboAGKOADWNS
and simultaneously disagreeing with CORINE (e.genalassifying the same tile as also containing
GINBSYFNBFET wSLIRNISR Ga3aINBSYyIl NBI ¢ dpseudschriusicd NE SY Sy
matrixe confirms a similar phenomenon in regards to agricultural areas. Tiles in which users reported
theland co6 NJ Of  3a4Sa &l ANRKROdzA Gdz2NB£€ 3 aLIJ aGdzNBé | yR @ LX
la &l NofSé¢ odnnodmM:I npodw: YR ncddz NBaALSOGADSE @
show a high canccurrence rate, this again underlines the assumptihat users had difficulties in
differentiating between the classes and chose to report many land cover classes instead of one, or

indicates a potential spatial autocorrelation of the mentioned land cover classes.

Relative Pseudo Confusion Matrix
CORINE Land Cover Classes

B

S & Fa &

eﬁ"‘\b eé@ @“?"; & &
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]
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2 forestsemi 30.7 326 354 04 09
5
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o
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"E wetland 362 423 13.4 6.1 2
w

water 449 26 14.1 0.3 14.8

Figure36 - Relativedpseudoeconfusionmatrixé (CORINE level one)
Figure showing the relativseudaeconfusionmatrixé of the data generated with the locatidoased game in comparison
with the CORINE land cover dataset (level one).

The resultingdpseudoconfusionmatrix€ after aggregating the CORINE level two classes to CORINE
level one classef~igure36) highlights the effects of the diffictiés in semantically differentiating

different land coverclassesIn the matrix containing the relative agreement values of CORINE level
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2yS OflraasSasz aFrNIAFTAOAILITE y2¢ KFa | tw: F3ANBSYS)
and the CORINE Bn 02 @SNJ Of FaaSad ¢KS / hwLb9 fS@St 2yS f
GdzZNB I yéX GAYRdAZAGNBEET AaYAYSé YR Ga3INBSYINBFEd a2
agreement by aggregating the level two classes to level one classes. The sohis efsible with the

/ hwLb9 tS@St 2yS Oftlaa alFINAIFNBlIaé¢s SyOo2YLJ aaiy3
GLI addzNBé¢ FyR aF ANROdzZ GdzNBéd ' aAy3d GKS / hwlLb9 f
rate between what the users repd@tR YR GKS / hwLb9 flFyR O02@SNJ RIGl
GLISNYI ONRLE S GLI aGdzNBEé FyR abF INROdz Gdz2NB¢ G2 2y S
dissolved. With the resulting agreement rateeing significantly higheusing the CORINE &hwone
classificationghan the average agreement rates of the classes contained within a said CORINE level

one classthis shows that semantic uncertainty can lead to large uncertainties in the data, if not

properly addressed or aggregated.

To be able twompute valid confusion matrix metrics, a confusion matrix was generated incorporating

only user classifications with exactly one reported c{Bggure37)® ! @(G2d4Ff 2F oQrtnann GA
to contain exactly one land cover class, which was deemed a sufficient amount to compute mentioned
confusion matrix metrics. The computed metrics are summariséichbie4. Ideally, the results of a

land cover class should show high precision in combination with high recall. The generated metrics
AaK2¢ GKIFIGO adzaNDlFyé KlFa || KAIK LINBOA&AAZ2Y O0ndPymMHNO
and recallillustrated in chapter 5.3.4 Comparisonwith CORINE 2012he mentioned precision

GN¥ yatlriasSa 2 ymoeum: 2F GKS GAfSa gKAOK gSNB Of
classified by the noexpert users of the implemented locatignl &8 SR 3 YS a O2ydl AyA
addition, the mentioned recattanslates to 84.65% of tiles that the users reported to contain the land
O2@SNJ) Of aa aGdz2Nblyé¢ sSNB F2dzyR G2 06S OflFaairfFAiAsSR
NEBadzZ 6a 6SNBE 203aSNBSR gAGK GKS | pRanderecding Of | & a
0.7553.

20K flyR O2@0SN) Of  3aSa GAYyRdzAGNERE |yR aF NI of S¢é
OGAYRAZZGNEBEY LINBOAAAZ2Y T ndcTtdpcs NBOFEE I' ndnnde
ofthe tleswhichwe8 Of  a3aAFASR a4 AGAYRdzZAGUNEE Ay GKS / hwLb
GAYRdzZAGNEBE o0& (KS dza S NEasedRgametidwdrer oy ds. Yo Sffhie SsBr f 2 O
O2YyiNAROGdzi SR Of I AaATAOIGA2ya NBWARIFEIBRI & a0AH WK Y IRAz8)
CORINE land cover dataset. Hence, the-usatributed data shows a potential overrepresentation of

GKS fFryR O2@0SN) Ofladaa daAyRddzaAGNRE 2NJ GKS [/ hwLb?o
underrepresentation. This is confirméul the results showing 854 useontributed tiles which were
NBLZ2NISR (G2 O2yGlFAY GAYRdAZAGNEE Ay O2YLI NR&2Yy 6Ad
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Figure37 - Confusion matrixhard classifications)
Figure showing the confusion matrix of the data generated with the locéémed game in comparison with the CORINE
land cover dataset (level twokimg only tiles where exactly one land cover class was reported.

Table4 - Land cover classes and their respective precision, recall ascbie

2017

G Ay Rdza G NB éoppaskez ¢ a

35‘(@ (‘G\éb -ﬁé\b-@é\
0o 0 1 6
1 0 0 Z
o o 0 0
g o0 0 2
g o0 0 0
0o 0o 0 0
21 0 0 0
g o 0 0
2 0 0 0
o 0 0 0
17 4 0 0
g o 0 0
0o 0o 0 10

Land Cover Class Precision Recall FScore
Urban 0.8124 0.8462 0.8289
Industry 0.6796 0.4496 0.5412
Mine 0 0 0
Greenarea 0.1875 0.2368 0.2093
Arable 0.3799 0.8361 0.5224
Permacrop 0.25 0.125 0.1667
Pasture 0.3171 0.0793 0.1268
Agriculture 0.0952 0.2857 0.1429
Forest 0.7455 0.7553 0.7503
Shrub 0 0 0
Noveg 1 0.1333 0.2353
Wetland 0 0 0
Water 0.4762 0.3571 0.4081
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hyté oT1ddpd: 2F GKS GAfSa gKAOK gSNBE Ofl aaAFASR |
Of raaAFASR & dal NI of S¢ 0@ -basedgardah Contiast, B3F61% dthe A Y LI S
dza SNJ O2y iNAROGdzi SR Of F aaAFAOlIGA2ya O2ydl AyAy3a al NI
cover dataset. Thus, mentioned discrepancy between the precision and recall of the land cover class

Gl NI 6f S¢ & Handérepresehftin®f/sdidiland cover class in the user generated data or

might indicate a potential overrepresentation in the CORINE land cover dataset. Again, this is
underlined by the large difference in number of tiles containing the land covér &la a I NI 6t S¢
depending on the dataset, with the CORINE land cover dataset showing 537 tiles and the user reported

Of  aaAFAOFGA2ya aAK2gAy3d Hnn (GAfSad 2KAES LINBOAAA
calculated Fscores show similatvt dzZS&a 2F nopnmu NBEIFNRAYy3I GKS I yR
NEIFNRAY3I GKS flyR O20SNI Oflaa alNrofSeéd /2yaSl.
Of raaSa GAYRdzZAGNEE YR al N o6f S¢ ¢KSYyCORNFE latdNA y I
cover dataset was found to be similar.

The confusion matrix shows an overall accuracy of 68.63%, which can be attributed to high agreement

rates between user generated land cover classifications and the CORINE dataset in land cover classes
whiOK 6SNBE NBLER2NISR FTNBHGESNBt &I nvl W Stpie £ 0.&NB)R dz (i BE
GF NI 6 GZN CI' n dp H H-score 3 0y7H03) ACHIBINRRY fhése findings, a Spearman
correlation test was performed using thesEore and the nuimer of user generated classifications for

each land coveclass The results show a significant correlation of rho = 0.845@a(pe: 0.0003)

between the number of user generated classifications of a given land cover class arsctire.F

F-Score in Comparison with Number of Classifications

ury
[a=]
o

] 500 1000 1500 2000

User Generated Classification Count [n]

Figure38 - Fscore in comparison with number of classifications
Figure showing the number of classifications of land cover classes in respect testtweiz.FA general trendline was added
using locally weighted scatterplot smoothinglwa span of 2.
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Figure38 visualises the Bcore in dependence of the number of classifications, including a general
trendline using locally weighteaatterplot smoothing (LOES&yan = 2). In spite of a high calculated
correlation, the results must be interpreted with caution as the cluster of points showing low
classification counts and low-d€ores in combination with few points showing high classifbn

counts and high{cores could strongly bias the correlation test in favour of a significant correlation.

It must be kept in mind that the mentioned results concerning the confusion matrix that only includes

hard classifications take only a fractignf G KS 3ISYySNI G4SR RI G Aya2 | 0020
ISYSNI} GSR OftlaaAafAaOlrtdAazya O2YLI NBR (2 mMoQooy G2i
on interesting characteristics of the generated hard classifications subset, no fowstaiements

regarding the entire dataset can be made.

64




alaidSNna ¢KSaira Discussion 2017

7 Discussion
In this chapter, | discuss the results in light of the research questions and in conjunction with literature

findings. Overall, the implemented locatidrased game succes#ifugenerated a high amount of land
cover data in a short time span. The generated data was analysed and the results reflect various
characteristics and issues relatedusergeneratedcontent with regards to land cover classifications.

The user generatedata was successfully compared with the official CORINE 2012 land cover dataset
and statements regarding thesabilityof a locationbased game for the generation and assessment of

land coverare presented.

7.1 ResearclQuestionOne

RQ1: CAN ALOCATIOBASEISAME WITH A NGEXPERT TARGET ANDEBE IMPLEMENTED

TO MINE TIEBASED GEOGRAPHIORWATIONN PARTICULARAND COVER DATA

7.1.1 GeneralSuitabilityof a LocatiorBased Game for Land Cover Data Validation

Land cover change has been identified as one of the most important variables of global (Blemige
1994; Douglas 1999; Vitousek 1994; Foody et al. 2002)as See et al(2013)point out, there are
large disagreements between major land cover products and thus new methaatsdofdver product
FaasSaaySyd INB OFff SR F2NX ¢ KsuebvioiinteNdl datzfoBtheT dzNI K S
calibration and validation of remotely sédR  LINP(Hedz€ &l 52613, p.While Fritz et al(2009)
suggesimplementing a locatiofbased game for land cover validation. Tdeta generated as part of
this thesis showed that a locatidmased game could be successfully implemented and played,
ISYSNI GAYy3 moQooy xQO0m &dehtF duthh thé @mg &f daafcollaction. YThis
NBadzZ 6SR Ay |y 2 @S INTh{sére §.5960 D thie tokaFarep of G\Witpedand) of
classifiedarea contributed by nosmxpert users between the B9November 2016 and the 283

February 2017.

The generated data was analysed and compared to the CORINE 2012 land cover dataset, making
differences between the generated data and the CORINE 2012 land cover dataset visible. This thesis
successfully demonstrates the viability of implementadpcationbased game for the task of land

cover validation as proposed Byitz et al.(2009) This is bparticularimportance for the validation

and assessment of the CORINE land cover dataset seeing the official CORINE report states that not
more than 10% of the total budget for a national land cover project should be spent on ground truth

surveys(European Environment Agency 1994)cost efficient and engaging new approach ediin
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underlying motivation to generate cost efficient-#itu observations.

Captured Tiles in StarBorn
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Figure39 - Capturedtiles in StarBorn
Map of Switzerland showing all tiles classified in the implemented loehtisad game during the data collection period.

7.1.2 Implementation

The implemented infrastructure proved to run stable and efficient throughout the game period. Key
improvements were made to the game including updating query notation to increase performance,
implementing new features to foster user motivai (user rankingpage; user activitpage; level and
experience points system) and introducing new game elements to diversify land cover classifications
(treasure hunt system; specialgame events). The overall performance of the game and the response
times of 120ms were presumed to be satisfying as no user reported the response time discouraging
them from effectively playing the game. The implemented graph database Neo4j proved to be an
efficient and well-suited solution for storing data with high numberof relationships, which
corresponds to literature finding@loishi & Sureka 2015; Vicknair et al. 20H¥)wever, for dealing

with explicit spatial data, a spatially enabled database, in this case PostGIS, was moreatepiins
YFaGdSNDna GKSaAxa akKz2ga | Of SINJ LISNF2NXIyYyOS AyONEBI

to identify entry nodes in the Neo4j graph database, as opposed to also storing and querying spatial
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data in Neo4j. The spatial PostGIS quenespeas optimised by introducing raster tiles and a spatial

index on the tiles, which resulted in a final spatial query time of 80ms.

Symfony handled the implemented game code with appropriate response times of 120ms. This thesis
has proven that a webasedsolution is widely accessible, practical to implement and maintain and
easy to share on internet platforms, whichrrespondgo the literature (Espada et al. 2012; Charland

& Leroux 2011)However, implementing a native locatitmased game would have had advantages,
including direct access @ device's hardwarecluding GPS, compass and accelerometer and more

evolved 3D graphics capabilitiisspada et al. 2012; Charland & Leroux 2011)

7.1.3 ClassificatioselectiorPage

| put considerable thought into the design of the land cover classification selection page. | argue that
using the CORINE level two classification scheme with 15 classes (13 viable for Switzerland) has proven
to be a balance option between thenumber ofoptions presented to the user and the level of detail

of the contributions. Using the CORINE level three classification scheme with 44 classes would be an
overload in choices for neexpert users. The literature verifies amciease in user frustration or
dissatisfaction if confronted with too many choidgserbig & Kramer 1994; lyengar & Lepper 2000)
Furthermore, the results show an increase of land cover confusions with an increase in number of land
cover class choices, which was identified by comparing the results RINEQevel one and CORINE

level two classes. Therefore, the observed difficulties of -epert users in differentiating
semantically similar land cover classes would arguably increase if the CORINE level three classification
scheme was used, whereas th®RINE level one land cover classificaBoheme with five classes

does not offer sufficient detail in the land cover class choices. The results show that using the CORINE
level one classification scheme can effectively reduce the confusion rates ofcsfaaaifcoveclasses

but also greatly reduces the level of detail of the contributions. Consequently, the CORINE level two

classification scheme was incorporated.

7.1.4 User Gender and Admistribution

A higher number of male users (n = 94) in comparison feitmale users (n = 27) shows the gender
specific affinity towards gaming in general, which is confirmed in the 2BMES$eport (Willemse et

al. 2016) The age distribution shows a distinct target group of users born between 1985 and 1995. It
remains uncertain, whether this uneven distribution is duetgenerally higher affinity of this target
group to video games or wiiger it is due to the specific promotional efforts directed primarily at

potential users of this age category.
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7.1.5 UserBehaviouPatterns

The results suggest two distinct user behaviour patterns. Firstly, users who play the game as a
secondary activity whitperforming another activity with a higher subjective priority. This primarily

includes users who played the locatibased game as a means of distraction whitaveling or

commuting which corresponds to similar results in the literatRell et al. 2006; Zhang et al. 2015)

Playing a locatioased g S g KA f ad GNI @St Ay 3 Ol ypane NdHaolzhande & A y O N
if not addressed through game mechanics, aarger ingame area can be covered compared to

walking. This hypothesis corresponds to the assumptiolBebtfet al (2006 p.422, who analysed user

behaviour in another locatiod  a SR 31 YST adl dAy3ay awz2daNySea YI @&
LX F @ SNB y I {dzNIF f £ @ Y2 @S .£This Nehalaauk resiitedriF 8aisghtiibufing O A 2
route information potentially allowing valuable insights not only into land cover classification
behaviourbut also into specific user movement behaviours throughout the period of the game. The

second distinctiser behaviour was identified as users who play the game as their primary activity, thus
adjusting their route of travel to maximise-game performance. A similar user behaviour pattern was

identified by Colley et al(2017 p.8% LJ2 A Yy (i A Pakéndrd@imnighttoé successfully incenting

peoplei 2 X8 adzoadlydaAalffe ORelgfa@00&KiSNBo cinkr@thatOK2 2 a S
dza S Wdild take a different route to their destination, either for work or leisure, in order to play

OXBP ¢ KAa @d GeryRimadlNdnizibuted tilesf coherentextents. | hypothesise that

both behaviours can make valuable contributions to a game focusing on generating land cover
classifications by effectively increasing the total spatial extent of classifisguilih the first behaviour

contributing route information and the second adding coherent areas. The quality of contributions and
agreement rates with the CORINE land cover dataset was not analysed in regards to the user specific
behaviour patterns and wdd be a valuable addition to the presented research. In particular, if the
characteristics of contributions (e.g. fuzziness, quality, agreement rates with the CORINE land cover

dataset) significantly correlate with a specific user behaviour pattern.

7.1.6 UserMotivation

The success of the implemented geographic information mining application with-expert target
audiencewas highly dependent on the implemented motivational incentives, which corresponds to
the findings ofHoe et al.(2017) These motivational incentives were important, seeing that no
monetary or material incentives were used as was the case in similar applications focusing on
crowdsourcing land cover assessment or validation tasks mentioned in the lite(&eeeet al. 2013;
Bayas et al. 2016Not only was it vital to motate users to register, but also to play the game, ideally
recurringly. The literature states that key elements such as user compet@ibarsky 2010; Lund et

al. 2010) character creatiorfBessiere et al. 2007; Mcarthur et al. 2015; Ducheneaal.€2009)and

game fantasyCharsky 2010; Kendy Gunter 2007 pre vital in motivating users to continuously play
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a game. All mentioned key elements were successfully incorporated into the game. However, although
the literature agrees that purposefully designed elements can be implemented into atganueease

user motivation, a few users stated they felt compelled to help with my scientific research. The
subjective moral obligation or the perceived norm of reciprocity (i.e. returning a favour for having
received my help in the past) were statedk&y motivational elements. The mentioned phenomenon

of increased perceived obligation to act according to social norms and reciprocate past received help

is confirmed in the literaturéGreenglass 1969; Gouldner 1960)

The iterative development of the locatidvased game allowed the users to participate in the
development of the game and this could also be an important motinatiaspect. The described key
improvements inchapter5.2.2 Key Improvementsiemonstrate that developing or improving an

application in an iterative and participatory process can have positive effects on user motivation and

can lead tonew featuresVan Rijrand Stapperg2008 p.1) alsosupport these assumptions and further

state that a user is more willing to participate ifthe e ¢ FSSt a NBALISOGSR 2 NJ (0 NX
the designe¢ b20 2yfteé gl1a GKS AGSNYGAGS RSOSt2LIVSYyd A
for identifying key improvements to the gamevhich increased user satisfaction and game

performance.

Usingvarious platforms to promote the implemented locatidsased game resulted in a high number

of users registering. The clear decreasegha number of registrations after discontinuing active

promotion of thegame (cfFigure40) and the decrease in the tile capture rate (Efgure4l) verify

that promotion is a vital part of game development and should be pursued parallel to running an
application. Advertising and promotion efforts on social media platfonage been identified as a

viable marketing strateggWright et al. 201Q)In retrospect, a higher devotion to the advertisement

of the implemented locatiotbased game could have increased user contributions. This assumption is
confiN¥ SR Ay GKS fAGSNFGdzNBE adGFdAay3 GKFEG aYlFNYy SGSN
open with consumers in order to create real value for their custog@hfright et al. 2010, p.78Dn

the other hand Bayas et al(2016)useda multitude of advertising platforms including newspapers,

radio, television and websitegg KA OK NI & dzf { $aBged pfiotograpfsHorinyg callestd in

1699 unique locations in a similar timespan. Comparing the menticemdtsof Bayas et al(2016)to

GKS NBadzZ Ga 2F (KAa (KSaAad omoQooy OflaaArFTAOl GA:
sale advertising and promotion efforts are an efficient approach to user motivatadies suggest

that the ability of the advertising party to personalise and deliver messages has a positive impact on

the success of a promotion or advertising campdgifright et al. 201Q)which corresponds to the

results of this thesis.
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7.1.7 Short and Long Term User Retention

Choosing to implement a locatidmsed game to collect neexpert landcover classifications proved
to generate a high amount of data in a short time. However, the question remains if a lcbasead
game can also ensure long term data collection. The results show that after ceagingradtional
efforts, the rate of newly registered users decreased significgietlyFigure40), with the rate of

contributions also gradually slowintpwn (cf.Figure4l).
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Figure40 - Registered users over time (discussion)
Figure showing the total number of users otrex extent of the game period. Three lines indicate key transitional moments.
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Figure41 - Total agreeing and disagreeing classifications over time (discussion)
Figure showing the total number of agreeing and disagreelassifications during the data collection period.

These findings coincideith LeBlan@andChaput(2016) who mention the unsustainable initial interest
levels and significant drop offs of active users shortly after the staPo&Emon Goa widely known
locationbased game. | argue that for long term user retention, a locabased game might not be

the best appoach. Targeting interested users with a crowdsourcing platform with competitive or
progressive elements emphasising the scientific or professional purposes instead of game fantasy

might attract fewer users in the beginning, but could prove to be bettétedufor long term data



alaidSNna ¢KSaira Discussion 2017

collection. An example of a long term crowdsourcing site targeting a professional audience is Stack

Overflowf® as is mentioned in the literatur@Reiners & Wood 2015)

7.1.8 Summary RQ1

The implemented locatiohased game was aimed at a mostly rexpert target audience who
contributed many land cover classifications. The fitggstion whethera locationbasedgame can be
implemented using key game elements as underlying motivationuis tlonfirmed by the findings of

this thesis.

7.2 ResearclQuestionTwo

RQ2: CAN THE GENERATEDRA®VER DATA BE USEORESEARCH CONIE PARTICULAR

WITH REGARDS TO VHAEIDATION OR IMPREMENT OF LAND COWVRR®DUCPS

7.2.1 ContributiongOver Time

In terms d user contributions over time and their agreement rates, the results show considerable
differences to other similar geographic information mining efforts. The total number of user
contributions over time shows a characteristic sigmoid curve with the ghteew user contributions
decreasing significantly towards the end of the collection period. In contrast, the results of an analysis
of the crowdsourced land cover validation project @&k’ show a rapid increase in user
contributions towards the end dhe data collection phaséSee et al. 2013)rhis major difference in
user contribution rate changes over time may be attributed to the different forms of usewatmtn.

In GeeWiki, the users with the most points at the end of the data collection period enjoyed a chance
to win Amazor® vouchers or paper cauthorships(See et & 2013) Thus, the user contribution rate
increased significantly towards the end of the collection period with users wanting to maximise their
chances of winning. Unlike G&WUiki, the results of this thesis show a significant decline in the user
contribution rate towards the end of the test period. After an initial interest period, users were found
to contribute less. This may be explained by the fact that the implemented lochéisad game
incorporated no incentive of having the highest score atecgjg moment in timeThe findings oSee

et al. (2013)in comparison with the results of this thesis suggest that fixed collection periods with

major rewards being distriliad after a fixed date could increase the total number of contributions.

26 www.stackoverflow.confaccessed: 10.04.2017)
2T www.geowiki.org(accessed: 10.04.2017)
28 www.amazon.confaccessed: 10.04.2017)
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7.2.2 QualityAssessmerdnd Fuzzy Classifications

A key advantage of the generated game over the CORINE land cover dataset is the fuzzy nature of the
generated tile classifications verstise hard nature of the CORINE raster cell classifications. The
advantages of using fuzzy classifications over hard classifications have been identified in the literate as
being of higher informational quality and allowing improved uncertainty estim@egpal et al. 2016)

h¥ GKS MoQooy OflFa8aAFTASR (GAfSazZ 1HOndgelas@BINGE NB LI

30.49% were reported to contain over two land coekErses

However, the fuzzy nature of thesergeneratedland cover classifications makes it difficult to assess
the quality of the CORINE land cover dataset. According to literature fin(hhgshoney & Strahler

2002; Carneiro & Pereira 2014; Foody et al. 2082pmmon and accepted method for calculating
accuracy and quality metrics when validating land cover datasets consists in creating a confusion
matrix. The confusion matrix can later be used to calculate precision, recall, accuracy, false positive
rates andrue positive rategFawcett 200R Seeing that the mentioned metrics are only meaningful if

the underlying confusion matrix is used to compare hard pixels, a subset of the entire dataset
containing only tiles which users classified as containing exactly one tile was used to comgute th

confusion matrix metrics.

The high number of fuzzy classifications is a potential indicator of spatial autocorrelations of land cover
classes, difficulties of users differentiating between classes or the heterogeneous nature of the

landscapes within thelassified areas.

7.2.3 AgreemeniRates of Consecutive Captures

A high fluctuation of intraile agreement rates is illustrated fRigure25. The results show that the

land coverclassd dzNb I y ¢ Kl a GKS KAIKSald 02yasSoOdzia@dS | ANBS
preceding and following classification. Following the land coveich &G dzNB | y € X (G KS Of | &
F2dzyR (G2 KI@S | 02yasSOdziaA@dS aINBSYSydG NIXrdS 2F cH
exponential decline in user agreement rates suggests a high uncertainty in most of the land cover

Of I a &S aidarguablyd lanyg éover class, of which different users agree on the semantics of what

'y adzZNbFyé¢ fFyRaoOFLS O2yarata 2Fd 2AGK aAyRdzadGN
inter-user agreement on the semantics is considerably lower, declfaitiger in the land cover class

Golr GSNEP® hyS YAIKG 6S AyOtAySR (2 GKAYjuset KS f Iy
agreement rates. However, seeing that multiple classifications were allowed for a given tile, low
consecutive agreement rate8 ¥ a gt G SNE O2dAZ R KI @S 06SSy Ol dzaSR
manifestation of the land cover class in the natural environment. Local knowledge of an environment

and the land cover class not being visible from the position of the user when classiffiegautd
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therefore be a source of low intréle agreement rates of uncommon features or land cover classes

with typically small extents.

The high fluctuations of intrtile agreement rates suggest considerable differences in the
intersubjective perceptin of the semantics of a land cover class by different users. Similar finding

were reported bySee et al(2013) who support the assumption that the quality of user genethte
O2y(iSyid @INASE RSLWISYRAYy3I 2y tFyR O20SNJ Ofttraa |y
perception of the semantics of land cover classes have been investigated in the litej@tunber et

al. 2aL5; Comber et al. 201@nd are discussed in further detail in chapte2.5

7.2.4 Agreements with CORINE

Overall, the results of this thesis show agreement rafasser generated classifications in comparison

with the CORINE land cover dataset of 76.15% and 74.93% {Hd@h250nd CORINE land cover

dataset cell size respectively). This corresponds with results of similar resear&ayag.et al2016)

found an overall agreement rate between crowed sourced land cover data and official land cover data

of 70% andSee et al(2013)observed an agreement rate between 66% and 76%. Comparing the
FANBSYSyd NrXrdGSa 2F GKA& YFHadSNRa GKSaira gA0K (KS
agreement rate which can be viewed as a proxy of higher data quality. However, the resulting
FINBSYSyid NIXridSa 2F GKAa YlradSNna GKSaAa Ydzad oS
implemented an algorithm which outputs true or false (agree or disagree) dependindether the

CORINE land cover classification matches any one ofighecontributed classifications or not.

Consequently, the user contributed fuzzy classifications were more likely to result in an agreement

than the user contributed hard classifications, thus increasing overall agreement.

An additional confusion matrix ugjronly tiles which were reported as containing exactly one class
yielded a slightly lower overall agreement rate of 68.63%, which is more in line with the-above
mentioned results of similar research. This slightly lower agreement rate also corroborates the
assumption that the algorithm used to compare the fuzzy user generated land cover classifications

with the hard CORINE land cover classifications results inopignistic agreement rates. The
calculated confusion matrix metrics show four characteristimbinations of precision (what fraction

of tiles with a specific CORINE land cover class agrees with the user generated classification) and recall
(what fraction of tiles with a specific user reported land cover class shows an agreement with the
CORINE &l cover classification). The resultslicatethat land cover classes with high precision and

high recall show high agreement rates between the user generated classifications and the CORINE
Ot aaAFTAOLFIGA2ya 6SdIAd & dzND, ksgoter 0.82RF. DHe dehultsysugfestn dy M H
thatf  yR O2@SNJ Of FaasSa ¢gAGK | KAIK LINBOAAAZ2Y 0 dz
precision = 0.6796, recall = 0.44968¢cbre = 0.5412) and classes which show a low precision but a high
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recallaredzy RSNNB LINBASY iSR 0S®3d £ NI 0 tsee¥ 0.5INBiIdthed A 2y T
dzASNJ O2y i NROGdziSR RIGlI® 5SaLIAGS KIFE@GAy3a FdzyRFEYSy il
YR &l NI 6f S &scarekvaldes, dohsedquéntly Nddting similar overall agreement rates.

Finally, land cover classes with low precision and low recall also show low agreemenrfigies2

visualses the relationship between precision and recall as found in the results of this thesis.

High . )
Overrepresentation High
Precision in Contributions Agreement
Uncertainty
Under-
Low Low representation
. Agreement in Contributions
Precision
Low High
—
Recall Recall

Figure42 - Precision and recall in user generated land cover classifications
Figure showing the hypothesised relation between precamhrecall values and the resulting characteristics of the user
contributed land cover classifications.

Over and underrepresentation as well as oveand underreporting of classifications has been
identified as a source of error in user generated or cremutced content(Kosmala et al. 2016;
Gardiner et al. 2012)Although literature findings confirm the importance of identifying potentially
under- or overrepresented classificationGardiner et al(2012)argue that rarer classifications were
found to be overrepresented and thus may show a higher gradeaodrtainty. This coincides with the
findings of this thesisvhich show a significant correlation between thacore and the corresponding
number of user generated classifications of each land cover class. However, the distribution of values
used in thecorrelation analysis could be the cause of a high bias towards a significant correlation.
Furthermore, the detailed examples presentedchapter6.4, Comparison with CORINE 2042ow a
potential tendency to oveclassify underrepresented objects as a means of artificially increasing the
importance hereof. | argue that in highly spatially autocorrelated landscapes with only small changes
over larger distances, irregularities are perceived to be of higher importance thaothieewise
perceived monotone surrounding landscape. This again coincidegheitarguments ofGardiner et

al. (2012)showingthat rarer classifications were fourtd be overrepresented.
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The results indicate no significant trend in agreement rate change over time, made visilgareB2.

The weekly relativdisagreement rates varied considerably throughout the test period and the highest
percentage of disagreements were recorded in the week of the 08.01.2017 (151 classifications, 96
disagreements) followed by week of the 25.12.2016 (457 classifications,i2ajrekments) and the
week of the 12.02.2017 (75 classifications, 39 disagreements). These results show three considerable
peaks of relative disagreements in the data collection period. These results contradict the literature
stating that the reliability ad quality of user contributions increases over ti(Gee et al. 2013; Touya

et al. 2017)ut the findings do support the assumption that the quality varies depending on land cover
class and throughout the test period as mentioned in the literaf@ee et al. 2013However, it needs

to be pointed out that the applied method did not consider individual users and their contributions
independent of the whole dataset. | argue tltisuld be the source of the high fluctuations in the
weekly agreement rates as new users registered and started to contribute classifications at different
times throughout the data collection period. If all users and their contributions were analysed

individually, an increase in agreement rate over time might have been observed.

7.2.5 Disagreementsith CORINE
Of arguably higher importance than agreements between the user generated data and the CORINE
land cover dataset are the disagreements and their origins. The results show three potential sources

regarding the disagreements between thsercontributeddataand the CORINE land cover dataset:

1 Overrepresentation of classes caused by predominant land cover classifications
9 Difficulties of users in differentiating between semantically similar land cover classes

9 Spatial autocorrelations and multiple classificagon

Overrepresentation of classes¢ KS NXBadzZ ta NBGSIf dzaSNE NBLRZ2NIAyY3
GAYRdzZAGNEE 6AGK  KAIKSNI FNBljdzSyOed bl GdzNIF f ez
led to an overrepresentation of the mentioned landver classes. | assume the overrepresentation of
GKS flIyR O2@SN) Ot aaSa adzNBlFyé¢ YR GAYRdAzZAGNEE 2N
1. a high urban sprawl in Switzerlafd/eilenmann et al. 201 #gsulting in less crisp borders of
the mentioned land cover classes,
2. users choosing to play the locatitmased game as a distraction whilst commutingptigh
urban areaswhich corresponds to th&ndings ofBell et al(2006)
3. a higher ingame performance of users imban areas, coinciding with the results@blley et
al.(2017)
4. or unstable c#ular broadband connection in remote areas resulting in slow internet speeds,
potentially turningthe gameplaying into an unsatisfactory experience, as suggeisted

literature findings(Huang et al2013)andfurther supported by taking into account the
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official cellular coverage maps of the three major cellplaviders in Switzerland: S&it

Sunrisé® and Swisscofi.

Colley et al(2017)noticed a higher igame performance of users playing the locatlmased game
Pokémon G@n urban areasThe authors attribute this trease to the higher number of possible in
game activities in urban areas which grant experience points. This corresponds to the results of this
thesis as enemy classification hotspots, typically found in urban areas, imply less travel distance for a

userlooking to destroy those enemy tiles with the aim of gaining additional experience points.

CKS 2@0SNNBLINBaSyiaridazy 2F GKS tFyR O20SN) Of | &z
interpretation of the ceoccurrence matrices as to not confuse naturdiigher ceoccurrences

between land cover classes with potential spatial autocorrelations of land cover classes.

Difficulties in differentiating classeg The potential subjective differences in regards to the semantics

of land cover classes must be taketoiconsideration and addressed. The results show considerable
difficulties of users in differentiating between specific land cover classes. This is arguably one of the

most prominent sources of disagreement between the data generated with the implemétdation

based game and the CORINE land cover dataset. The confusion rate of specific pairs of land cover
classe® S®I P G LISNXY I ONRLXE YR & LI &idudBsssigndidartKhigier NI 6 f S
0Ky 20KSNB 6So3d aF2NBadé 6AGK a6l GSNEVOSE AYRAOI
ALISOAFTAO ftlFyR O02@SN) Of-dorfusiGh tb (i NMIRE4J RX Yy I KEKS h wlLla
classificationscheme Figure35) ¢ A (I K ( K SconfudidaYSldaRNA E€ 2 F (G KS / hwlLb
classificationscheme Figure36) illustratesthese semantic issues of land cover classifications. The
implemented algorithm aggregates CORINE level two classes to CORINE level one classes resulting in a
major decrease of adusions within specific CORINE level one classes (e.g. agricultural areas). The
literature confirms that the presented issues regarding the ontological and semantic aspects of land

cover classes must be taken into consideration and that they can presaajax source of errors or
disagreements between different users or disciplif@smber et al. 2005Comber et al(2005 p.226

adl as8 0 Kdveris geodived difidRently by different disciplines, and their perceptions inform

their assessment of the data and their analyéeSurther research has been done on different
conceptualisations of landscapeattures depending on nationality and level of exper{i€ember et

al.2016)¢ KS F dzi K2 N&B O2y Of dzRS aiGKF G AdG A& AYLRNIFyd d
way that landscape features are labelled and conceptualised by different groups of contributors when
FylfeaAiay3a ONR(Gdbe dzeO2B, pR6EYTkelrésults of this thesis agree with the

22 www.salt.ch/en/coverage(accessed: 10.04.2017)

30 www.sunrise.ch/en/residential/mobile/mobil@etwork/network-coverage/networkcoveragemap.htmi
(accessed: 10.04.2017)

31 https://scmplc.begasoft.ch/plcapp/pages/gis/netzdbckung.jsf?lang=efaccessed: 10.04.2017)
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literature (Comber et al. 2015; Comber et al. 2006)the finding that different perceptions of land

cover classecan be observed between different users.

Figure43 - Example image of a classification showing disagreement
Image showing an isitu photograph of an area where a spatially autocorrelated patch of disagreement between the user
generated land cover classifications and the CORINE land cover dataset can be observed. Source: G&ogle Maps

Two patches of spatially autocorrelated disagreements were presented in detabter 6.4,

Comparison with CORINE 2D1Rven though the presented examples were analysed individually and

no holistic statements should be made, they show potential problematic land cover classes in terms of

their semantics. The official CORINE documentation for example defines green urban agehst aé
vegetated areas greater than 25 ha that are either gigdawithin or in contact with urban fabrics.

{GNR LA 2F tlySa yR LI GKa ONBFGSR T2KIsBeOMB | (A 2y
2014, p.29) The presented exampleFigure 34 left) shows a spatially autocorrelated area of
RA&AFANBSAYy3d GAfSa 2F gKAOK mn 6SNB NBLRNISR o6& |
0 SAyYy 3 a3 NFuRe4Bhaslar ikitu photograph of the area in question and highlights the

difficulty of classifying certain land cover classes. The presented spatially autocorrelated patch of
disagreements can @rdzt 6f @ 06S FOdGNAROGdzISR (G2 GKS RAFFSNBYy
depending on the classifying user, again underlining the importance of analysing the semantics and

spatial autocorrelations within land cover datasets.

32 www.google.ch/maps



http://www.google.ch/maps

















































