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Abstract

The online browser-based game GeoGuessr has increased in popularity over recent years
and professionals are going viral with videos displaying their extraordinary geolocating
abilities. Especially the multiplayer game mode intrigues from a computational opti-
mization perspective, as team members have to agree upon a hedging strategy for their
guesses. This thesis argues for and implements five different hedging strategies: Ran-
dom Guess in Network, Random Guess in Convex Hull, Divide and Conquer, Closeness
Centrality, and K-Means Clustering. All hedging strategies are tested with 100.000
iterations on the playing fields of Bornholm and Malta. Results show from the tests,
that the K-Means Clustering hedging strategy is superior to the other proposed hedging
strategies with up to 151.2% by a measure of the mean distance to the target node for
the winning guess. Furthermore, the thesis discusses the computational constraints of
the presented hedging strategies and the limitations of applying the k-means algorithm
to geospatial data. The application of in particular the algorithmic procedures of the K-
Means Clustering hedging strategy within domains apart from GeoGuessr is discussed,

and a customized version of it is used to solve the warehouse location problem.
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Acronyms and De nitions

Arena The region or (collection of) countries, in which the target is located
Geolocating The act of translating imagery into a location

Hedging strategy The use of a strategy to place guesses on the world map
OSM OpenStreetMap

Target The location of the place the players have to guess

Plausible region The region or (collection of) countries, in which the target is be-
lieved to be located
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Chapter 1

Introduction

This chapter starts with an introduction to the online game GeoGuessr in section 1.1,
which brie y explains the playing rules of the di erent game modes and clari es the one
game mode researched in this thesis. Followed by that, the general motivation for the
thesis is given in section 1.2, which also touches upon the recent increase in popularity
of the game. The research questions aimed to explore and answer in the thesis are
presented in section 1.3. Finally, section 1.4 oers a summary of the contributions
made to both the eld of optimizing results in GeoGuessr and more generally to the
studies of centrality in geospatial networks.

1.1 GeoGuessr

GeoGuessr [2] is an online browser-based geography game, that lets players compete in
a variety of game modes. Options for both single-player, multiplayer, and team-based
games are available on the platform.

During each round, the players are presented with some location that is covered by
Google Street View [6]. From the imagery of this ground view, the players will pinpoint
a guess on a world map, where they believe the location to be. For the di erent game
modes, points are added or subtracted based on the distance from the guess to the
actual location.

Common for all game modes is the capability to choose tlagena, which limits the
country, region, or some other characteristic of the locations o ered by Google Street
View.

The game mode investigated in this thesis, which from this point on will be regarded
as the game itself, is a multiplayer team-based version. In this game mode, two teams
consisting of three players each, are competing against each other. Both teams start
with an equal amount of points, and the losing team of each round gets subtracted
points equivalent to the di erence in distance of their best guess compared to the best
guess of the winning team. A team wins when the other team reaches zero or negative
points.

1.2 Motivation

When rst introduced in 2013, GeoGuessr saw its rst spike in interest [1]. As reported
in [1] based on data collected from the mainstream social media platforms, GeoGuessr's
popularity after its launch however declined quickly. It was during the COVID-19



pandemic, the game had its renaissance and became a popular game among social
media personalities [1]. During this time, more game modes were made available, and
short video clips went viral online of players showing o their skills.

For some game modes, making use of a hedging strategy makes sense. Even when
playing single-player, it is often more reasonable to place a guess in a plausible region
rather than guessing in the outskirts of that region and risking a higher distance to the
target.

In the multiplayer team-based version of the game used as the basis for the research
in this thesis, the use of hedging strategies is essential for winning tournaments. A
clip from YouTube shows the GeoGuessr streamer Rainbolt playing a tournament with
teammates [24]. They quickly identify Argentina, Mexico, or the United States of
America to be the possible countries of the target, however in order to cover the region
in a suitable way they agree on a hedging strategy [24]:

"Yeah, it's Arg, Mexico, or US."
"Alright, I'm going Mexico somebody go US."

Since the players have to place their guesses within a short time limit (typically within
30 seconds), the hedging strategies have to be agreed upon fairly quickly. In the clip,
the players eventually decide to place two guesses in the United States of America and
one in Mexico to cover their plausible region the best.

The precision of the guesses is therefore not as important as the general accuracy,
as only the best guess will be taken into consideration each round. In other words, it is
often more suitable for the teams to agree on a hedging strategy rather than having all
team members place guesses individually.

1.3 Research Questions

The optimal hedging strategy is non-trivial for at least two reasons: 1) the underlying
space of possible locations, i.e. the street network on which Google takes Street View
images, is potentially heterogeneously distributed over the arena, and 2) the minimum
of multiple player guesses wins.

In order to de ne a hedging strategy and be able to classify it agood or better
than alternative hedging strategies, also naive hedging strategies have to be de ned and
tested similarly to the believed more optimal hedging strategy. Furthermore, the setting
- in this case, thearena - in which the test is taking place has to be re ected upon.

Summarized, this thesis seeks to explore, implement, test, and re ect upon one or
more hedging strategies while answering the questiongiow can the optimal hedging
strategy for multiple players in GeoGuessr be de ned?and Which algorithms and
calculations can be used to implement such hedging strategies?



1.4 Contributions

The research of this thesis contributes to the task of geolocating in the domain of
GeoGuessr by o ering pre-computed guesses for a given arena. Five hedging strategies
are o ered, and each solves the task with a unique set of algorithmic procedures.

More generally, the research explores the notion of centrality in geospatial networks
and presents applications in domains apart from GeoGuessr. Among others, it uses
a customized version of a proposed hedging strategy to solve the warehouse location
problem.

A GitHub repository is o ered to interested readers, that documents and exempli-
es the steps from fetching the networks to generating the guesses.

10



Chapter 2

Background

In this chapter, the context for the thesis is set and put into perspective by analyzing and
presenting existing research in section 2.1. To understand the data being processed in
the thesis o ered by OpenStreetMap [14], section 2.2 will clarify its form and attributes.
Centrality in networks can be de ned and used for many di erent applications, which is
why section 2.3 will de ne its characteristics in this thesis. In particular, section 2.3.3
will explore the k-means algorithm.

2.1 Related Work

This section will present existing work and research done on the topic of GeoGuessr.
The usage of GeoGuessr in educational settings is described in section 2.1.1. From
there on, the existing research concentrates on optimizing the winning chances and
investigating how human players have become experts. In section 2.1.2, the usage of
trained neural networks is employed to play the game with the goal of outperforming
humans. The human performance is explored in section 2.1.3, which among others
enlightens how professionals have become expert players. An altered and simpli ed
version of the game has been subject to a research paper, that is presented in section
2.1.4. Finally, section 2.1.5 presents a previous attempt by the author of this thesis to
create a hedging strategy based on a static analysis of a geospatial network.

2.1.1 Utilization in Education

Both [64] and [46] report positive feedback on the use of GeoGuessr in educational set-
tings. Di erent computer games are compared and ranked in [64]. The study concludes
GeoGuessr to be the highest rated due to its focus on the relations of nature, humans,
and economic conditions.

The research conducted in [46] was mainly focused on GeoGuessr. This study
eventually concludes, that there"should be given more place for games in syllabuses,
books and activities'[46].

2.1.2 Machine Learning Techniques

In [68], a deep neural network was developed that given an image from Google Street
View somewhere in the United States of America will geolocate the most likely state.
This implies, that their model is only applicable when the arena of GeoGuessr is limited
to images within the borders of the United States of America.
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A neural network is trained with a data set consisting of 2500 samples for each of
the 50 states. For each state, the samples are selected based on the population density.
Thereby a claim is made that population density has a correlation to the coverage
o ered by Google Street View:[...] density-based sampling allows us to achieve a good
spread of locations [... and] primes the model for more densely populated regi{6t.
Each sample consists of four images, as all the cardinal directions are covered by Google
Street View and therefore accounted for in the data se60States10K[68] is the name
of the data set with a total of 500.000 collected images made available for open-source
research.

DeepGemerforms best in the states of Hawaii and Alaska with a precision of 95.9%
and 91.2%. This is likely due to the uniqueness of their landscapes [68]. However, the
performance in other states such as Virginia and Texas goes as low as 9.2% and 10.4%.
Furthermore, the neural network makes no attempts to place a guess within the state.

A neural network is also developed and relied upon in [70] to increase the performance
of geolocation. It is stated, that"geolocation is an extremely challenging task since
many photos o er only few, possibly ambiguous, cues about their locatidi@0]. Their
approach is based on the assumption that geolocation is a classi cation problem.

The model calledPlaNet, is trained with 126 million photos. These photos have
been scraped from the internet, and all consist of supplementary EXIF data attached to
them. As also mentioned in the paper, theifdataset is [...] extremely noisy, including
indoor photos, portraits, photos of pets, food, products and other photos not indicative
of location" [70].

Itis chosen in [70] to split the world into cells containing an equal amount of photos.
Thereby, "sparsely populated areas are covered by larger cells and densely populated areas
are covered by ner cells"[70].

Results show, thatPlaNet outperforms similar models and'even reaches super-
human performance”[70]. However,PlaNet makes no further e ort to place a guess
within a cell, as it simply uses the center of it.

Similar to [68] and [70], [59] tries to categorize imagery into a known set of areas. To do
this, [59] uses'a combination of computer vision, machine learning and text retrieval
methods to compute a ranking of likely countries of the location show{s9]. In other
words; given an image from Google Street View, their model call&buntry Guesser
will output a list of countries paired with the computed likelihood of the target being
within their borders.

The research in [59] determined that 110 countries were su ciently covered by
Google Street View to qualify for being a part of the model. To estimate the solar
position, [59] investigates the brightness of parts of the image. Furthermore, [59] uses
character detection in combination with language libraries in Python to infer linguistic
origin. The coloration of the image, possibly car license plates, and identi cation of
general objects is also included in the geolocating procedure of [59].

12



It is reported in [59] that from a total of 220 guesses, the country of the target
was ranked 14.7 on average, meaning that on average over 14 countries were more likely
according to the model to be the country of the target.

2.1.3 Human Capabilities

In [58] the research focuses on geolocation capabilities from a human perspective. In
order to investigate this aspect of geolocation, 15 participants were included in the
study.

Some of the signs and traits the participants used for making their guesses included
studying architecture, identifying languages, inferring driving rules, positioning the sun,
nding road signs, and recognizing landscapes [58].

As for models trained to geolocate, also participants can get misled by laying too
much weight on certain traits that point in the wrong direction. [58] calls this symptom
xation .

2.1.4 Voronoi Game

An altered and simplied version of GeoGuessr is studied in [36], which argues to
have designed similarities with the game studied in [36] and the Voronoi Game. As
summarized in [31], the"Voronoi game is a geometric model of competitive facility
location problem played between two players. [...] Payo of each player is de ned by
the quantity of users served by all of its facilities. The objective of each player is to
maximize their respective payo "[31].

In the rstversion of the game presented in [36], two players; layera and P layerg,
are competing to place a guess closest to the targdt, It is assumed, thatP layers has
placed all it's guesse$a;)::(a,) beforeP layerg has placed any of its guessés;):: ().

At the time Playerg has to place its guesses, the best guess fréhtayer, with the
notion of a is known. At any time, Playerg knows the di erence in distance between
its best guess so far t@ and the distance fromato T.

In the second version of the game, the two player® layeran and Playerg, take
turns in placing a guess. Now both players know the di erence in distance f© for
their respective best guessesand b.

Lastly, a version of the game is de ned in a one-dimensional setting. As also stated
in [36], this version"becomes trivial'[36], as it resembles a challenge in binary search
more than an actual strategy for outplaying and opponent in geolocating.

2.1.5 Static Analysis

Similar to the approaches designed, developed, and tested presented in this thesis, the
research project [49], which was the pilot project on this topic prior to this thesis,
describes procedures that will place guesses based on a static analysis of a geospatial
network.
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The research conducted limits the arena to the island of Bornholm and suggests
three di erent approaches. All results have the conditions of a team consisting of three
players de ning a hedging strategy. An overview of Bornholm can be found in appendix
A

The rst hedging strategy places all its guesses randomly in the geospatial network.
Results show, that the mean distance to target for the best guess when running 1.000.000
iterations is 11.58 km [49].

The second hedging strategy places all its guesses within the convex hull of the
geospatial network. Results show, that the mean distance to the target for the best
guess when running 1.000.000 iterations is 11.45 km [49].

Finally, the hedging strategy calledDivide and Conquer which places its guesses
based on a static analysis of the geospatial network, shows results for the mean distance
to the target for the best guess of 11.13 km when running 1.000.000 iterations. The
improvement of this strategy compared to the random strategies is therefore respectively
3.9% and 2.8% [49].

In this thesis, the ideas of [49] are among others extended to exploring further
hedging strategies with algorithmic procedures including machine learning techniques.

2.2 OSM and Geospatial Data

OpenStreetMap [14] is an open-source geographic database, that is maintained by its
volunteers and users. Besides storing and o ering geographic data free of charge, it al-
lows for various integrations and uses of its service. The data o ered by OpenStreetMap
consists of the entities listed in Tab. 2.1.

Geospatial data in general has many facets. One de nition gjeospatialby the
dictionary Merriam-Webster suggests the following:"consisting of, derived from, or
relating to data that is directly linked to speci ¢ geographical locatiofig10]. In many
ways, a data set from OpenStreetMap follows the suggested de nition:

1. The data consists of nodes directly linked to speci ¢ geographical locations, which
are in essence the building blocks.

2. Derived from the nodes are ways, relations, and members. These meta-objects
inherit and build upon the fundamental physical linkage of the nodes and describe
structures and connections.

3. Finally, the tags relate to the data, by supplying additional meta-data to the nodes
and the relations of the nodes.
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Table 2.1: Structure of OSM data

Entity Description
A tag consists of a key-value pair, that describes some attribute of ja
node, way, relation, or member. For example, some nodes have the tag
of <k="addr:housenumber" v="8"/> when describing a building. Ways
typically have tags describing, what vehicles can drive on the road, in ex-
ample <k="bicycle" v="yes"/> . Finally, relations have tags that de-
scribe the type of the relation, in example<k="building" v="yes"/>
Nodes most importantly consist of the attributesid, latitude
and longitude . Besides possibly having tags attached, they
Node are described with other attributes such asvisible="true"
timestamp="2012-08-04T11:35:42Z7" , user="Ernst Poulsen" , and
version="1" .

Ways in OSM consist of a series of node references, attributes, and
possibly tags. Attributes for ways are similar to the ones for nodes,
except they do not contain latitude and longitude, as these are contained
in the referenced nodes.
A relation in an OSM data set consists of an ordered list of nodes, way
Relation and members. It describes a greater characteristic of a collection |of
entities, such as natural areas, buildings, and routes.
Members exist within relations and represent other relations. A relation
can therefore participate in multiple other relations. Members contain
the attributes of type, ref , and role . A type can for example have

Tag

Way

n

Member
the value of wayor relation . The ref is the reference to thad of the
relation and the role can have values sudhner , outer , backward and
forward .
2.3 Centrality

2.3.1 Measures of centrality

Centrality measures are essential to understanding macro- and micro-speci ¢ properties
of geospatial networks, and networks in general. In [69], a study on bus routes identi es
its network to be the type of "complex networks [that] exhibit a heterogeneous nature"

[69]. These types of networks are intricate to analyze, as every node can be of multiple
importance: "The importance of a node is largely a ected and re ected by the topological

structure of the network to which it belongs. A node's importance is highly correlated
with its capacity to impact the behaviours of its surrounding neighbourf9].

The di erent measures of centrality de ned in [69] are mostly concerned and only
relevant to networks of heterogeneous complexity. Degree centrality, strength centrality,
eigenvector centrality, Katz centrality, PageRank centrality, and betweenness centrality
are identi ed in [69]. However, closeness centralitide ned as the reciprocal of the mean
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geodesic distance from a node to all the other nodes in the netwd®3] has a potential
application in the static analysis required for de ning hedging strategies.

The types of centrality relevant to this thesis focus on the macro-speci ¢ properties
of geospatial networks and thereby exclude measures that are reliant on node-specic
analysis. Eigenvector centrality can, even though its primary applications lie within
nding "in uential nodes in a network" [63], be customized in a way to analyze dis-
tance importance. However, as with closeness centrality, also eigenvector centrality
yields traits, that makes its use impractical in the research context of this thesis: the
clustering of centralities. This phenomenon is explained and investigated further in
section 2.3.2.

For calculating the closeness centrality of a node in a network, the following equation
is used [44][75]:
n 1
Celp) = o
_, 4P po)

(2.1)

Eq. (2.1) describes a measurement of closeness centralityfor a given nodepy, that
is calculated by dividing the number of all nodes subtracted Iy 1, with the sum of
. P
distances d(pi; pk) from px to every other nodep;::pn.
i=1

As also described in [57] and [56], the distance function is primarily understood as
a Shortest Path implementation. However, the use of the Euclidean distance formula
as the distance function is Eq. (2.1) is possible as well.

The Euclidean distance formula in a two-dimensional coordinate system is de ned
for two nodes,i andj, in Eq. (2.2) [37].

q
di;j) = (ix §2+(iy jy)? (2.2)

In Fig. 2.1, a simple network of ve nodes in a two-dimensional Cartesian coordinate
system is visualized. Note that, since the distance measure is Euclidean distance, de-
tached from graph distance, the placement of links is irrelevant. In this formulation,
this centrality metric only cares about the spatial distances of nodes from each other.
The nodes,p,::pe, all have their names and coordinates labeled.

Figure 2.1: Closeness centrality study in a simple network
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When using Eq. (2.1) on the ve nodes using the Euclidean distance de ned in Eq. (2.2)
as the distance function, the measurements resulting from the calculation are as shown
in Tab. 2.2.

Table 2.2: Result of closeness centrality study in a simple network

Node Closeness centrality score
Pa 0.485
Po 0.485
Pe 0.707
Pd 0.485
Pe 0.485

2.3.2 Clustering of Centralities

As de ned in [66], "[t]he closeness centrality of a vertex is based on the total distance
between one vertex and all other vertices, where larger distances yield lower closeness
centrality values" [66]. From this de nition follows, that the likelihood of having the
most central nodes as neighbors or in the relative near distance is high.

This phenomenon is investigated and reported as two gures, Fig. 2.2 and Fig. 2.3.
The three nodes with the highest score of closeness centrality for the geospatial network
of Bornholm are made visible in Fig. 2.2 as dots with the colors red, green, and blue.
The gure shows, that all three nodes are in the center of the island close to each other.
Fig. 2.3 visualizes this phenomenon by coloring the edges of the geospatial network also
according to their score of closeness centrality. The gure indicates with a brighter
edge-coloring, that the majority of highly scored edges are found towards the center of
the island.

Both gures, Fig. 2.2 and Fig. 2.3, have been implemented using the NetworkX library
function closeness_centrality — [11].

Implementation details and code can be found in the GitHub repository [23] for
investigation and recreation of all results and plots presented in this thesis.

2.3.3 K-Means

As described and visualized in section 2.3.2, using o -the-shelf standardized centrality
measures for the purpose of developing multiplayer hedging strategies in GeoGuessr is
not useful since the multiple guesses should be spread so that they cover the arena
more homogeneously to score a better minimum distance estimate on average. Other
methods should be explored to approach the task from new perspectives.

In [60], research has been conducted that uses parallel k-means clustering to in-
vestigate geospatial vegetation data. This was done by studying a LIDAR data set and
clustering di erent vegetation structures [60].
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Figure 2.2: Closeness centrality shown by nodes for Bornholm

In [39] the k-means algorithm has been used with geospatial data, where the aim of the
research was to better the tra c control of a city in Cyprus.

[47] uses a modi ed k-means algorithm to investigate and suggest an optimized
public transportation network. A conclusion from the study underlines the synergy
that appears when"apply[ing] di erent methods (e.g. machine learning as well) for
geospatial data analysis{47].

The k-means algorithm belongs to the:"[...] family of algorithms [that] iteratively
optimise a model (of the dataset under consideration) as K clusters. This cluster model
comprises a membership element, assigning each member of the dataset to one of the
clusters, and a centroid element, which describes each clust@7]. Many variations
exist of the k-means algorithm, whereas the most well-known is based on minimizing
the distanced, .., of a nodev to its assigned clusterc.

In other words, it will cluster a data set into K clusters by assigning each data
point to one of these.
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Figure 2.3: Closeness centrality shown by edges for Bornholm

The main properties of a general k-means algorithm are demonstrated in Alg. 1 [30][35].

It alternates between assigning points to clusters and updating the centroids.

Algorithm 1 K-means Algorithm
Input
P1; P2; P3; 5 pn 2 set of pointsP
C1;C5;Cg3; i C 2 set of clustersC
: Choose random centers;; ¢;; Cz; :::; ¢ for each cluster inC
repeat
C1;C2C3; 15 Ck
for each p2 P do
Leti=argmini=1,23.:x Jip Gij?
Ci Ci[f pg
for i=1to kdo
if P,6; then ¢ = %P p2c P

iCij
until centers do not change

© Nk wdR
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As the pseudo-code in Alg. 1 is somewhat simpli ed, di erent parameters and additional
optimizations should be explained.

First, one has to understand, that the result of each iteration of the algorithm is
better than or equal to the clustering provided by the previous iteration. A parameter
that therefore has a high correlation with both the running time and the correctness of
the result is the number of iterations [27].

To test both the relation of iterations and the correctness of the resulting k-means
clusters and their centroids and the libraries needed to conduct such experiments, a
preliminary implementation is developed.

The k-means algorithm and random data generation function frorsklearn are used for
this investigation [22][19]. A data set consisting of 100 points randomly placed around
a center is generated with a see@®yoints . Next, a list of centroids is initialized asNone

For the rst iteration of the k-means clustering algorithm, three centroids are
placed randomly within the distribution of the points in the data set using a seed,
Scentroigs - FOr the following iterations, the existing centroids are used as a basis for the
local optimization procedure of the algorithm. For each iteration, the coordinates of
the centroids are saved.

To explore the correlation of iterations and the correctness of the resulting k-means
clustering, 1000 iterations of the algorithm are performed. This test is initialized with
the same seedsSpoints and Scentroids » @S the previous experiment.

Fig. 2.4a, Fig. 2.4b, Fig. 2.4c, and Fig. 2.4d, show the clustering and the centroids
of the experiments after one, two, three, and 1000 iterations of the k-means algorithm
on an identical data set and initial centroid placement using the same seeds. The results
from the tests visualized in Fig. 2.4a, Fig. 2.4b, Fig. 2.4c, and Fig. 2.4d are shown in
Tab. 2.3, in which both the coordinates of the centroids and the distance of cluster
centroids to the nal clustering centroids after 1000 iterations are recorded.

Table 2.3: Result of k-means test with various iterations

Cluster | Iteration Coordinates centroid | Distance finaicentroid
1 (1.515, 2.643) 0.354
A 2 (1.534, 2.369) 0.130
3 (1.491, 2.285) 0.071
1000 (1.423, 2.301)
1 (0.116, 1.249) 0.471
B 2 (0.206, 1.037) 0.252
3 (0.273, 0.961) 0.152
1000 (0.394, 0.869)
1 (1.889, 0.874) 0.404
c 2 (1.982, 0.712) 0.271
3 (2.114, 0.683) 0.140
1000 (2.253, 0.699)
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(a) 1 iteration (b) 2 iterations

(c) 3 iterations (d) 1000 iterations

Figure 2.4: K-means clustering after various iterations

To further understand and visualize the correlation between the correctness of a k-
means clustering and the number of executed iterations, an additional experiment is
conducted.

For the test visualized in Fig. 2.5, 1.000.000 sample points are randomly generated,
and three clusters are sought. In less than 15 iterations, the k-means algorithm has
produced clusters with centroids that are only corrected by a little fraction for the
following iterations.
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Figure 2.5: Correlation between k-means clustering of 1.000.000 random sample points and the correctness

The low number of iterations needed for the conducted experiment in Fig. 2.5 has
multiple causes. One is the initial positioning of the centroids, as also described in [29],
[51], [74], and [34]. Another is the entropy of the randomly generated data set.

In general, the k-means algorithm has shortcomings. The running time is complex,
as every iteration calculates the minimum distance for each point to a centroid and
afterwards recalculates the position of the centroids. Much research has been made
to optimize the k-means algorithm, for example [76] and [62]. Therefore many imple-
mentations of the k-means algorithm have several break conditions: stop the algorithm
whenever the improvements are below a threshold, stop the algorithm if the centroids
do not move, or even just a hardcoded maximum number of iterations.
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Chapter 3

Methods and Implementation

This chapter and its sections will introduce and explain ve di erent hedging strategies,
from which the test results are reported later in chapter 4. The arenas used and the
placement of targets within these are described in section 3.1 with code snippets that
correspond to the actual implementation. From this point on, implementation details

are described in a pseudo-code style. The rst hedging strategy, presented in section 3.2,
is of a random character as it randomly places guesses on the network. Section 3.3 also
suggests a random approach, as the hedging strategy places guesses within the convex
hull of the network. The hedging strategy developed in [49] is presented in section 3.4,
and places its guesses based on an analysis of the network. Section 3.5 argues for and
describes a hedging strategy based on closeness centrality. Finally, section 3.6 presents
a hedging strategy based on a k-means clustering approach.

3.1 Arena and Target

3.1.1 Arenas: Bornholm and Malta

The tests will be conducted in two arenas, Bornholm and Malta. Appendix A and B
show the maps of the arenas, whereas appendix D and E show the driveable geospatial
networks. Furthermore, the tests are conducted with three guesses for each round,
meaning that the team consists of three players.

The island of Bornholm is a Danish island in the Baltic Sea with a geospatial
network mostly present in harbor cities [7]. Malta is a country in the Mediterranean
Sea mainly consisting of three bigger islands Malta, Gozo, and Comino [9].

These test arenas were selected due to their small size, allowing fast computations,
and due to the non-trivial shape of Malta which is split into three islands.

Both arenas are fetched using th@smnxlibrary [18]. However, when fetching Malta
by using the function graph_from_place only the main island is returned [16]. Fur-
thermore, when using the functiongraph_from_bbox, only one of Malta's islands is
returned [15]. Therefore Malta is fetched by its three main islands individually and
composed using the functiocompose_all from the networkx library [13][12].

Due to optimization on time when debugging code and running tests, the networks
are saved after being fetched. The code used for fetching, saving, and composing the
networks is shown in Cod. 3.1.
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Code snippet 3.1: Fetch, save, and load the geospatial networks for Bornholm and Malta

import osmnx as ox
import networkx as nx

#Fetch and save Malta

gozo = ox.graph_from_bbox(north=36.0831, south=36.0036, east=14.3523,
west=14.1825, network_type="drive")

comino = ox.graph_from_bbox(north=36.0002 ,south=35.8039, east=14.5782,
west=14.3183, network type="drive")

malta = ox.graph_from_bbox(north=36.0209, south=36.0036, east=14.3513,
west=14.3162, network_type="drive")

ox.save_graphml(gozo, filepath="./savedGraphs/gozo.graphml")

ox.save_graphml(comino, filepath="./savedGraphs/comino.graphml")

ox.save_graphml(malta, filepath="./savedGraphs/malta.graphml")

#Fetch and save Bornholm
bornholm = ox.graph_from_place("Bornholm", network_type="drive")
ox.save_graphml(bornholm, filepath="./savedGraphs/bornholm.graphml®)

#Load networks into networkx.MultiGraph. State the arena
arena = "malta" #can be either "malta” or "bornholm"
graph = nx.MultiGraph

if arena == "bornholm":
graph = ox.load_graphml("./savedGraphs/bornholm.graphml”)
else :
gozo = ox.load_graphmi("./savedGraphs/gozo.graphml™)
comino = ox.load_graphml("./savedGraphs/comino.graphml®)
malta = ox.load_graphml("./savedGraphs/malta.graphml")
graph = nx.compose_all([gozo, comino, malta])

3.1.2 Placement of the Target

The target should be placed randomly in the driveable geospatial network of the arena.
However, each node or edge cannot simply be chosen randomly correctly without weigh-
ing its actual representation. In other words, an edge between two nodes can be of ar-
bitrary length, meaning that the random selection of some node in the network should
account for this. Furthermore, the samples should be able to choose some interpolation
of the edges rather than choosing just their endpoints (i.e., the network nodes).

To do exactly this, the targets are randomly created using the function
sample_points from the osmnx.utils_geo library [17]. Working further with the
source code shown in Cod. 3.1, retrieving a sample node as the target is done as shown
in Cod. 3.2.
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Code snippet 3.2: Retrieve sample node as the target

from osmnx.utils_geo import  sample_points

#Translate the graph into geospatial network with latitude and longitude
graph.graph[ 'crs'] = "epsg:3857"

#Get the coordinates from a geopandas.GeoSeries object
def retrieveLatAndLong(geo):
return (geo.Xx, geo.y)

#Retrieve sample node as target
target = retrieveLatAndLong(sample_points(graph, 1))

3.2 Random Guess in Network

3.2.1 Motivation

The hedging strategy Random Guess in Networkhas two contributions to the ex-
ploratory part of this thesis and should therefore be tested.

First, it can be regarded as a measure of, how well or badly the other non-random
hedging strategies are performing compared to this random hedging strategy. Thereby
it produces a point of reference, onull model that de nes whether or not a non-random
strategy has a rewarding e ect.

Second, the strategy itself can be argued for, as the guesses it produces follows the
distribution of the geospatial network if implemented correctly. Imagine a small circular
island, where 80% of the network exists in and around a harbor city. The remaining
20% of the driveable geospatial network is on the opposite shore of the island in and
around a smaller harbor city. Statistically, the target and each guess would have the
same probability of being placed in either the bigger city or the smaller city, respectively
20% and 80%. To some extent of intuition, this is not a bad hedging strategy for all
arenas.

3.2.2 Implementation

The implementation of this random hedging strategy requires two steps. First, three
random guesses have to be generated somewhere in the network of the arena. This is
done by using the same function as in section 3.1.2ample_points [17].

Second, the distances from each sampled node should be calculated to the target.
This is done by using the Haversine formula that calculates the distance between two
nodes in a geospatial network [65]. The implementation is shown in Alg. 2 and a
visualization of the algorithm is shown in Fig. 3.1 and Fig. 3.2.
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Algorithm 2 Hedging Strategy: Random Guess in Network

Input
01;02; gz 2 set of guesse& within arenanework
t the target within arenanemwork
Let best guess so famgmin null
Let minimum distance so far,distmin iNt max
for each g2 G do

Let dist = haversine(g;t)

if dist<gmin then gmin = g;distnin = dist
: return  QGmin ; distmin

ok wdR

Figure 3.1: Random Guess in Network - Bornholm
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Figure 3.2: Random Guess in Network - Malta

3.3 Random Guess in Convex Hull

3.3.1 Motivation

Like the hedging strategyRandom Guess in Networkplaces guesses randomly, also
the hedging strategyRandom Guess in Convex Hulemploys a random approach for
guessing. HoweverRandom Guess in Convex Hulplaces guesses randomly distributed
within the convex hull of the network instead. The convex hull of a network is the
minimum convex polygon that includes all the nodes [32].

Besides being another random approach that can be used as a measure for identify-
ing more optimal hedging strategies, alsBandom Guess in Convex Hultan be argued
for having a potential value in certain arenas.

Imagine an arena consisting of two identically shaped circular islandssland
and islandg. Both island, and islandg have 50% of the total network of the arena
evenly distributed. The distance between the two islands from the nearest shore of each
respectively is equal to the radius of bothsland, and islandg.

Using the other random hedging strategyRandom Guess in Networkwould place
all guesses on the islands as only they have a driveable network. However, intuitively
placing one of the three guesses in the middle of the sea that is dividing the two islands
would be a viable hedging of the arena.
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3.3.2 Implementation

The implementation of Random Guess in Convex Hullequires some preliminary com-
putations. The three randomly generated guesses should be within the convex hull of
the arena. Therefore, the convex hull of the arena should be computed initially to de-
termine whether or not a guess is within the boundaries. For generating the convex hull
polygon, the function convex_hull is used by GeoPandas [5][4].

After determining the convex hull and generating three random guesses within it,
the forthgoing procedure is very similar to Alg. 2. The implementation oRandom
Guess in Convex Hulis shown in Alg. 3 and a visualization of the algorithm is shown
in Fig. 3.4 and Fig. 3.3.

Figure 3.3: Random Guess in Convex Hull - Malta

Algorithm 3 Hedging Strategy: Random Guess in Convex Hull
Input

01; 02; g3 2 set of guesse& within arenaconvexHull

t the target within arenanework

Let best guess so farmgmin null
Let minimum distance so far,distmin iNt max
for each g2 G do

Let dist = haversine(g;t)

if dist<gmin then gmin = g;distnin = dist
return  Qgmin ; distmin
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Figure 3.4: Random Guess in Convex Hull - Bornholm

3.4 Divide and Conquer

3.4.1 Motivation

A hedging strategy calledivide and Conqueris described in [49], that places its guesses
based on an analysis of the network. Instead of placing guesses randomly, it divides
the network into n equal subnetworks, wheren is the number of guesses. In each
subnetwork, the midpoint is calculated and eventually used as a guess.

This hedging strategy intuitively has strengths that the random hedging strategies
do not possess, as it places its guesses based on a data-driven rationale. However, as
reported in [49], the applied graph traversal together with the use of midpoint as guesses
are primitive solutions, as"most of the bigger cities lie near the coast [of Bornholm]"
[49], and thereby simplify aspects of the challenge.

3.4.2 Implementation

Several data translations and computations are required in the hedging strateGyvide
and Conquer First, the network has to be abstracted into a set of points that are
generated in the center of each edge. The points should, besides holding the values of
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latitude and longitude, also contain information on their weight, which is equal to the
length each center point represents. This abstraction is shown in Fig. 3.5.

Figure 3.5: Center points of edges

The next step requires dividing the network into a grid and assigning each cell of the
grid all of the center points, that are within it. The con guration in the implementation
for the tests is set to(35; 35), meaning that both the height and the width of the grid
are split into 35 cells.

This subprocedure of the algorithm is shown in Fig. 3.6a and Fig. 3.6b for Bornholm
and Malta respectively.

(a) Bornholm

(b) Malta

Figure 3.6: Grid division of the arenas
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Now all the weighted points are iterated through to place each in one of the cells of the
grid. By this point, all the grid cells contain both the weighted points and the total
sum of their weights.

A traversal is now executed, that diagonally runs through all cells and associates
each cell with a bigger area. There should be bigger areas, where is the number
of guesses. During the traversal, a cell gets associated with a bigger a@&a, if the
cell is within the convex hull of the arena and the bigger area's current total weight is
not greater or equal to the total weight of the network divided byn, as the following
assertion must hold:weightyea ~— Ye9twa

As described in [49], the diagonal direction of the traversal seemed intuitively the
worst of the two possible directions, as the direction followed the shape of Bornholm.
However, this claim was not supported by tests. Therefore both diagonal traversal
directions will be tested in this thesis.

Fig. 3.7a and Fig. 3.7b show the resulting bigger areas when traversing with the
two diagonal directions in the arena of Bornholm, whereas Fig. 3.8a and Fig. 3.8b show
the resulting bigger areas when traversing with the two diagonal directions in the arena
of Malta.

(a) Diagonal direction A (b) Diagonal direction B

Figure 3.7: The n bigger areas of Bornholm
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(a) Diagonal direction A (b) Diagonal direction B

Figure 3.8: The n bigger areas of Malta

The next and nal subprocedure of the hedging strategy explored in [49] de nes the
guesses after three steps. First, all the corner points of the grid cells of thebigger
areas are added tm collections. Second, the convex hulls of thesecollections are now
generated using the functiorconvex_hull [4]. Third, the geometric centroids which in
this case is equivalent to the midpoint, is calculated using the functiooentroid from
GeoPandas [3]. Thesa geometric centroids are now regarded as theguesses of the
Divide and Conquerhedging strategy.

Fig. 3.9a and Fig. 3.9b show the resulting convex hulls and geometric centroids
when traversing with the two diagonal directions in the arena of Bornholm, whereas
Fig. 3.10a and Fig. 3.10b show the resulting convex hulls and geometric centroids when
traversing with the two diagonal directions in the arena of Malta. The pseudo-code for
the Divide and Conquerhedging strategy is shown in Alg. 4.
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(a) Diagonal direction A (b) Diagonal direction B

Figure 3.9: The n convex hulls and geometric centroids of Bornholm

(a) Diagonal direction A (b) Diagonal direction B

Figure 3.10: The n convex hulls and geometric centroids of Malta
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Algorithm 4  Hedging Strategy: Divide and Conquer
Input

The target, t, within arenanemwork

The convex hull of the network,convex,

The list of weighted points, Pyeighted

The collection of empty grid cells,G

The list of empty bigger areasA

The total weight of the network, weightiota

Let best guess so famgmin null
Let minimum distance so far,distmin iNt max
An integer to determine the current index starting atO, i
for each p 2 Pyeighted dO
Find the cell c of G that includes p
Add p to c and add the weight ofp to the total weight of c
for each c2 G do (diagonal traverse)
if ¢2 convex, then
if weight(A[i]) < %) then Ali]= A[i][ ¢
elsei++ ,Afi]= A[i][ c
: for each a2 A do

© 0N wdR

B
B o

12: Let g = geometriceentroid (8)

13: Let dist = haversine(g;t)

14: if dist<gmin then gmin = g;distyin, = dist
15: return  gnmin ; diStmin

3.5 Closeness Centrality

3.5.1 Motivation

As mentioned in section 2.3.2, some challenges emerge when using closeness centrality
to de ne a hedging strategy, caused by the risk of clustering of the most central nodes

in the network. However, using closeness centrality within a subnetwork seems like a
valid approach. As for the hedging strategyRandom Guess in Networkthis hedging
strategy will therefore also place its guesses on the network of the arena.

In the hedging strategyDivide and Conquey the nal guess within the n resulting
divisions of the arena is equal to the geometric centroid of the convex hull depicting the
division. This hedging strategy,Closeness Centralitywill use the measure of closeness
centrality to further adjust the guesses within thesen convex hulls.

As the results in section 4.3 show when traversing with the two di erent diagonal
directions in Divide and Conquey one direction is found to outperform the others.
Therefore, directionB is employed for this hedging strategy.
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