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Abstract—Location-Based games (LBGs) are a subtype of
digital games that uses the location of players as a key component
for playability, including changes to the game state. However, a
significant challenge that threatens the development and pop-
ularization of LBGs is the game balancing. Since LBGs rely
on players’ location, it is hard to manually design interactions,
challenges, and game scenarios for each part of the world.
Thus, the same LBG is likely to present varying difficulty levels
depending on the player’s location due to differences in terrain,
distance, and transport availability. As a result, even modern
LBGs show huge balancing differences between regions and they
do not explore competition between players like other game
genres. In this paper, we present measurements to estimate game
balancing in modern LBGs and introduce a method that uses
Monte Carlo Tree Search (MCTS) to automatically edit instances
of these games to minimize differences in game balancing.
Additionally, we present a study detailing the improvements in
game balancing when using the proposed method in today’s two
most popular LBGs (Ingress and Pokémon Go).

Keywords—Location-based Games, Game Balancing, Monte
Carlo Tree Search, Google Maps.

I. INTRODUCTION

Mobile devices are best known for their mobility and for
providing quick access to the Internet. However, smartphones
have impacted the way people play games and have boosted
the game industry due to its immense potential as a gaming
platform. Previously, games were played in specific places
using devices such as keyboard, mouse, joystick, PCs, and
consoles [1]. Nowadays, smartphones have enabled games to
be played anytime and in multiple locations. Consequently,
many games have been ported or developed specifically to
target the mobile market. To illustrate the importance of
mobile devices to the game industry, the Global Mobile Game
Confederation has released a report showing that mobile games
are expected to hold 38% of the game market in 2017 [2].

Additionally, the increase in processing power and the
popularization of sensors in modern smartphones (e.g., ac-
celerometer, compass, camera, GPS tracker, gyroscope, among
others) have allowed the implementation of new game genres,
such as Pervasive Games. These games use smartphones’
sensors to infer contextual information about the player’s
location. Pervasive Games are capable of providing a mix of
virtual and real environments by using mobile, ubiquitous, and
embedded digital technologies [3]. This research focuses on a
popular subtype of Pervasive Games called Location-Based

Windson Viana
GREaT - MDCC
Federal University of Ceara - UFC
Fortaleza-CE, Brazil
Email: windson@great.ufc.br

Fernando Trinta
GREaT - MDCC
Federal University of Ceard - UFC
Fortaleza-CE, Brazil
Email: fernandotrinta@ great.ufc.br

Games (LBGs). LBGs use the players’ location to modify
the game state during runtime. As a result, players have to
physically move to progress in the game, thus creating a link
between virtual and real worlds.

Lately, both industry and academia have focused efforts
in the development of LBGs. Games like Parallel Kingdom
(released in 2008) and Ingressl(released in 2012) have reached
more than 1 million users? and 7 million downloads?, respec-
tively. These numbers indicate a considerable potential for
growth in the market. More recently, the release of Pokémon
Go* in 2016 confirmed this potential, and the game reached
45 million users within a few weeks.

Nevertheless, developing LBGs is challenging due to the
inclusion of features and issues that are not present in most
mobile games. For instance, developers have to create games
to be available in a vast number of places, cope with tracking
issues, and implement game balancing in different regions. A
common strategy employed to make LBGs widely available is
to use a database containing points-of-interest (POIs) scattered
around the globe.

Usually, LBGs map POISs to virtual elements of the game,
and players have to move to a POI before interacting with it
in the game. Therefore, an LBG can be played virtually every-
where, provided there are POIs nearby the player. However, the
time and effort to physically move between POlIs is a crucial
factor to game balance. The main drawbacks of this approach
are the complexity of building such a large database of POIs
and the difficulties of balancing the game for multiple regions.
Consequently, most LBGs present great inequality between
countries, cities, and even neighborhoods.

Today, the two most popular LBGs are Pokémon Go and
Ingress, and despite their enormous popularity and broad
availability, players of both games have experienced issues
regarding the distribution of POIs. These POIs are known
as portals in Ingress or PokeStops and Gyms in Pokémon
Go. Millions of players have downloaded these games before
noticing there were a few or no POISs in their region °. This
issue is so evident that an American newspaper compared
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the number of POIs between some American cities with their
social and racial characteristics®.

The scenario as mentioned earlier is the key motivation
for this research. To reduce game unbalancing, we need to
incorporate new places in regions lacking POIs and redistribute
POIs in areas where they are unevenly scattered. In this
work, we propose an approach that uses Monte Carlo Tree
Search (MCTS) and information from Google Maps API to
improve game balancing in LBGs by adding or replacing POIs.
Additionally, we introduce an approach to compare aspects of
game balancing in LBGs that use a database of POlIs, such as
Ingress and Pokémon Go.

The rest of this paper is organized as follows: Section II
presents the background related to this work. Section III intro-
duces the measurements designed to estimate game balancing.
In section IV, we detail the steps that comprise the proposed
method. Section VI presents an evaluation comprising the
performance of the method and the improvements in game
balancing. Moreover, in section VII, limitations about this
research are discussed. Finally, section VIII summarizes the
paper and points some directions for future exploration.

II. BACKGROUND
A. Location-Based Games

Recently, due to the widespread usage of mobile devices
and the release of popular games, LBGs have experienced
great popularity. However, the first LBGs were developed in
early 2000’s despite the technological limitations of the period.
Games like Pirates!, Can You See Me Now?, ARQuake, and
Human Pacman pioneered the use of location in the gameplay
[4]. The term LBG hasn’t been consolidated by the time
of their development, therefore authors of these early games
classified them as Pervasive Games.

In the last years, companies and universities have developed
LBGs with diversified purposes[5], [6]. In general, LBGs
have been applied to areas such as tourism [7], education
[8], health [9], [10], among others. This widespread use of
LBGs corroborates to their potential for growth and highlights
their ability to be used in many fields. Nevertheless, there are
challenges in the development of these games that haven’t been
addressed.

B. Game Balancing

A great issue developers face when designing LBGs is the
need to balance the game throughout the regions it can be
played. Game balancing relates to the difficulty level faced
by players. It is a key factor in the development of modern
games due to its importance to the gaming experience [11].
[12] considers game balancing as one of the three quality
factors responsible for the engagement in games. In general,
too hard games are deemed frustrating and too easy games
lead to boredom [13].

Usually, balancing games is a difficult and time-consuming
task that requires extensive testing and calibration. Moreover,
game balancing is presumably harder in more sophisticated
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games because even minor changes can affect other areas of
the game [14]. Consequently, many efforts have been devoted
to the design of automatic and dynamic game balancing tech-
niques, ranging from the use of artificial neural networks[15]
to reinforcement learning algorithms[13].

Balancing LBGs is especially complex due to the inherent
link between the game and real world. This connection gives
rise to countless factors and options that can be regarded as
game balancing components. For instance, terrain topology,
transport availability, and public safety are just a few exam-
ples of real world features that can influence the gameplay,
and hence the balancing of an LBG. Although the method
presented here is general, in this work we selected distance and
time-to-walk as sole real-world features for improving game
balancing.

Furthermore, there are works applying automatic game
balancing approaches to multiple genres of games, including
serious games [16], puzzles [17], real-time strategy games
[15], fighting games [13], etc. However, game balancing for
LBGs composed of POIs has not been an important subject
in many studies, and the few works that mention it do not
specifically address the issue [18], [19]. As a result, even
modern LBGs present significant disparity in game balancing
between different regions.

C. Monte Carlo Tree Search

Modern LBGs can be played virtually everywhere, and
hence each place of execution corresponds to a different game
setting that needs to be balanced. This myriad of possibilities
and configurations makes manual game balancing an imprac-
tical job. Therefore, automatic approaches to improving game
balancing in LBGs is needed.

This work builds on Monte Carlo Tree Search (MCTS)
to create an automatic method to improve game balancing
in LBGs composed of POIs. Despite its potential as an Al
technique capable of competing at an expert level in Go [20],
MCTS can also be used to find near optimal solutions in large
state-space Markovian Decision Problems [21]. Over the years,
MCTS has successfully been used in different domains, such as
optimization, real-time strategy games, general game playing,
and complex real-world planning [22].

We designed this approach to adjust the game balancing
on demand -according to the player’s location- and to cope
with LBGs that have varying amounts of POIs. Therefore, the
number of possible solutions is big, since POIs can be shifted
anywhere. Consequently, deterministic approaches are unsuited
to solve this challenge, especially considering that the number
of selected POIs varies according to each region and game. In
this case, non-deterministic methods are deemed more viable
due to their ability to deliver good results under a predefined
computational budget.

Nevertheless, selecting appropriate non-deterministic ap-
proaches is fundamental to achieve good results. In this work,
we used MCTS for its potential to optimize exploration using
information collected on previous searches. MCTS focuses on
promising solutions while devoting minor efforts to portions
of the search space that generate bad outcomes.



III. GAME BALANCING IN LBGS

This research focuses on LBGs composed of POIs. There-
fore, we generalize the difficulty level an LBG presents in a
determined location as the total effort to move between the
POIs nearby. In this case, we represent LBGs as a directed
weighted graph G = (V, E, W), where nodes (V') specify the
collection of POIs that composes the game, edges (F) indicate
the existing paths between two POIs, and weights (/) quantify
the effort to move between POIls, with each weight w € R+.

This representation is flexible as edges can be added or
excluded to map custom game flows and weights can be
associated with real world features that are deemed influential
to the game balancing. For instance, LBGs that request players
to visit an ordered sequence of POIs can be symbolized
as a graph with a single chain of edges reaching all the
nodes. Moreover, healthy LBGs can use footsteps, calories
or heartbeats as weights, whereas competitive games can use
time, distance, etc.

We have defined two aspects of evaluation to gauge aspects
of game balancing in LBGs. The first focuses on examining
the internal balancing, i.e., it estimates the effort for players
to move to the closest POIs, and also checks whether POIs
are evenly distributed in the region. In this case, unbalanced
LBGs are the ones that have POIs too easy or too hard to
reach. Therefore, we called Internal Difficulty Level (J) the
average estimated effort to reach every POI in a determined
location, as shown by 1.

NV w
=) o (1)
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where w, is the effort to reach POI z, and Ny is the
number of POIs within a certain range. Additionally, the
standard deviation (o5) for the efforts is calculated to evaluate
the uniformity of POIs distribution.

The second analysis was designed to highlight dissimilar-
ities in game balancing between two areas. It establishes a
direct comparison between distinct LBGs or between the same
LBG played in distinct regions. To make such comparison,
it is necessary to calculate the minimum difference in game
balancing considering each path that forms the games. In this
case, since LBGs are mapped to weighted graphs, the analysis
is equivalent to the graph matching presented in [23]. This
process extracts the best similarity between the paths of both
games by minimizing their differences. This measurement is
called Minimum Balancing Difference (¥J1) and is given by the
sum of the differences between all the corresponding paths in
the best similarity case, as expressed by 2. Next, we detail how
M is calculated.

Consider an LBG that can be played in two different areas,
thus giving rise to two distinct game configurations (G4 and
Gp). M is obtained by matching a set of POIs A of G4 to a
set of POIs B of Gy so that:
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Fig. 1.
according to each area.

LBGs usually present different effort to move between its POIs

where wa,, and wp,, represent the weights of paths
connecting POIs A, to A, and B, to B,, respectively.

For the sake of simplicity, the following example demon-
strates how to calculate 9t for LBGs containing only three
POIs. Figure 1 depicts POIs in different areas and the estimated
effort to move between them. Despite having only three POIs,
there are some possible matches between these graphs. For in-
stance, the mapping (A/X, B/Y, C/Z) presents the following
difference between paths [3—7|+|2—3|+|5—1| = 9, however
the best match is (A/Z,B/X,C/Y), thus the Minimum
Balancing Difference is 3 Mt = [3 — 3|+ |2 - 1|+ |5 —7|).

To summarize, 97 indicates whether players in different lo-
cations can compete more fairly since it shows how unbalanced
the games are considering each available path. Therefore, if
M = 0 for two distinct games, players in both areas should
experience equivalent game balancing because the estimated
effort to move between each POI is equal in both games.
In section IV, 2 is used as the reference to an automatic
approach capable of improving game balancing in a specific
area.

This section presented two distinct measurements designed
to estimate game balancing in LBGs. While J concerns the
overall difficulty to play the game in a specific location, I
focuses on gauging the existing disparity in game balancing
between distinct areas. Section V presents a case study inves-
tigating the differences in some aspects of game balancing for
Ingress and Pokémon Go using J and 9.

IV. METHOD

In order to improve game balancing in LBGs, we present
a method that uses MCTS to find near optimal solutions in a
set of candidate POIs. As shown in section III, LBGs can be
represented as directed weighted graphs where weights repre-
sent the estimated effort to move between POIs. Additionally,
we introduced a measurement that compares aspects of game
balancing between two areas considering differences in their
weights (9J7). Based on this feature, we designed a method
capable of editing POIs in LBGs to minimize differences in
game balancing.

Despite the intuition of the process, replacing POIs is a
complex task that affects all the paths between them. As a re-
sult, shifting a POI can minimize differences between weights
for a set of paths while maximizing others. Additionally, the
need to assess many POIs for every unbalanced path can lead to
huge search spaces. For instance, if an LBG is composed of 10
POIs and there are 20 candidates to improve the game, the total
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Fig. 2. Pipeline of execution for the method.

amount of tests is 20!/10! (permutation without repetition). In
fact, this challenge is similar to the graph matching, a well-
known problem present in many fields [23]. In this work, we
use MCTS to explore the search space and find improved
solutions under a specified budget.

The proposed method is composed of four steps: (i) Con-
vert LBGs to Weighted Graphs, (ii) Select POlIs, (iii) MCTS
Computation, and (v) Improvement Analysis. Figure 2 details
the pipeline of execution. The output of the method is a
version of the LBG that may have a few or all of the original
POIs replaced, depending on the game balancing differences
between the original game and the target LBG. Each one of
these steps is better detailed in the following subsections.

A. Convert LBGs to Weighted Graphs

In this step, the LBGs are converted to directed weighted
graphs in the following format G = (V, E, W). The conversion
is straightforward and consists of a direct mapping from
POIs to nodes (V), paths to edges (£), and estimated efforts
to weights (WW). Nevertheless, a key part of this process
is to estimate the effort to move between POIs since this
information differs depending on each game.

In theory, every feature capable of affecting the game
balancing should be employed. However, it is impractical to
define and assess every real-world feature. Thus, the most
significant aspects must be selected. In our experiments, we
used Google Maps API to estimate distance and time-to-walk
between POlIs, although other tools and features can be used.

B. Select POIs

The method can use a variable number of POIs depending
on the region the game is played. In theory, all POIs nearby
are eligible, but the high complexity demanded to both define
weights for each path and find an optimal solution in greater
search spaces prevents this practice. Usually, urban centers
have a wide range of locations, thus demanding a selection. In
our tests, we used the longest path in the target game as the
maximum distance a candidate POI should be.

Additionally, POIs can be selected to conform to the
gameplay or for specific purposes. For example, an LBG
may associate virtual shops to real markets and educational
games may select historic places as POIs. After selection, it
is necessary to add the POIs to the graph that represents the
game. We used Google Places API to query POIs and selected
them arbitrarily. Then, we used Google Maps API to estimate
weights before adding them to the game graph. As a result,
this step outputs a larger weighted graph composed of POIs
from both the original game and Google Places.

C. MCTS Computation

Previously, we discussed the complexity involved when
replacing a POI to improve game balancing. To address this
issue, we rely on MCTS’ capacity to take random samples
in the search space and use this information to guide further
exploration for better solutions. The proposed method receives
two weighted graphs as input - the target graph and a larger
graph composed of original and selected POIs -, and process
these data by searching for matches between POIs that mini-
mize . In this case, searching for POIs corresponds to the
selection and expansion process of MCTS, and calculating 90t
represents simulation.

Furthermore, it is necessary to backpropagate a reward
based on the results of simulation. In this instance, we decided
to use a limiting threshold (7) to ensure the method returns
solutions within a minimum similarity in relation to the game
balancing of the original LBG. Therefore, 7 is compared
to the ratio between 901 and the target graph (Zi\z:l Way)-
When expression 3 is true, the method backpropagates a win,
otherwise a loss is returned.
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As a result, MCTS will allocate more resources to ex-
ploit branches of the solution tree that yield results within
a satisfying threshold 7, while eventually exploring branches
that appear to generate sub-optimal matches. Consequently, the
method relies on specifying a suitable value for 7 to deliver
good performance. High values of 7 can cause MCTS to back-
propagate wins for every case, and low values can continually
lead to loss. In these cases, MCTS fails to select branches for
exploitation and hence operates choosing solutions randomly.

The outcome of this step is the solution presenting lower 9T
evaluated during simulation. In this case, a set of POIs matched
to each node of the target graph. In the next step, the solution
is analyzed to assess improvements in game balancing.

D. Improvement Analysis

The main goal in this phase is to ensure the new solution
presents improved game balancing in relation to the original
game. In this regard, an analysis based on 9, J and o5 is
conducted to compare both the original JBL and the generated
solution.

First, it is necessary to verify if 91 for the generated
solution has lowered in relation to the original solution. In case
MCTS provides a better result, 291 for the generated graph is
usually lower, therefore J and o5 are likely to be similar to the
target game. Conversely, if MCTS fails to improve the original
game, 21 tends to be higher than the original LBG. In case 9
is similar to both new and original games, J and o5 are used
to choose the best one.

In this section, we detailed the method used to improve
game balancing on LBGs. The proposed approach supports
multiple types of LBGs, as long as they are composed of
POIs. In section VI, we present an evaluation consisting of
experiments conducted using POIs from Ingress and Pokémon
Go to assess the proposed method.



TABLE 1.

SELECTED LOCATIONS

Name Latitude Longitude
NY1 New York - One MetroTech Center 40.6931069983 -73.9866182682
NY2 New York - Hall of Science 40.7470970180 -73.8516173240
TK1 Tokyo - Tower 35.6583876299 139.7455459393
TK2 Tokyo - Imperial Palace 35.6850850705 139.7529273785
RJ1 Rio de Janeiro - Maracana Stadium | -22.9150998782 -43.2290637326
RJ2 Rio de Janeiro - Ipanema Beach -22.9866263486 | -43.2029497456
JB1 Johannesburg - Wits Art Museum -26.1931198706 28.0332790076
JB2 Johannesburg - Gold Reef City -26.2365213519 28.0137954414
BL1 Berlin - Brandenburg Gate 52.5162328923 13.3778201162
BL2 Berlin - Pergamonmuseum Gate 52.5211271788 13.3970032750

V. ANALYSIS OF GAME BALANCING IN Ingress AND
Pokémon Go

As mentioned in section I, Ingress and Pokémon Go were
released in many countries and are currently the most pop-
ular LBGs worldwide. However, both games share the same
database of POIs and hence present similar issues with game
balancing. This section shows an analysis of some aspects of
game balancing in these games using the evaluation aspects
presented in section IIIL.

Before conducting this investigation, we compiled a set
of POIs using collaborative portals that map PokeStops and
Gyms in many countries. However, to ensure the authenticity
of this data, we validated each POI using the official Ingress’
website’, that shows information about POIs of the game.

Furthermore, we used Google Maps API to estimate the
effort to move between POIs by querying routing information.
Google Maps API provides live information about traffic and
offers a series of options including traffic modes, time of de-
parture and route settings. However, we conducted evaluations
considering distance and time to walk as effort since these
are essential features in the games. For instance, Pokémon Go
demands players to walk by posing speed limits.

In order to provide a broad investigation about game
balancing in the games, a set of locations in different continents
were used as sample. The places enabled us to compare
aspects of game balancing between cities of different countries
and distinct neighborhoods in the same city. Therefore, it is
possible to notice how game balancing varies according to each
region. Table I shows the selected locations, their geographic
coordinates, and, in the leftmost column, the corresponding
abbreviation for the name of each location.

The initial examination concerns the Internal Difficulty
Level (J) and depicts how arduous is to reach POIs in the
area. As previously mentioned, we estimated game balancing
considering both time (J;) and distance (J;) to walk. In this
case, higher J; indicates POIs are, on average, farther from
the player, and higher J; points to longer time to reach POlIs.

Accordingly, the standard deviation for distances (o)
shows how far POIs are from the mean, thus lower o, indicates
the distances to all POIs are similar and close to the mean (Jy),
whereas higher o4 evidence POIs are unevenly distributed.
Similarly, lower standard deviation for time (o;) shows the
duration to move to POIs is equivalent, and higher o, indicates
paths to POIs have greater dissimilarity in duration.
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Fig. 3. Chart depicting J, (flled bars) and 7 (dashed bars). Error bars

represent o for each column.

Figure 3 shows the data generated by calculating J, (filled
bars) and J; (dashed bars) for the locations presented in Table
I. Both time and distance to walk show equivalent results,
thus indicating these features have a similar influence on game
balancing in these areas. In all cases, we selected the ten closest
POIs in the region. Thus, it is possible to estimate the game
balancing for players in each location. Results indicate a great
disparity in aspects of game balancing when comparing cities
of different countries and some neighborhoods of the same
city. For example, the chart shows that playing the games in
areas of Johannesburg requires nearly double the effort to reach
POIs in comparison to regions of Tokyo. Similarly, it also
highlights dissimilarities in distinct locations of the same city
(e.g. Berlin).

Furthermore, o is depicted as error bars for each column.
The data indicate a significant disparity in POIs distribution
for areas of Berlin (BL2) and Johannesburg (JB2). In these
cases, both o4 and o, point out to the existence of POIs that
demand higher effort to reach in comparison to other POIs in
the area. For instance, Figure 6 (h) shows that in BL2 there
are POIs placed across a river, thus increasing o.

The second criterion for examination is the Minimum Bal-
ancing Difference (2J7). In this case, locations are analyzed in
pairs and the measure delivers the disparity in game balancing
between the regions. This step outputs a single value 9t
indicating the total difference in effort for the best matching
case.

To provide a better comprehension about the generated
data, we present 91 as a percentage in relation to the target
game. Table II shows the minimum difference in game balance
considering the distance to walk (01;). The table for time
to walk (91;) presented equivalent information to 91;. The
data show correlations between areas of distinct cities and
highlights differences in game balancing within the same city.
For instance, a player at NY1 will face similar challenges to
a player nearby TK1 (Mt; = 20.5%), likewise RJ1 and RJ2
demand equivalent effort (9t; = 26.4%). Conversely, there
will be a great disparity in game balancing between BL1 and
BL2 (M, = 80.2%).

In general, 90t provides key information to assess whether
players in different location face similar challenges. This study
emphasizes that game balancing in LBGs is still an issue even
when comparing great cities. In this context, players can have



TABLE II. MINIMUM DIFFERENCE IN GAME BALANCING (9t4).
0 NY2 TKI TK2 RIT RI2 JB1 1B2 BLI BL2

NY1 42.6% 20.5% 22.9% 60.6% 92.7% 75.7% 49.7% 22.7% 113.6%
- 30.9% 39.5% 28.5% 41.1% 37.8% 37.9% 33.3% 62.3%

- 27.5% 75.1% 98.1% 89.7% 45.8% 26.9% 124.3%

- 40.9% 63.3% 49.5% 38.5% 22.6% 90.3%

- 26.4% 20.7% 41.1% 31.7% 46.1%

- 30.7% 41.7% 38.2% 41.2%

- 45% 36.8% 42.7%

- 64.3% 64.1%

- 80.2%

significant benefits or disadvantages according to the region
they are playing or even the country they live. Consequently,
this great disparity in game balancing can be regarded as a
key challenge to their popularization in some areas. Moreover,
it prevents LBGs to incorporate competitive features even for
players living in the same city.

The evaluation shows great inequality in game balancing
between some areas of distinct cities and within the same
city. This indicates that both Ingress and Pokémon Go deliver
varying gaming experiences depending on the city and the
neighborhood the games are played. To address this issue,
section VI uses the proposed method to reduce unbalancing
in those areas.

VI. EVALUATING THE METHOD

The analysis conducted in section V highlighted great
differences in game balancing between distinct locations. This
issue has been reported repeatedly by players around the globe,
and in section IV we presented an approach developed to
overcome this problem. Therefore, to validate the performance
of our method we conducted a series of tests involving the
same data analyzed in section V. The evaluation consists
of applying the method to improve game balancing among
distinct locations and drawing a comparison to assess the
results.

The proposed approach to improve game balancing edits an
original game based on the game balancing of a target LBG.
Therefore, it is necessary to select a game with the desired
difficulty, although a synthetic game can also be used. In our
tests, NY1, TK1, and BL1 were used as target games. These
locations were selected due to their low J and o5, therefore
POIs in these locations are regularly distributed and easy to
reach.

As shown in Table II, 9, indicates NY1 and TK1 present
remarkable disparity in game balancing when compared to
other locations, specially RJ2, JOH1, and BL2. In all these
cases, measurements indicate players in NY1 and TKI are
likely to have a significant advantage. Consequently, we ap-
plied the method to improve game balancing for RJ2, JOHI,
and BL2 based on features of NY1 and TK1. In addition,
we improved game balancing on BL2 considering BL1 as the
target, since these locations present the highest difference in
My within the same city.

As a result, Figure 4 depicts how 2, reduced in relation
to the original games. Notice the method was able to reduce
M, to below 45% for all JBLs, even in cases like BL2-
TK1(43.7%), BL2-NY1(39%), and RJ2-TK1(29.8%), that
originally presented 9015 around 100%.

Furthermore, we also compared J4 and o3, between orig-
inal, target and improved games. Results show the proposed
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Fig. 4.  Chart depicting changes in 91, for original (dashed bars) and
improved (filled bars) JBLs.
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Fig. 5. Comparison showing J4 (columns) and o7, (error bars) for original,
target, and improved JBLs.

method provoked significant changes to J; and o3,. In fact,
improved LBGs present distinct features to the original version
and similar to the target game, as depicted in Figure 5. In
many cases, values of J4 for improved games were lower than
their target counterpart. This occurrence is linked to the range
used to select POIs from Google Maps. The majority of places
selected were situated near to the player, thus forming a cluster
of candidate POIs. We believe better results can be achieved
after improving the step to select POlIs.

Figure 6 presents images of POIs distribution for the target,
original and improved JBL. POIs are represented by black dots
on the map, and the red circle marks the maximum range (40
meters) Ingress and Pokémon Go allow players to interact with
a POL In most cases, the method replaced all the POIs in
the original game due to the considerable differences between
original and target LBGs.

In this section, we presented a study conducted to assess
and validate the proposed method to improve game balancing
in LBGs. Results indicated the method presented good per-
formance, especially for cases with great difference in game
balancing. Additionally, the analysis pointed out aspects for
improvement and potential flaws that are discussed in section
VIIL.
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A. Material and Methods

The MCTS algorithm implemented in this work used
UCBI1 [21] as selection policy. We defined 3000 millisec-
onds as the computational budget during MCTS computation
because a recent global research report showed that 68% of

consumers demanded a loading time of less than six seconds -
and nearly half of those respondents demand a load time of less
than three seconds [24]. Nevertheless, in further tests we could
achieve similar results with half the budget, depending on the
specified 7. In all tests, we limited the amount of POIs to 10 for
target and original JBL, and for candidate selection. Therefore,
the method explored improved solutions by choosing 10 POIs
among 20 candidates.

VII. DISCUSSION AND LIMITATIONS

This work introduces a method to improve aspects of
game balancing for LBGs composed of POIs. The method was
designed to be general and capable of handling many types of
gameplay and balancing features. However, some LBGs are not
composed of POIs. In these cases, the proposed method can be
unsuited or demand multiple adaptations. This limitation must
be evaluated and addressed in future works.

Another drawback of the presented approach is the need
to provide better matching between virtual and real places. In
some LBGs, this matching is key to the gameplay. Although
it is possible to select POIs by their type, as shown in section
IV-B, the method does not allow individual matching of POIs.
A potential solution to this problem is to add a step responsible
for managing the matches before MCTS computation, thus the
search space will be composed only by wanted matches.

The evaluation shows the majority of improved JBLs
replaced all their original POIs and, in many cases, they
presented lower J than the target JBL. This issue is deeply
connected to the selection of POIs, since no process was
implemented to ensure the uniformity of their geographic
distribution. Consequently, if target and original games present
great differences in game balancing, MCTS will probably find
better solutions within a cluster of POlIs, as depicted in Figure
6 (1).

The results of the evaluation indicate that the proposed
method presents satisfying performance in most cases. How-
ever, we believe significant enhancements can be achieved by
adjusting the selection of POIs to feed MCTS with better
candidates. Additionally, further analysis must be conducted
to define an optimal threshold for each set of POIs processed
by MCTS, and a set of new tests must evaluate the performance
of the method with varying number of POls.

A. Threats to Validity

We regard weights as key components to measure and
improve game balancing. Therefore, any imprecision when
defining their values can lead to bad results. In addition, we
rely on Google Maps to estimate values for weights, but the
queried data vary with time. As a result, the information used
in this work may not always represent real game balancing.
Consequently, the presented approach should be used imme-
diately before playing the games.

Additionally, a key pitfall to this work is the need to
cope with more balancing features. In practice, many aspects
can affect game balancing, especially in LBGs due to their
connection to the real world. However, only two aspects
(distance and time to walk) were used to gauge and improve
game balancing in this investigation.



VIII. CONCLUSION

Improving game balancing in LBGs is a complex task due
to the inherent connection between these games and the real
world. Despite the advances in the development of LBGs, this
challenge remains open and affects modern games. In this work
we introduced a method to improve aspects of game balancing
in LBGs composed of POIs. Additionally, we presented two
distinct measurements to assess game balancing in LBGs
composed of POIs. These measurements were designed to
evaluate the effort to reach POIs within an area and to compare
game balancing between two distinct LBGs.

The proposed method to improve game balancing replaces
POIs of an LBGs to minimize disparity in game balancing.
This process relies on information queried from Google Maps
to select candidate POIs and to estimate the effort to move
between locations. Moreover, the method uses MCTS to find
solutions with better game balancing under a specified budget.

An analysis of game balancing was conducted with the
two most popular LBGs (Pokémon Go and Ingress). In this
case, a set of locations in different countries were used
as sample. Results showed significant differences in game
balancing between distinct cities and within the same city.

Furthermore, a comparison showing differences in game
balancing was drawn to assess the performance of the proposed
method. Results indicated the approach improved aspects of
game balancing in many locations, especially in games with
greater inequality. Additionally, the evaluation indicated po-
tential flaws and room for advances.

In the future, we intend to refine the quality of results by
designing a better selection of candidate POIs and allowing
the method to handle more aspects of game balancing. In
addition, a study must be conducted to determine the best
limiting threshold to be used in MCTS computation.
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