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Abstract

Procedural content generation (PCG) has emerged as a powerful approach for au-

tomating game content creation, offering significant benefits in terms of cost re-

duction and time efficiency, compared to traditional game design and development

processes. The use of PCG algorithms enables the automatic generation of various

game elements including terrain, maps, stories, dialogues, quests, and characters.

Although genetic algorithms (GAs) have been widely employed in PCG, there is a

growing interest in exploring alternative metaheuristic algorithms that can further

enhance content generation capabilities.

In recent years, particle swarm optimization (PSO) and artificial bee colonies

(ABC) have gained attention as effective metaheuristic algorithms capable of deliv-

ering high-quality solutions and efficient optimization in diverse problem domains.

However, their application in PCG remains relatively limited, with most studies fo-

cusing on GAs. This study challenges the conventional ’one-size-fits-all’ approach to

PCG by assessing the effectiveness of PSO and ABC, specifically for race track and

map generation tasks. The objective is to showcase their task-specific advantages

over GAs, with the potential to enhance efficiency and content quality within these

defined domains.

To achieve this, a comparative analysis was conducted among three metaheuristic

algorithms, GA, ABC, and PSO. The objective is to assess the effectiveness and

performance characteristics of these algorithms in generating game levels. Compre-



hensive experiments were conducted by applying GA, ABC, and PSO to generate

diverse levels, such as race tracks and map layouts. Metrics, such as convergence

speed and content quality, were employed to evaluate the generated game content.

Convergence speed measures how quickly the algorithms reach optimal or near-

optimal solutions, whereas content quality assesses the aesthetic appeal, playability,

and overall suitability of the generated content for gameplay.

The findings of this study indicate that both ABC and PSO demonstrate advan-

tages over traditional GA implementations in terms of race track generation. This

highlights the potential benefits of integrating alternative metaheuristic algorithms

into PCG workflow. By leveraging a diverse range of algorithms, PCG can not only

improve content creation efficiency and effectiveness but also enhance the overall

gaming experience.

Furthermore, This study underscores the importance of a “Task-Specific Con-

siderations” approach when selecting algorithms for PCG tasks. This approach

emphasizes a meticulous analysis of the inherent complexity of each task. Factors

such as the desired level of content quality and the required solution speed are cru-

cial considerations in the algorithm selection. The “Task-Specific Considerations”

approach encourages exploration beyond traditional GAs and acknowledges the dis-

tinct advantages offered by alternative metaheuristic algorithms like ABC and PSO.

Each algorithm possesses unique strengths and weaknesses in key areas such as ex-

ploration, exploitation, consistency, and solution quality. Therefore, the judicious

selection of the most suitable algorithm based on the specific requirements of a PCG

project is essential for its successful implementation.
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21 CHAPTER 1. INTRODUCTION

This chapter serves as the foundation for this thesis by providing crucial back-

ground information on PCG in game development. It explores the crucial role of

metaheuristic approaches in PCG, highlighting their significant impact and con-

tribution to the field. Moreover, it explains the rationale behind this research by

detailing the existing challenges and motivations, emphasizing the importance of

addressing these issues and generating new insights.

Subsequent to this introductory exploration, this chapter presents the research

questions that guided the investigation. These questions outline the key areas of fo-

cus and central topics addressed in this thesis. Following this, the chapter delves

into the research design, revealing the chosen metaheuristics and the specific opti-

mization techniques used.

Finally, This chapter provides an overview of the thesis structure, provides a

roadmap for the reader, and shows the flow and interconnectedness of the following

chapters. This serves as a guide for orienting the reader to navigate through the

development of this research.

1.1 Background

1.1.1 PCG and Game development

PCG refers to the algorithmic creation of game content that requires minimal or

indirect user inputs. The terms “generation” and “procedural” suggest that we are

working with computer programs or algorithms that produce something. A PCG

method can be executed by a computer, possibly with human assistance, and will

produce an output [1]. While the concept of “content” is central to PCG, encom-

passing a broad spectrum of game assets including levels, maps, rules, textures,

narratives, items, quests, music, weaponry, vehicles, and characters [2]. Notably,
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the game engine itself and nonplayer character (NPC) behavior (NPC AI) were ex-

cluded from this definition [1].

Although PCG research utilizes Artificial Intelligence (AI) techniques [3], it

remains a distinct field in game development [4]. The core principle of PCG is to

automatically create game content using algorithms rather than relying on manual

creation. However, Algorithms often employ randomization to produce outputs with

desired statistical properties. This method finds application in generating various

forms of media, including images, landscapes, and particularly, game levels. PCG

exploits algorithms and mathematical principles to automate game content genera-

tion, thereby enabling developers to move beyond manually crafted assets. Instead,

developers establish parameters and rules that guide the dynamic creation of in-

game elements [5], [6], [7].

An analogy can be drawn between PCG and the digital artist’s brush. How-

ever, unlike the artist, PCG automatically explores a vast range of creative possi-

bilities using algorithms and rules to paint unique and ever-evolving landscapes on

virtual canvas. Imagine a digital paintbrush that dips into a vast number of possibil-

ities and brings them to life through a game, story, or even music. This “paintbrush”

can generate anything from sprawling landscapes and intricate dungeons to unique

enemy encounters and engaging storylines. PCG manifests in diverse forms, each

contributing uniquely to the overall gaming experience. It encompasses different

types of content generation, including:

1. Procedural level generation: It is centered on the dynamic creation of varied

game levels, providing novel landscapes and challenges for each playthrough.

This approach aims to cultivate unpredictability and encourage the exploration

of the gaming experience.[8], [9], [10].



23 CHAPTER 1. INTRODUCTION

2. Procedural Narrative Generation: Algorithms dynamically craft narratives

and quests, providing players with unique and personalized storytelling ex-

periences [11], [12].

3. Procedural asset generation: The automated creation of in-game assets such

as characters, objects, or textures enhances the visual richness of the gaming

environment [13].

4. Procedural Sound Generation: Algorithms dynamically generate soundscapes

and audio elements by adding an auditory dimension to procedurally generated

worlds [14].

Moreover, PCG provides multifaceted benefits to game developers and players

by fostering innovation and efficiency.

First, it streamlines development pipelines by automating content creation,

thereby enabling developers to concentrate on the core mechanics and narrative de-

sign. This efficiency translates to reduced development time and costs, contributing

to a more sustainable game development industry [15]. Moreover, PCG empowers

developers to break free from creative constraints, breed new genres, and reinterpret

established tropes. Creative freedom enriches the gaming landscape by introducing

novel captivating experiences.

Second, it enhances player engagement because the dynamic and unpredictable

nature of procedurally generated content keeps players engaged and invested. The

constant elements of surprise and discovery lead to longer playtimes and stronger

emotional connections with the game [6].
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1.1.2 PCG Approaches

The video game industry is increasingly turning to PCG to automate game content

creation. This technology enhances player experience through diverse and dynamic

gameplay by automatically generating various game elements. For example, games

like “Spelunky” or “No Man’s Sky” utilize PCG to create unique level layouts for

each playthrough, offering a fresh experience every time [16], [17]. Similarly, games

like “Minecraft” leverage PCG to generate vast and diverse landscapes, encouraging

players to explore and discover new locations and encounters [18].

Although a single, universally accepted taxonomy for PCG does not exist,

researchers have frequently classified methodologies according to their key features.

These consist of the type of content produced, degree of control granted to designers,

and content representation [1].

Hendrikx et al. (2013) introduced a taxonomy that categorised PCG tech-

niques according to the kind of content produced (see Figure 1.1). Six groups were

identified using this classification system. This study focused on the Artificial Intel-

ligence (AI) group within this taxonomy [19]. Three major AI approaches that are

crucial to PCG have been identified in this field.
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Figure 1.1: Artificial Intelligence Group in Hendrikx Taxonomy

The initial subgroup classified within AI approaches pertains to GA associ-

ated with a search-based optimization technique introduced by Goldberg in 1989

[20]. GAs draw inspiration from the principles of biological evolution to solve opti-

mization problems. Potential solutions are encoded as strings (chromosomes) and

their quality is assessed using a predefined fitness function. The algorithm itera-

tively evolves these solutions by applying the mutation and crossover operations.

The mutation alters existing solutions, whereas crossover combines elements from

different solutions to create new ones [20]. This process continues until a satisfactory

solution is found or a predefined termination criterion is met, mimicking the natural

selection process.
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The next subgroup is Artificial Neural Networks (ANNs), introduced by Haykin

in 1994 [21]. ANNs are computational models that are inspired by the structure and

function of the human brain. They consist of interconnected processing units, called

neurons, with weighted connections that influence the flow of information through-

out the network [21]. By adjusting these weights based on the training data, the

ANNs can learn the complex relationships between the inputs and outputs. This

makes them well suited for tasks such as pattern recognition, classification, and data

structuring in the context of PCG.

The Constraint Satisfaction and Planning (CSP), as outlined by Russell et

al. in 1995 [22], represents the final subgroup categorized within the AI approaches

of the Hendrikx Taxonomy [19]. CSP techniques focus on finding a sequence of

actions that lead from an initial state to a desired end state while satisfying a set

of predefined constraints, which are typically defined by an initial state, available

actions, and a goal test that determines whether a particular state satisfies the de-

sired outcome. Planning Domain Definition Language (PDDL) is a common way to

address these problems. Various search algorithms such as forward and backward

state-space searches have been employed to navigate through the possible solution

space. Owing to the inherent complexity of planning problems (often classified as

NP-hard), heuristics may play a crucial role in efficiently guiding the search for a

solution.

However, the term “Search-based Approaches” refers to a broader category of

techniques used in PCG, which includes GA as one of its subsets. These approaches

are characterized by their method of systematically searching through a space of pos-

sible solutions to determine the most suitable or optimal solution [23], [24]. These

approaches have developed from the traditional method of “generate and test” used

in PCG. In the “generate and test” approach, potential solutions are created and
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then evaluated to determine their suitability based on predefined criteria [23], [25].

Search-based approaches in PCG enhance the traditional “generate and test”

method by incorporating advanced metaheuristic techniques such as GAs, simulated

annealing, and PSO. These methods enable more efficient exploration of the solu-

tion space, leading to higher-quality solutions compared to simple “generate and

test” approaches [1]. These approaches are based on two fundamental principles.

First, they utilize a test function, often called a fitness, evaluation, or utility func-

tion, to assess selected content using numerical values. Second, they generate new

candidate content with potentially better values based on the test function using

algorithmic approaches. Although search-based approaches are commonly associ-

ated with population-based evolutionary methods, other algorithms can operate at

a single search point [23], [1], [25].

The primary challenge in search-based PCG is evaluating the quality of game

content items, which is accomplished primarily through the deployment of fitness

functions. These functions assign a numerical score to each candidate piece of con-

tent, reflecting how well they meet the desired criteria. These functions fall into

three key categories as outlined by Togelius et al. (2011) [23] See Figure 1.2.
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Figure 1.2: Fitness Functions Types

The first category within fitness functions encompasses Direct Fitness Func-

tions. These functions directly assess the features of content based on predefined

rules or metrics. For example, a fitness function might evaluate the balance at the

game level by analyzing enemy placement and resource distribution. These elements

can be given weights according to how crucial they are to reach a state of balance,

and based on how effectively the level design complies with these predetermined

criteria, the function then assigns a score. Our study is inspired by this category.

We designed evaluation functions that directly assessed the specific characteristics of

the content that we aimed to generate. These functions were meticulously tailored

to align with the specific objectives of our study.

The second category of fitness functions comprises simulation-based fitness

functions that employ gameplay simulation of the generated content to assess its

quality. This approach provides a more dynamic evaluation than direct fitness func-

tions. Factors, such as player behavior, level completion time, and AI performance,

can be measured during the simulation to determine the fitness score.

Interactive Fitness Functions are the third type of fitness functions outlined by

Togelius et al. (2011) [23]. These functions rely on human interactions to evaluate
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content. Players may be asked to play through the generated content and provide

feedback, which is then used to calculate the fitness score.

Although search-based methods are widely applicable to creating game con-

tent, their adaptability is limited. First, these techniques can be computationally

costly because they must evaluate a large number of potential content items. Be-

cause most search-based algorithms lack runtime guarantees, it is often impossible

to predict with certainty how long it takes to find an optimal solution. In addition,

because these algorithms are stochastic, their convergence characteristics may not

always be accurate. The evaluation function and algorithm representation must be

carefully selected if these methods are effective [26]. The next section discusses spe-

cific types of algorithms associated with this subcategory of AI within the Hedrixne

Taxonomy [19].

1.1.3 Metaheuristic Optimization Approaches

This subsection explains the metaheuristic optimization algorithms and briefly dis-

cusses the different types. Subsequently, the specific metaheuristics selected for

inclusion in this study are enumerated.

1.1.3.1 Overview of Metaheuristics Approaches

The term “metaheuristic,” initially introduced by Glover in 1986 [27], combines

two Greek words. “Heuristic” is derived from the verb “heuriskein”, meaning ’to

find,’ while the prefix “meta” signifies ’beyond’ or ’at a higher level.’ Metaheuristic

approaches draw inspiration from both natural and computational processes, and

provide efficient solutions for intricate problems in which exact solutions pose chal-

lenges. These versatile algorithms find applications across diverse domains such as

optimization, machine learning, and PCG. They are classified as nature-inspired ap-

proaches (NIAs) and replicate natural behaviors to solve optimization problems [28].
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Metaheuristic optimization algorithms or metaheuristics constitute a broad

class of optimization techniques that enable the discovery of optimal or near-optimal

solutions for a wide array of problems. These algorithms guide the search process and

explore the entire search space. The fundamental steps remained consistent across

most metaheuristics. The initial stage involves generating an initial set of solutions

(population) and evaluating the objective function for each solution. Subsequently,

the algorithm performs an iterative search for the best solution, generating new

solutions by modifying and combining the existing solutions. The implementation

specifications were based on the mathematical model of each algorithm. Typically,

new solutions replace their predecessors when the objective function value improves.

The optimization algorithm concludes by reaching the specified stop condition [29].

In the PCG domain, metaheuristic algorithms play a pivotal role in automat-

ing the creation of engaging content for video games. A prime example is the

application of Evolutionary Algorithms, with GAs as a notable instance. These

algorithms mimic inherited behaviors, starting with a randomized population and

evolving over several generations. GAs have demonstrated success in computer game

development, particularly in enhancing Dungeon game levels through concept-based

map generation [30], [31], [1].

Another approach within PCG is Swarm Intelligence (SI) techniques, which

draw inspiration from animal behavior. Important examples include Ant Colony

Optimization (ACO), ABC, and PSO. These techniques employ populations that

simulate the behavior of ants, honeybees, and birds. The fundamental principles of

self-organization and division of labor in SI algorithms closely mirror those observed

in natural systems [32],[33]. Importantly, our research involves both ABC and PSO

as representative examples in Swarm Intelligence.
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Simulated Annealing (SA) is also considered a metaheuristic algorithm. This

mirrors the metallurgical annealing process that begins with a random solution and

iteratively explores the solution space. SA has found applications in PCG that strike

a balance between exploration and exploitation, thereby contributing to the creation

of dynamic gaming elements [34].

Examples in the PCG domain include ABC, ACO, PSO, Harmony Search

(HS), and GA, which operate within a heuristic metaheuristic framework. Grow-

ing interest in metaheuristic algorithms for PCG has arisen from their distinct ad-

vantages over traditional approaches. These algorithms enable game developers to

generate diverse and adaptable game content by leveraging computational power

for innovative game designs. The selection of a specific metaheuristic depends on

the characteristics of the PCG task, such as content type, desired exploration level,

and game design constraints. Metaheuristic algorithms significantly contribute to

pushing the boundaries of achievement in dynamic and evolving fields of game de-

velopment. This thesis focuses on three key heuristic approaches that are considered

efficient and successful: GA, PSO, and ABC. The following subsection provides an

in-depth exploration of these approaches.

1.1.3.2 Description of Chosen Metaheuristics Approaches

This subsection presents a concise summary of the three algorithms: GAs, PSO, and

artificial bee colony (ABC) used for search-based content generation in our study.

A comprehensive detials and in depth description of these algorithms is provided in

Chapters 5 and 7. See Figure 1.3 for a visual representation of these algorithms.
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Figure 1.3: Selected Metaheuristics Approaches

1. The Genetic Algorithm (GA) [20] is a renowned evolutionary algorithm that

draws inspiration from natural selection processes. It initiates with the ran-

dom generation of an initial population, assesses the objective function for each

individual, and results in a binary vector. Subsequently, the GA executes the

crossover and mutation operations. Crossover involves creating new individ-

uals by merging portions of the chromosomes from two distinct individuals,

while mutation alters a randomly selected gene within an individual. The next

generation comprises individuals with the best objective function values, and

has found widespread application in PCG, particularly in domains such as

level design for video games [35]. Its ability to explore a vast search space and

discover optimal or near-optimal solutions makes it well suited for creating

diverse and engaging game levels. Chapters 5 and 7 provide more detailed

insights into the application of GA in race track and map generation tasks.

2. PSO [36] draws inspiration from the collective behavior of bird flocks in na-

ture, representing a classic metaheuristic algorithm rooted in swarm intelli-
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gence. Unlike traditional populations, PSO focuses on generating location

and velocity vectors for individuals at the initial stage. During each iteration,

PSO identifies the best-known position for each particle and the overall swarm

by utilizing this information to calculate new particle velocity values. Conse-

quently, the optimal state of the swarm serves as a solution to the optimization

problem. In the context of PCG, PSO has demonstrated effectiveness in tasks

such as race tracking and map generation in video games. Its ability to bal-

ance exploration and exploitation within a solution space makes it applicable

to crafting diverse and playable game environments. Further insights into the

application of PSO to PCG tasks can be found in Chapters 5 and 7.

3. ABC [37] is a metaheuristic algorithm inspired by the foraging behavior of

honeybees. In ABC, the optimization process simulates the activities of em-

ployed bees, onlookers, and scouts to discover optimal solutions. Employed

bees exploit food sources, onlookers assess their dances of employed bees to

choose potential sources, and scouts explore new locations. This algorithm bal-

ances exploration and exploitation through its distinct roles. In PCG, ABC

has shown its effectiveness in tasks such as race track and map generation for

video games. By leveraging the principles of collective intelligence observed

in natural bee colonies, ABC contributes to creating diverse gaming environ-

ments. Further details on ABC’s application in PCG tasks can be found in

Chapters 5 and 7.

1.2 Rationale and Significance of the Study

PCG has emerged as a powerful tool for game developers, offering significant time

and cost benefits for content creation. Toelius [23] and Amato [15] demonstrated

this potential, identifying PCG as a means to produce game content more efficiently

by reducing human input. However, despite this promise, research by Connor et



34 CHAPTER 1. INTRODUCTION

al. [38] highlights the lack of understanding of how procedurally generated content

impacts the overall gaming experience.

Similarly, a review of the approaches used in PCG has identified that few

studies undertake a formal comparison of different approaches, and there is a bias

towards using GAs when search-based approaches are adopted. Yet there is no clear

answer why GAs are common as a PCG tool for games rather than other meta-

heuristics approaches.

The popularity of GAs extends beyond PCG, serving as a well-established

optimization approach in various domains [39], [40]. However, such research sug-

gests that alternative algorithms may offer improved performance for specific tasks.

For instance, studies in software engineering have demonstrated that PSO surpasses

GAs in certain aspects [41].

An exhaustive study of algorithm performance across different domains is be-

yond the scope of this study; however, it is clear that no algorithm consistently

performs better than any other algorithm. Some authors argue that the popularity

of evolutionary approaches stems from a history of success rather than a conscious

choice based on the characteristics of the problem at hand [42].

Although PCG has proven effective, there is room for improvement. Re-

searchers have proposed incorporating a novel learning method that allows algo-

rithms to explore and learn independently. This integration aims to enhance PCG

further by combining established techniques that improve how algorithms find so-

lutions [1] [43]. This innovative approach is expected to significantly reduce the

time required to generate levels, particularly when a large number of valid levels are

required.
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Finally, Scheibenpflug (2016) [44] introduced an evolutionary paradigm for

2D map generation in computer games that incorporates user preferences and uses

novelty search principles to produce a variety of diverse solutions. Additionally, it

has been noted that in many cases, algorithms often use problem-specific informa-

tion to enhance their performance [45], and it is evident that the way a problem is

represented can impact performance [46].

Therefore, it is necessary to determine whether the popularity of GA in PCG

is justified or whether studying different approaches could be open areas for re-

searchers in the field of metaheuristics to step on and use these approaches in devel-

oping automated content generation to leverage any advantage offered by alternative

algorithms. The advantages of using alternative algorithms in PCG tasks include

the following.

• Diversity and Performance: Alternative algorithms can provide diversity in

level structure, which is essential for preventing player boredom and promoting

varied gameplay in multiplayer games [47], [48].

• Efficiency and Effectiveness: Alternative algorithms, such as Quality-Diversity

(QD) algorithms, can lead to good performance in generating diverse content

efficiently, which is essential for creating a broad variety of content in an effi-

cient manner[47].

• Enhanced Productivity: Increased automation with alternative algorithms,

particularly through artificial intelligence, can enhance productivity and effec-

tiveness in generating game content [49].

These advantages highlight the potential of alternative algorithms to improve the

diversity, performance, and efficiency of PCG in various applications.
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1.3 Problem Definition and Motivation

The video game industry has undergone a significant paradigm shift with the in-

tegration of metaheuristic algorithms into procedural content generation (PCG).

These algorithms, inspired by natural phenomena and computational models, ex-

hibit remarkable flexibility and adaptability. Their ability to navigate complex

solution spaces and generate diverse content makes them particularly well-suited to

the dynamic landscape of video game development.

Metaheuristic algorithms in PCG present substantial potential by enabling

creative solutions that traditional content generation techniques may struggle to

achieve. Unlike deterministic algorithms that follow predefined paths, metaheuris-

tics, such as GA, PSO, and ABC leverage randomness and exploration to discover

novel and optimized content configurations. This capability enhances the original-

ity and diversity of generated content, ensuring engaging and immersive gaming

experiences.

The significance of metaheuristic algorithms in content generation is partic-

ularly evident when addressing the need for diversity and uniqueness to maintain

player engagement. These algorithms introduce variability and unpredictability,

contributing to dynamic and evolving game worlds that sustain player interest over

extended periods.

Moreover, metaheuristic algorithms optimize content generation processes by

improving efficiency and reducing development time. Their dynamic nature al-

lows for automated adaptation of generated content to meet predefined criteria and

constraints, resulting in refined and polished game elements. This adaptability is

crucial in modern game development, where procedural techniques are increasingly

employed to generate levels, characters, textures, and other game components.

Despite the broad range of available metaheuristic algorithms, Genetic Algo-

rithms have dominated the PCG landscape due to their ability to mimic natural
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selection and evolution. Their iterative approach to evolving content over succes-

sive generations has made them highly effective for various content types, including

levels, maps, and textures [50]. However, while GAs have demonstrated success,

their widespread use prompts an exploration of alternative metaheuristic approaches.

PSO and ABC, for example, offer different mechanisms for search and optimization,

potentially addressing limitations of GAs and expanding the scope of PCG method-

ologies.

This study bridges a critical knowledge gap in the existing literature by con-

ducting a novel comparative analysis of the performance of metaheuristic algorithms

in PCG for game development. While prior research has explored the utilization of

metaheuristics in PCG, there remains a lack of comprehensive comparisons evalu-

ating their effectiveness in terms of quality and convergence metrics, particularly

in generating race track levels and map layouts. This study directly addresses this

need by comparing the performance of GA, ABC, and PSO for these specific content

types.

Beyond addressing this knowledge gap, the study contributes significantly to

the field of PCG by:

• Providing a comprehensive comparative study that directly evaluates the per-

formance of three metaheuristic algorithms in race track and map layout gen-

eration. This research offers valuable insights into the strengths, limitations,

and applicability of these approaches for game content generation.

• Assisting game developers in making informed decisions about algorithm se-

lection based on performance characteristics. By understanding the strengths

and weaknesses of each algorithm, developers can enhance efficiency and effec-

tiveness in content generation, ultimately leading to richer and more immersive

gaming experiences.

• Encouraging exploration of alternative metaheuristic approaches beyond GAs.
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Expanding the range of algorithms used in PCG can inspire innovative game

design strategies and unlock new creative possibilities.

• Motivating further research and experimentation with different metaheuristic

algorithms. By broadening the scope of PCG techniques, this study paves the

way for more dynamic, engaging, and adaptive game content.

The incorporation of metaheuristic algorithms into PCG presents a powerful

framework for addressing content generation challenges, optimizing creation pro-

cesses, and introducing viable alternatives to established methods. While GAs have

played a prominent role in PCG, exploring other metaheuristics holds immense po-

tential for enriching the content generation landscape and advancing the field of

game development.

1.4 Research Questions

The aim of this study was to investigate the efficacy of different metaheuristic algo-

rithms in the domain of PCG, with a specific focus on race track and map generation

tasks. This section outlines several core research inquiries and explores specific as-

pects of the comparative analysis, as follows:

• RQ1: What are the most common and effective meta-heuristic algorithms used

for PCG in games and how have these algorithms been applied across various

domains within PCG?

• RQ2: What are the main challenges and limitations of using meta-heuristic

algorithms for PCG and how can these be addressed in future research?

• RQ3: How do GA, ABC, and PSO compare in terms of solution quality and

convergence speed when applied to the task of race track generation in PCG?



39 CHAPTER 1. INTRODUCTION

• RQ4: In the context of map generation for PCG tasks, how are GA, ABC,

and PSO compared in terms of solution quality and convergence speed?

• RQ5: How stable are the solution quality and convergence speed of GA, ABC,

and PSO when applied to race track and map applications?

• RQ6: How applicable are the findings of this comparative study to a broader

range of PCG tasks beyond those specifically examined, such as race track and

map generation?

The research questions directed the methodology of this study, which involved

designing two comparative PCG tasks for the chosen metaheuristic algorithms, col-

lecting data through experimentation with these algorithms and tasks, and conduct-

ing analyses to provide insights into the comparative effectiveness, advantages, and

applicability of metaheuristic algorithms across a broader field of PCG.

1.5 The Research Design

PCG, which includes characters, levels, and storylines, is becoming increasingly

important in video games. Traditionally, GAs have been the main optimization

methods in this field. However, recent studies have indicated that other metaheuris-

tic search algorithms may provide notable benefits in terms of effectiveness and

speed. This study attempted to illuminate this potential by thoroughly assessing

and analysing the efficacy of different metaheuristics in PCG challenges.

Although GAs remain prevalent in PCG because of their established effec-

tiveness, growing research has explored the potential of alternative algorithms. This

study contributes to this investigation by conducting a novel comparative analysis of

three prominent metaheuristics: PSO, ABC, and GAs. This comparative approach

allowed for a nuanced understanding of the relative strengths and weaknesses of each
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algorithm in the context of PCG tasks.

The investigation primarily focused on a quantitative analysis by employing

key metrics to assess the performance of the algorithms. These metrics include:

• Fitness function values: This indicator gauges the quality of the solutions

generated by each algorithm.

• Convergence speed: This metric measures the efficiency of an algorithm in

finding optimal solutions, focusing on how quickly it converges to a desirable

outcome.

The stochastic nature of the selected algorithms required the generation of

multiple solutions for each PCG task. Descriptive statistics [51] were employed to

analyze the performance differences between the algorithms. This approach ensures

a thorough exploration of the generated data, while providing valuable insights into

the relative strengths and weaknesses of each algorithm.

To facilitate a fair comparison, the experimental design was consistent across

all variables except for the algorithm. This meticulous control ensures that any

observed differences in the performance can be directly attributed to the specific

characteristics of each algorithm. This rigorous approach allows for a clear and un-

biased evaluation of the effectiveness of the algorithms in generating high-quality

game content.

Although playability is a crucial aspect of game design, its deliberate exclusion

from the scope of primary evaluation serves a specific purpose. The fitness func-

tion used for individual-level evaluation inherently incorporates elements related to

playability. Any modifications or improvements to this function are consistently re-

flected across all algorithms, thereby minimizing any potential impact on individual
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performance comparisons. This focus on core algorithmic performance allows for a

deeper understanding of the specific strengths and weaknesses of each approach in

the context of PCG tasks.

This study used quantitative data analysis through a series of computational

experiments to answer research questions (RQ1, RQ2, RQ3, RQ4, RQ5, and RQ6)

regarding the application of metaheuristic algorithms in PCG. Figure 1.4 illustrates

this three stages of the research design. The first stage involves a thorough review

of existing research in this area. The next stage focused on the chosen algorithms.

Specific tasks were designed for these algorithms. Then, the algorithms generate

numerical results based on these tasks. Finally, we carefully analyze these results

to compare them and see how well they answer the research questions such as ef-

fectiveness and efficiency. This combined approach ensures that we fully explore

the research goals, ultimately leading to a better understanding of the different

metaheuristics used in the PCG.
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Figure 1.4: Research Design
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1.5.1 Stage One: Systematic Literature Review

The first stage employed a quantitative and qualitative approach [52] through a

systematic literature review. This review specifically addresses the research ques-

tions RQ1 and RQ2. By analyzing the existing research published between 2007 and

2021, this review focuses on investigating the approaches employed in metaheuristic

methodologies for PCG tasks. This critical analysis served two primary purposes.

1. Foundations for Understanding: This provides a comprehensive under-

standing of the current trends in metaheuristic applications within PCG. This

allowed the study to identify prevailing approaches and potential research gaps

in this field.

2. Knowledge Base for Further Exploration: The review is equipped with a

solid knowledge base to effectively navigate the subsequent stages. By building

this foundation, this study ensures a more informed and targeted approach in

later stages.

Chapter 3 provides a detailed exploration of the review methodology and its findings.

This chapter meticulously examines the review process, offering valuable insights

into the current landscape of PCG and metaheuristic methods.

1.5.2 Stage Two: Algorithm Implementation and Evaluation

Building on the foundation laid out in the literature review, the second stage of

the research involved empirically exploring the selected metaheuristic approaches.

This stage assessed their effectiveness and efficiency in generating game content

through two distinct PCG applications, specifically focusing on the generation of

race tracks and map maps. Given the stochastic nature of the algorithms, multiple

runs were conducted for each algorithm and the PCG application. This repetition

ensures a more robust understanding of their performance and accounts for potential



44 CHAPTER 1. INTRODUCTION

variations in the outcomes. Therefore, to evaluate each run comprehensively, the

following metrics were used.

• Best Solution: This represents the solution with the best fitness function

value, signifying its perceived quality amongst the generated levels for each

algorithm.

• Worst Solution: This metric represent the worst fitness value

• Number of Iteration: This metric reflects the algorithm’s efficiency, indicating

the computational effort (number of iterations) required to reach the best

solution.

• Standard Deviation: An indicator of how much a random variable is pre-

dicted to vary from its mean.

The evaluation process consists of two steps. First, an inspection step observes

the distribution of the results for each approach and PCG application, evaluating the

best, worst, and standard deviations of the fitness function values over several runs.

This approach, which was used in earlier studies [53], offers insights into the effec-

tively (quality of solutions) and efficiency (reliability in producing quality solutions)

of algorithms. This assessment was conducted during the statistical analysis phase.

The raw data were subjected to a statistical significance assessment. This approach

provides strong evidence to support the conclusions by carefully evaluating whether

the observed performance differences between algorithms are statistically significant.

Chapters 5 and 7 present detailed insights into the specific implementation,

evaluation methods, and findings of this stage.
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1.5.3 Stage Three: Comparative Analysis

Utilizing a quantitative methodology, the research’s last stage explored the perfor-

mance comparisons that began in Stage 2. This stage seeks to obtain a further

understanding of and responses to RQ5 and RQ6 by examining the data gathered

from the application of the selected metaheuristic approaches to PCG tasks. It

aims to discern differences when applying these metaheuristics to PCG tasks. It

investigates whether GA outperform other approaches in terms of convergence, and

explores the performance of alternative metaheuristic algorithms across both tasks.

This structured and comprehensive approach, which combines systematic lit-

erature review, in-depth empirical exploration, and accurate quantitative analysis,

ensures a holistic research journey. This journey provides valuable insights into the

field of PCG and a method for advancements in this area.

1.6 Thesis Structure

The thesis follows the “Thesis in Manuscript” format, structured as outlined below:

1. Introduction Chapters (2, 4, and 6): These chapters provide an overview of

manuscripts 1, 2, and 3 that follow. Each chapter corresponds to a specific

phase of the methodology and presents its results, along with a literature

review.

2. Chapter 3: Systematic Literature Review: This chapter conducts a systematic

literature review on PCG in computer gaming. It assessed the use of meta-

heuristic approaches, explored the applications of different algorithms, and

identified existing research gaps, thereby addressing RQ1 and RQ2.

3. Chapters 5 and 7:
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(a) Chapter 5: Focuses on comparing three metaheuristic approaches applied

to race track games. The goal was to evaluate the effectiveness of GA,

ABC, and PSO in producing game content. This chapter addresses RQ3.

(b) Chapter 7: Delves into the results of the second phase of the project, ded-

icated to evaluating meta-heuristic algorithms in map layout generation

for PCG. It compares GA, PSO, and ABC and analyzes their effectiveness

and efficiency in generating game levels. This chapter addresses RQ4.

4. Chapter 8: Discussion: Discusses the overall research, highlighting major find-

ings and limitations. Focuses on the third stage of the project and addresses

RQ5 and RQ6.

5. Chapter 9: Prospects, Limitations and Conclusions: Provides concluding re-

marks and outlines potential directions for future research.

Each manuscript covers its respective research stages in detail, including background,

methodology, results, and conclusions. This thesis aims to comprehensively evaluate

metaheuristic algorithms in PCG with a focus on both race track and map layout

generation tasks.
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This systematic literature review assessed the use of metaheuristic approaches

in PCG by conducting a comprehensive literature review on computer gaming. We

explored the applications of different metaheuristic algorithms and the most com-

monly used techniques. The study selection process is illustrated in Figure 2.1. Our

findings demonstrate the popularity of GA in PCG and highlight the critical role

played by algorithm parameters, problem complexity, and objective functions in de-

termining their performance. Moreover, we highlight the opportunities presented by

metaheuristic algorithms in PCG, such as improving game design, enhancing player

experience, and reducing development time and costs.

Furthermore, Manuscript 1 highlights the challenges associated with using these al-

gorithms, including the need for better evaluation metrics and balancing the trade-off

between efficiency and effectiveness. We also suggest future research directions in-

cluding developing new algorithms, exploring hybrid approaches, and addressing the

ethical and social implications of PCG. Ultimately, manuscript 1 addresses theses

research questions:

``What are the most common and effective metaheuristic algorithms used for

PCG in games and how have these algorithms been applied across various

domains within PCG?''

and

``What are the main challenges and limitations of using metaheuristic algo-

rithms for PCG and how can these be addressed in future research?''.



49 CHAPTER 2. PRELUDE MANUSCRIPT 1

Figure 2.1: PRISMA Flow Diagram
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3.1 Introduction

Digital games have become increasingly popular and complex. As a result, all forms

of game content are in high demand and are becoming increasingly time consuming

to develop. The complexity of computer games has steadily increased. Moreover,

despite its high level, escalating expenses are linked to the development of manual

video game content. The primary objective of procedural content generation (PCG)

is to autonomously generate game content using an algorithmic approach. This

strategic method significantly mitigates expenses associated with game design and

development [5].

PCG algorithms can be applied to all types of gameplay, including terrain,

maps, stories, dialogues, quests, characters, and others. Despite the limitations

of conventional PCG algorithms in generating only one type of content, researchers

have explored the use of metaheuristic algorithms as an alternative approach to game

content generation [23]. Meta-heuristic algorithms are computational intelligence

techniques used in challenging optimization problems and can generate multiple

types of game content. These are a group of algorithms that draw inspiration from

natural phenomena. These algorithms are commonly referred to as nature-inspired

approaches (NIAs) because they attempt to replicate the behavior of natural sys-

tems to solve complex optimization problems [54].

Meta-heuristic algorithms include artificial bee colony (ABC), ant colony op-

timization (ACO), particle swarm optimization (PSO), harmony search (HS), and

genetic algorithms (GA). Their techniques were developed using strategies specified

in a meta-heuristic framework [55].

This article presents a comprehensive review of the different types of meta-
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heuristic algorithms used in procedural content generation (PCG). It examines their

strengths and limitations, and assesses their suitability for various PCG tasks. It

explores the applications of meta-heuristic algorithms in the areas of PCG, such as

level design, game mechanics, and character generation. In our view, this study

has the potential to make significant contributions to the field of PCG and meta-

heuristic algorithms by providing valuable insights and guidelines for their efficient

application in PCG tasks. The contributions of this paper are as follows:

1. It presents various ways of using meta-heuristic algorithms in PCG, highlight-

ing their potential benefits in enhancing game design and user experience.

2. It identifies the challenges associated with the application of meta-heuristic

algorithms in PCG, such as issues related to algorithms, such as fitness function

quality and the search mechanism.

3. It helps researchers identify potential research gaps and develop strategies to

address these challenges.

The rest of this article is structured as follows. Section 3.2 provides a comprehensive

background on the subject matter. Section 3.3 outlines the research methodology

used to perform the systematic literature review. Section 3.4 presents the research

findings and results. Finally, Section 3.5 concludes the article by summarizing the

significant findings and highlighting the contributions of this study to the field of

PCG and metaheuristic algorithms.

3.2 Background

The following sections provide essential background information to assist the reader

in understanding the context, procedures, and metaheuristic algorithms discussed

in this work.
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3.2.1 Procedural Content Generation (PCG)

Procedural content generation (PCG) has been an integral part of game develop-

ment since the advent of home computers. Notable early examples include Beneath

Apple Manor from 1978 [56] and Akalabeth released in 1980 [15]. Since then, vari-

ous commercial games have successfully utilised PCG methods. These games have

their content algorithmically developed, either during the design process or, in some

cases, during runtime, rather than being designed by a human. The definition of

PCG has been discussed to clarify its meaning and highlight its limitations. Nu-

merous definitions of PCG exist in literature. In the context of computer games,

this involves automated or computer-assisted creation of in-game elements such as

levels, landscapes, items, rules, and quests. Top game developers have been widely

endorsed as a reliable method for enhancing gameplay experience [1].

PCG has been applied to the development of a wide range of game content,

such as levels, adventures, characters, weapons, and histories [57]. Such content can

be generated through many PCG approaches, some of which are based on methods

from artificial intelligence (AI) and computational intelligence (CI), such as the use

of evolutionary computation and constraint satisfaction [13]. PCG is a powerful tool

for creating all types of game materials, such as environments, levels, and assets.

Designers may create materials that look natural while adding enough variance to

keep them from becoming repetitive or predictable using PCG [58]. To organize and

understand the different PCG methods used in game development, Togelius et al.

proposed a classification system [23].

This classification system categorizes PCG methods based on their scope or

the types of problems they are best suited to solve. According to this system, the

PCG methods can be categorized as follows:
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• Online and Offline: Contents can be generated online while the player is ac-

tively playing the game, offering endless variation and replayability. Offline

generation refers to the generation of content during the game-development

stage.

• Necessary and Optional: Some generated content is necessary and forms a

crucial part of the game rules, essential for player progress. Other content may

be optional, allowing players to progress in the game without them, depending

on the game design.

• Random Seeds and Parameter Vectors: Different mechanisms can be employed

to control the generation of contents. This can include the use of a random

seed in a random number generator for control, or using a vector of parameters

representing the features or properties of the contents to be generated.

• Stochastic and Deterministic Generation: While deterministic PCG systems

generate the same contents given the same inputs and parameters, stochastic

PCG systems do not guarantee the same contents with identical inputs.

• Constrictive versus Generate and Test: Some PCG algorithms test the gen-

erated contents against specific criteria in a loop until matching contents are

generated, combining generation and testing mechanisms. On the other hand,

constructive PCG systems aim to generate optimal content from the start

based on a set of rules and guidelines.

A taxonomy of PCG approaches has been developed by Zhang et al. [59] which

describes the common methods used to generate game content for different game

layers. This taxonomy was structured into three groups, as shown in 3.1. However,

the inclusion of meta-heuristic approaches in the study has been omitted, possibly

because of their categorization as a subset of search-based methods given the ob-

served similarities between the techniques employed in search-based methods and
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meta-heuristics.

There is growing interest in search-based approaches to PCG, which has be-

come a key topic in procedural content generation. Many commercial games, such

as Super Mario Bros, Pac-Man-Like, Dwarf Fortress, Star craft, and GVGAI, have

been well established using these approaches.

Figure 3.1: PCG Methods Taxonomy

3.2.2 Existing Meta-heuristics Algorithms

The field of meta-heuristics has significantly expanded over the last two decades in

response to practical optimization issues. Meta-heuristics are effective in situations

where traditional optimization techniques fail to produce the expected results. These

techniques can generate high-quality solutions for complex optimization problems,

including those classified as non-deterministic polynomial time-hard issues. Various

fields such as finance, planning, scheduling, and engineering design have successfully

utilized meta-heuristics [60]. Meta-heuristics belong to the domain of algorithms

that draw inspiration from natural phenomena [61] and are sometimes referred to

as NIAs [62].



56

CHAPTER 3. SYSTEMATIC LITERATURE REVIEW OF META-HEURISTIC
ALGORITHMS AND THEIR APPLICATION IN PROCEDURAL CONTENT

GENERATION (PCG) IN THE CONTEXT OF COMPUTER GAMES

The primary goal of implementing meta-heuristic algorithms is to identify

the best solution among all the potential solutions to an optimization problem. To

achieve this, meta-heuristic algorithms assess and perform several operations on pos-

sible solutions, iteratively generating new and improved solutions. A fundamental

concept underlying meta-heuristics is the representation or encoding of a solution,

which can be stored in computer memory and modified using various operators spe-

cific to the algorithm. This process forms the foundation of meta-heuristic opera-

tions, enabling efficient exploration and evaluation of potential solutions for complex

optimization problems. By manipulating the solution representation through a se-

ries of operators, meta-heuristics iteratively improve candidate solutions until an

optimal or near-optimal solution is obtained [63].

Meta-heuristic algorithms have introduced a variety of approaches. Each

method may be more suitable for certain types of problems, and all the algorithms

have limitations. Sharma and Tripathi have classified these approaches in 2022 based

on the area they belong to which the research going to take as a point to start [61].

A classification categorizes algorithms inspired by nature into five groups: evolution-

ary algorithms (EA), physical algorithms (PA), swarm intelligence (SI), bio-inspired

algorithms (BA), and miscellaneous algorithms (MA), as shown in Figure 3.2. Clas-

sification depends on focus, emphasis, and perspective. However, a brief overview

of diverse group approaches is presented.
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Figure 3.2: The classification of nature-inspired algorithms

3.2.2.1 Evolutionary algorithms

Evolutionary algorithms are inspired by nature and model the passing of hereditary

traits from one generation to the next, like the concept of ”survival of the fittest” in

Darwinian theory. These methods begin with a randomly initialized population and

evolve the population over multiple generations. The most common example of evo-

lutionary algorithms is genetic algorithms (GAs), which simulate natural selection

and are widely used in engineering and science. GAs use terminology imported from

biology, and the basic operations common to most GAs include fitness functions,

populations of chromosomes, selection processes, crossover procedures, mutation ac-

tions, parents, and offspring. GAs iteratively improve candidate solutions based on

their fitness until optimal or near-optimal solutions are found. GAs have been suc-

cessfully applied to various problems in engineering, science, design, manufacturing,

energy systems, and other domains, such as solving the Travelling salesman problem

and optimizing thermoelectric modules (TEM) [64].
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3.2.2.2 Physical algorithms

Physical algorithms are inspired by physical phenomena and incorporate ideas from

fields such as chemistry, physics, music, and sports. Examples of physical-inspired

meta-heuristics include simulated annealing, black hole algorithm, tabu search, cul-

tural algorithm, harmony search, and teaching-learning-based optimization. These

algorithms are based on principles derived from physical laws, chemical processes,

and socioeconomic or demographic aspects. Simulated annealing (SA) and tabu

search (TS) have gained significant prominence and have been successfully applied

in industrial applications [65]. TS uses memory to explore previous solutions, re-

member the current best solution, and guide the search direction. Its adaptabil-

ity and exploration capabilities enable it to find efficient solutions and new search

spaces[66].

3.2.2.3 Swarm Intelligence Approaches (SI)

Swarm intelligence (SI) approaches involve a population of workers, particles, or

agents working together to find optimal or near-optimal solutions. Examples of SI

algorithms include artificial bee colony (ABC), ant colony optimization (ACO), and

particle swarm optimization (PSO), in which populations simulate honeybees, ants,

and birds, respectively. SI algorithms exhibit swarm intelligent behaviour based on

self-organization and division of labour principles.

For instance, ABC has been effective in resolving various engineering and sci-

entific problems, such as improving edge detection in digital image processing and

solving antenna array design problems [37], [67], [68]. PSO, inspired by bird flock-

ing and fish schooling behaviours, has also shown good performance in many appli-

cations, including solving non-oriented two-bin packing problems and determining

moisture diffusion coefficients [69], [70], [71].



59

CHAPTER 3. SYSTEMATIC LITERATURE REVIEW OF META-HEURISTIC
ALGORITHMS AND THEIR APPLICATION IN PROCEDURAL CONTENT

GENERATION (PCG) IN THE CONTEXT OF COMPUTER GAMES

3.2.2.4 Bio-Inspired Algorithms (BA)

Bio-inspired algorithms mimic the behaviour of biological systems such as the ar-

tificial immune system or jellyfish hunting food. These algorithms aim to achieve

high efficiency, even if an ideal outcome is not always attained. An example of a

bio-inspired meta-heuristic algorithm is the jellyfish search optimizer (JSO), which

takes inspiration from jellyfish hunting in the ocean [72].

3.2.2.5 Miscellaneous Algorithms (MA)

Miscellaneous algorithms encompass a range of approaches that are influenced by

real-world applications. These algorithms involve making observations, designing

mathematical modules, creating pseudocodes, and testing [61].

3.3 Research Methodology

This study utilized a systematic approach based on the methodology outlined by

Kitchenham and Charters [73]. The methodology consists of a multiphase process

that includes planning, searching, and reporting to comprehensively identify, classify,

and analyse the existing literature within a specific area. Furthermore, this approach

accounts for the contributions made to various categories within the area, providing

a comprehensive analysis of the literature. The objective is to evaluate the use

of various meta-heuristic approaches in creating gameplay content and to discuss

the challenges in implementing these algorithms for PCG. Figure 3.3 illustrates the

detailed steps in the structured methodology.
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Figure 3.3: The research methodology

1. Planning Stage

The planning stage of our methodology is crucial and involves a series of se-

quential steps to provide a well-defined framework for our investigation. This

involves five fundamental components: defining the scope, developing a re-

search question, identifying keywords and search terms, selecting the database,

and determining the inclusion and exclusion criteria.

(a) Defining the Scope

Defining the scope of this study is a critical aspect of the planning pro-

cess. This scope is described by the intersection of three primary domains:

search-based procedural content generation methods, meta-heuristic ap-

proaches with a specific emphasis on algorithms inspired by natural pro-

cesses, and the realm of computer games, Figure 3.4.
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Figure 3.4: The scope of study

(b) Developing the Research Questions

Research question development, an essential step in directing research, is

the focus of the second part of the planning stage. The scope leads to the

following research questions:

RQ1:What are the most common and effective meta-heuristic algorithms

used for procedural content generation (PCG) in games and how have

these algorithms been applied across various domains within PCG?

This research question aims to identify and explore diverse meta-heuristic

algorithms applied to procedural content generation (PCG). It provides a

comprehensive overview of the algorithms used to generate game content

using computational techniques. Additionally, it examines the frequent

utilization of these metaheuristic algorithms in PCG and their applica-

tions across various domains within the field.

RQ2: What are the main challenges and limitations of using meta-heuristic

algorithms for PCG and how can these be addressed in future research?

This research question specifically addresses the challenges and limita-

tions that arise when meta-heuristic algorithms are employed in procedu-
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ral content generation. It aims to identify the main obstacles and suggests

potential solutions or opportunities for future research to overcome these

challenges and enhance the effectiveness of meta-heuristic-based PCG

methods.

(c) Identifying the Keywords and Search Terms
In the third phase of our planning process, we focused on identifying the

most relevant keywords and search terms to capture appropriate studies

effectively. To achieve this, we selected a range of keywords, includ-

ing but not limited to ”procedural content generation,” ”games,” ”com-

puter games,” ”video games,” ”meta-heuristics,” ”inspired by nature,”

”nature-inspired,” ”evolutionary,” ”physical algorithms,” ”swarm intelli-

gence,” and ”bio-inspired.” These keywords served as the foundation for

constructing our search terms, which were carefully formulated by com-

bining them using logical operators such as ”OR,” ”NOT,” and ”AND.”

Additionally, we incorporated common meta-heuristic approaches, such

as genetic algorithms, particle swarm optimization, artificial bee colony

optimization, ant colony optimization, tabu search, and simulated anneal-

ing, to ensure comprehensive coverage in our search for relevant literature.

Str1:

[[Full Text: "procedural content generation"] AND

[Abstract: "Serach Based" ] AND

[[Full Text: "games" ] OR

[Full Text: "Computer games"] OR

[Full Text: "Video games"]] AND

[[Abstract: "Metaheuristics" ] OR

[Abstract: "Meta-heuristics" ] OR

[Abstract: "heuristics" ] OR

[Abstract: "Inspired by nature"] OR

[Abstract: "Nature-Inspired"]] AND
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[[Title: not["review"] OR

[Title: not["survey"] OR

[Title: not["overview"]]] AND

[E-Publication Date: (01/01/2007 TO 30/04/2023)]

Str2:

[[Abstract: "procedural content generation"] AND

[[Full Text: "games" ] OR

[Full Text: "Computer games"] OR

[Full Text: "Video games"]]

[[Abstract: "genetic algorithms"] OR

[Abstract: "particle search optimization"] OR

[Abstract: "artificial bee colony"] OR

[Abstract: "ant colony optimization"] OR

[Abstract: "tabu search"] OR

[Abstract: "simulated annealing"]

[Abstract: "cultural algorithm"]] AND

[[Title: not["review"] OR

[Title: not["survey"] OR

[Title: not["overview"]]] AND

[E-Publication Date: (01/01/2007 TO 30/04/2023)]

Str3:

[Abstract: "procedural content generation"] AND

[[Full Text: "games" ] OR

[Full Text: "Computer games"] OR

[Full Text: "Video games"]]

[Abstract: "Evolutionary"] OR [Abstract: "Evolution"] OR

[Abstract: "Physical Algorithms"] OR

[Abstract: "Swarm Intelligence" ]

OR [Abstract: "Swarm" ]
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OR [Abstract: "Bio-Inspired"] OR

[Abstract: "Miscellaneous Algorithms"]] AND

[[Title: not["review"]] OR

[Title: not["survey"]] OR

[Title: not["overview"]]] AND

[E-Publication Date: (01/01/2007 TO 30/04/2023)]

(d) Selection of Primary Research Study Sources

The primary research study sources were selected in the fourth step of the plan-

ning stage. Our survey considered the most relevant database for this purpose.

The sources included ACM, IEEE Xplore Digital Library, Springer, Elsevier,

MPPI, and Hindawi. These venues provide a wide range of publications includ-

ing book chapters, conference proceedings, and journal articles.

(e) Inclusion and Exclusion Criteria

The inclusion and exclusion criteria for the research papers were decided in the

final stage of this process using the guidelines in Table 3.1 as a guide.

Table 3.1: The inclusion and exclusion criteria used in each research
factor’s methodology to evaluate each possible primary study.

Sr.No Constraints Inclusion Crite-

ria

Exclusion

Criteria

Justification

1 Period Research pub-

lished from to

2007-2023

Research

papers pub-

lished before

2007

By using this criterion, the evaluation

is assured to focus on current PCG re-

search, which is crucial for identifying

current trends and improvements. It

related to RQ1 and RQ2

Continued on the next page
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Table 3.1 – continued from previous page

Sr.No Constraints Inclusion Crite-

ria

Exclusion

Criteria

Justification

2 Evaluation Research in-

cludes PCG

techniques

particularly

focusing on

meta-heuristics

Research in-

cludes PCG

using other

techniques

This criterion ensures that the re-

view focuses specifically on research

that uses meta-heuristic approaches,

which are related to RQ1

3 Purpose Research con-

tains generated

game con-

tent using

meta-heuristic

approaches

Research

contains

generated

game content

using other

approaches

This criterion ensures that the review

focuses on research that is directly rel-

evant to the research question, which

is to evaluate the use of meta-heuristic

approaches in PCG. It relates to RQ2

4 Comparison Research

involves a

comparison be-

tween different

meta-heuristic

methods used

in PCG

Research

involves a

compari-

son of other

approaches

This criterion ensures that the review

focuses on research that compares

different meta-heuristic approaches,

which is important for assessing their

relative effectiveness. It is to support

RQ2

5 Survey/

Overview

Research

does not in-

volve surveys/

overview/review

of PCG tech-

niques

Research in-

volves surveys

or overview

of PCG

techniques

Instead of simply summarizing the

body of knowledge, this criterion en-

sures that the review focuses on re-

search that offers thorough empirical

data and analysis. This will not assist

us in addressing our research ques-

tions.

Continued on the next page
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Table 3.1 – continued from previous page

Sr.No Constraints Inclusion Crite-

ria

Exclusion

Criteria

Justification

6 Study Research in-

cludes mathe-

matical founda-

tions, concepts,

and experi-

mental results

in PCG or

meta-heuristic

methods

Research

includes copy-

right and case

studies in

PCG or meta-

heuristic

methods.

In addition,

papers with

languages

other than

English

This criterion ensures that the review

emphasizes work that employs spe-

cific scientific procedures and analysis

as opposed to just providing random

evidence or case studies. Supporting

RQ1.

7 Research

databases

Papers are

in research

databases

(IEEE, ACM,

Hindawi,

MDPI, and

Springer)

outside the

selected

database

This criterion ensures that the review

includes high-quality papers.

8 Duplicate

Papers

Papers are

not duplicated

in differ-

ent research

databases

Similar pa-

pers in mul-

tiple research

databases

This criterion ensures that the review

avoids double counting or bias from

including the same research more

than once.

2. Searching Stage:

An automated systematic search was performed following the procedure out-

lined in the previous stage. Figure 3.5 shows the search execution protocol.
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Figure 3.5: Search execution protocol

The primary goal of the systematic literature review is to evaluate the quality

of recent studies on the topic. Although it is not possible to cover all existing

literature, search terms were designed to retrieve most studies from internet

databases. To address the challenge of poorly written titles and abstracts,

additional steps are taken beyond reading titles and abstracts. Each paper’s

introduction, conclusion, and internal sections were carefully read to ensure a

complete understanding of the contents of the research. Using these strategies,

407 primary studies were initially identified.
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However, after applying additional criteria for inclusion and exclusion, 135

papers remained for evaluation. During the evaluation process, we considered

both the relevance and research quality. Table 3.1 lists the various factors used

to determine the relevance of a particular study. In cases where the abstract,

introduction, or conclusion of a paper was unclear, further research was con-

ducted to confirm the relevant keywords. Once we had selected and archived

the papers, we conducted a second selection by reading the titles, abstracts,

and keywords and assessing the usefulness of each study. Finally, we evalu-

ated each research paper based on its relevance to the research questions. The

quality of the assessment was based on the following criteria as seen in Table

3.2:

Criterion Description
QA1 Are the authors using any metaheuristic

algorithm as part of the PCG approach?
It aims to determine whether the authors
explicitly mention the utilization of meta-
heuristic algorithm as part of their PCG
approach of the reviewed papers

QA2 Are the authors solving the problem of
generating game content using a meta-
heuristic approach?

It focuses on determining whether the au-
thors of the reviewed papers specifically
address the problem of generating game
content using a meta-heuristic approach.
This assessment aims to identify whether
the papers under review are dedicated
to solving the challenge of creating game
content through the application of meta-
heuristic algorithms

QA3 Do the authors propose a new tech-
nique for performing PCG using a meta-
heuristic algorithm?

It focuses on determining whether the
authors of the reviewed papers propose
a novel technique for performing Proce-
dural Content Generation (PCG) using
a meta-heuristic algorithm. This assess-
ment aimed to identify whether the pa-
pers under review contribute to new ap-
proaches or methodologies in the field of
PCG.

Table 3.2: The quality of the assessment criteria

During the quality assessment, we conducted a thorough examination of the

selected research papers to identify any instances where the authors intro-
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duced an innovative technique or methodology that utilizes a meta-heuristic

algorithm specifically for PCG. Our assessment includes exploring whether the

authors modified an existing algorithm, introduced a new algorithm, or com-

bined multiple algorithms in a novel manner to address the challenges of PCG.

Based on these criteria and the application of our quality assessment process,

we identified 97 papers that were analysed in detail in this study.

3. Reporting Stage:

The final stage of the review process involves reporting our research findings.

This is discussed in the following section.

3.4 Results and Findings

In this section, we present the findings of the current literature review, which is

organized into three subsections. First, in Section 4.1, a comprehensive overview of

meta-heuristic algorithms in PCG is provided, offering a general summary of the

research in the field. section 4.2 examines the analysis of the findings, addressing

RQ1. Finally, in section 4.3, the focus shifts towards RQ2, providing specific in-

sights and observations related to these inquiries.

3.4.1 Overview of Meta-heuristic Algorithms in PCG

A total of 407 publications were initially obtained when the search phrase was used

in the specified databases, as shown in Figure 3.5. A thorough application of the

inclusion and exclusion criteria was then conducted, leading to the elimination of

several items that did not adhere to the predetermined criteria. Quality assessment

was conducted to ensure the selection of high-quality and relevant research. A final

batch of 97 papers was left after this careful process, and these 97 papers were thor-
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oughly examined during the reporting stage.

Figure 3.6 shows a pie chart of the quality assessment results for the 135

research papers, after excluding 38 papers that did not met the criteria. It was

sometimes difficult to determine whether the inclusion or exclusion criteria were

met based on the title or abstract alone. As some papers that met the exclusion

criteria were still included in the initial search, we forwarded them to the quality

assessment phase for a more thorough review. The quality assessment results were

as follows: 21 percent of the studies met QA1, 46 percent of the papers met QA2,

and 13 percent of the papers met QA3.

Figure 3.6: shows the percentage of the selected papers based on the quality

Figure 3.7 shows a graph of the number of papers published each year in the

field of PCG, employing meta-heuristic methods from 2007 to 2022. There were

no publications in 2007 or 2008, but the field gained its first research publication

in 2009. Subsequently, the number of publications experienced periods of growth,

with peaks in 2011, 2014, and 2021. The second year had the highest number of

publications with 14.
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This significant increase in the number of PCG papers in recent years can be

attributed to several factors. The increasing popularity of video games and inter-

active media employing PCG, coupled with the development of more effective PCG

algorithms, has contributed to this development. The exponential growth in PCG

publications over the last decade aligns with the evolution of PCG approaches that

are capable of generating complex and high-quality content. Figure 3.7 illustrates

the dynamic expansion of PCG as a rapidly evolving research field. The increasing

number of PCG papers underlines the growing interest in this domain and its po-

tential to revolutionize the creation of video games and interactive media.

Figure 3.7: Displays the distribution of research papers over the selected period

Figure 3.8 provides visual representations illustrating the prevalence of var-

ious algorithms discussed in relevant published papers. In Figure 3.8a, the focus

is on search-based algorithms, while Figure 3.8b highlights the utilization of evolu-

tionary algorithms (EA), and Figure 3.8c specifically centers on genetic algorithm
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(GA). Additionally, Figure 3.8d pertains to particle swarm optimization (PSO), and

Figure 3.8e is dedicated to simulated annealing (SA). These visual representations

display a vital development in 2021 and 2022, when there was an increased emphasis

on GA compared to search-based methods and EA. However, the other algorithms

showed relatively limited usage during this period.

(a) Search Based (b) EA (c) GA

(d) PSO (e) SA

Figure 3.8: Display distribution of using different algorithms over the selected period

As a starting point for using metaheuristics in PCG, the first emphasis was

mostly on search-based strategies. Evolutionary algorithms or other stochastic

search or optimization methods are used in search-based procedural content gen-

eration (SBPCG) to generate content that satisfies the necessary characteristics[23].

This method uses a test function, also known as an evaluation, fitness, or utility

function, to score content based on a single number or set of related values. Using

the findings of the test function as a foundation, new candidate content that may

be of better value is generated algorithmically.

In addition, during our examination of the five papers published in 2011, two

of them used GA to generate game content, while another pair explored search-based



73

CHAPTER 3. SYSTEMATIC LITERATURE REVIEW OF META-HEURISTIC
ALGORITHMS AND THEIR APPLICATION IN PROCEDURAL CONTENT

GENERATION (PCG) IN THE CONTEXT OF COMPUTER GAMES

techniques that incorporated dynamic programming as a fundamental component

[74], [75], [76], [77], [78]. Additionally, one study focused primarily on EA. What is

particularly compelling is a common theme that connects these papers. It is a shared

emphasis on track race, tile, or maze generation, specifically aimed at enhancing the

design elements of level generation.

These studies collectively employed a consistent methodology involving sys-

tematic exploration within the space of individuals, which often involves various

design options. This approach may closely mirror the creative process employed

by designers, who frequently combine diverse ideas to craft innovative designs that

inherit desirable features from their predecessors. In essence, GA, EA, and search-

based techniques closely align with designers’ intuitive thought processes.

What further enhances the appeal of these algorithms is their seamless inte-

gration into the scope of gaming-level design. They effectively replicated the cre-

ative processes inherent in designing computer games. This strategy maximizes the

exploration of the content space and significantly updates the generation of fresh

and promising designs. The versatility of these algorithms could make them highly

adaptable to the specific needs of procedural content generation (PCG), partially

accounting for their common adoption within the PCG community.

Over time, SBPCG exhibits wide-ranging applicability, enabling the con-

struction of various game content types, including puzzles, tracks, levels, terrain,

maps, rules, mechanics, weapons, buildings, and camera perspectives. However,

this method has certain limitations. SBPCG methods are generally slower because

they evaluate numerous candidate content items. The successful application of evo-

lutionary approaches relies on careful choices regarding the search algorithm repre-

sentation and evaluation function [23].
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The evaluation of game content quality poses the main challenge in search-

based PCG, and is typically addressed through fitness functions. These functions

can be classified into three key categories: direct fitness functions, simulation-based

fitness functions, and interactive functions [48], see Figure 3.9.

Figure 3.9: :Fitness Functions classification

SBPCG systems typically employ genetic and evolutionary algorithms. These

methods have proven effective in generating both necessary and optional game con-

tent [79]. The following section discusses the dominance of these approaches over

other metaheuristic techniques for PCG systems.

3.4.2 Findings (RQ1)

The research reviewed thus far in this work shows a clear bias towards evolution-

ary approaches to SBPCG. However, despite the apparent success of evolutionary

approaches and genetic algorithms, there is no reason why game content cannot be

generated by other meta-heuristic algorithms.

PCG has extensively utilized meta-heuristic algorithms to automatically cre-

ate game content, such as search-based approaches, evolutionary approaches, and

GA. These algorithms are frequently adapted to meet specific PCG requirements,

such as designing game levels, generating textures, or creating characters. The ge-
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netic algorithm (GA) is a frequently employed meta-heuristic algorithm in numerous

computer game development contexts. For instance, Pereira et al. [30] presented

a genetic-algorithm-based method for creating randomly generated dungeon maps

with locked-door missions. This approach evolves a population of maps, selects the

best maps based on the specified fitness parameters, and breeds them to create the

next generation of maps. In a study involving 70 players, the researchers found that

players preferred procedurally produced levels to their human-made counterparts in

terms of difficulty, fun, and perception.

Similarly, Liapis et al. [80] used a genetic algorithm to improve the dungeon

game levels by using sketches as concepts for different levels and generating high-

resolution map segments. In Super Mario Bros, Ferreira et al. [81] introduced a

multi-population genetic algorithm for PCG. It independently evolved four game

aspects (grounds, blocks, enemies, and coins) and combined the best individuals

from each component to construct a level. Furthermore, Togelius et al. [82] applied

multi-objective evolutionary algorithms to generate complete and playable maps for

real-time strategy games, thereby demonstrating the effectiveness of evolutionary

algorithms in this genre. These studies exemplify the wide-ranging applications of

meta-heuristic algorithms in PCG, with GA being particularly prominent in gener-

ating diverse game content across different genres.

In accordance with our prior discussion in Section 4.1, the initial preference

for GA, EA and search-based approaches can be linked to their compatibility with

the creative processes employed by designers when conceiving new and inventive

game levels. This similarity may have served as a method prompting researchers to

integrate these algorithms into the PCG domain. Over time, as researchers viewed

the efficacy demonstrated by these algorithms in level generation, their application

expanded to involve a wide range of content types.
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SA has found limited applications in the field of procedural content generation

(PCG), with its primary exploration occurring in a single study focused on gathering

a diverse set of 2D/3D image data [83]. In this project, the SA approach was used

during specific stages to create human-centric indoor scenes using stochastic gram-

mar. However, the restricted use of SA in this project may not strongly motivate

researchers to consider its application in a PCG context. One of the key factors that

might contribute to SA’s limited presence of SA in the PCG is its relatively slow

computational speed. This characteristic is a common drawback of meta-heuristic

algorithms, and can pose a significant limitation in PCG applications, where real-

time performance is often a crucial requirement.

Another challenge associated with SA in PCG is the design of effective cooling

schedules. Crafting appropriate cooling schedules is a critical aspect of SA imple-

mentation, and it can be particularly challenging, particularly when dealing with

complex problems such as those encountered in PCG. Significantly, SA is a rela-

tively general-purpose algorithm, which means that it can be employed to tackle a

wide range of problems. However, this may not always be an optimal choice for

each problem. In addition, the limited adoption of SA in PCG may be attributed

to a lack of awareness of the algorithm among PCG researchers. SA is not as widely

recognized as other meta-heuristic algorithms such as GAs and PSO. Consequently,

PCG researchers may not be fully aware of the potential advantages that SA can

offer for addressing PCG challenges and tasks.

In contrast, PSO has been discussed and utilized in PCG methods in five stud-

ies. The first documented use dates to 2009 when Hultquist et al. introduced their

approach to generating parameterised procedural content using adjectival descrip-

tors [84]. Their work emphasized that this approach was designed to complement
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existing procedural techniques rather than replace them, offering a more natural

method for procedural content generation. Through the incorporation of adjectival

descriptors as an extra layer above procedural parameters, their approach sought

to enrich conventional techniques and offer an alternative interface that proved es-

pecially useful for users during their initial learning stages. This initial exploration

may partly explain why PSO did not initially receive extensive attention as a strong

tool for content generation, with researchers focusing more on other techniques, such

as GA and EA. However, this view may change in 2016, when Xia and Anand em-

ployed PSO for game content generation [85]. This marked a shift in perspective,

recognizing the potential of PSO as an alternative approach for content generation.

This significance is proven by the publication of two recent research papers in 2020

and 2022 [86], [87], further highlighting the growing recognition of PSO’s capabilities

in the field.

Furthermore, the existing literature provides limited evidence regarding the

utilization of meta-heuristic approaches in PCG beyond classification of evolution-

ary algorithms, PSO and SA. As discussed in the background section, the literature

encompasses a diverse range of meta-heuristic approaches, indicating potential op-

portunities for exploring alternative methods of PCG.

Table 3.3 presents a summary of meta-heuristic algorithms employed in the

field of procedural content generation (PCG) research. It provides information on

the frequency of use, specific applications, and initial release dates. Genetic algo-

rithms (GAs) are the most preferred algorithms in PCG, appearing in 50 research

papers. GAs are highly recognised for their ability to create customized content for

players, including game levels, terrain, and items.

Search-based algorithms, such as the randomized prime algorithm, dynamic
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programming, MAP-Elites (ME) algorithm, recursive backtrackers, grammatical

evolution, novelty search, and estimation of distribution algorithm, have utilized

evolutionary techniques to generate various types of PCG content. MAP-Elites and

novelty search, two search-based algorithms specific to PCG, effectively produce di-

verse and high-quality content. MAP-Elites is used for designing platformers, racing

tracks, and puzzles, whereas the novelty search contributes to the creation of Mario

Kart tracks and platformer levels [88], [89], [90], [91], [92], [93].These algorithms

enable developers to generate content that is exceptionally creative, diverse, and

engaging. Moreover, they may be relatively easy to implement, making them an

excellent choice for newcomers to PCG in the game-development community.

The table highlights the extensive use of meta-heuristic algorithms in PCG

research, with GAs being the most prominent choice, although search-based algo-

rithms offer unique advantages for generating specific content types, such as game

levels or mazes. Additionally, the table emphasizes that the application of meta-

heuristic algorithms in PCG research is a relatively recent development, with the

first paper on the subject appearing in 2009, sparking growing interest in their use

within this field.

On the other hand, EA has been employed in 23 research papers mainly for the

creation of game levels, maps, and tracks. PSO was included in six research papers,

contributing to game content generation, animation module development, and game

balance enhancement. Conversely, SA has been utilized in a single study to facilitate

game content generation. The table also shows that the number of PCG papers

published in different categories varied over time. For example, the number of papers

published on level generation has increased significantly in recent years, whereas the

number of papers published on non-level PCG has remained relatively constant. This

is likely due to the fact that level generation is a particularly challenging problem,
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and there has been a lot of research in this area in recent years. However, there is

a growing interest in non-level PCG, such as the generation of characters, stories,

and music.

Meta-heuristic algorithm Published
research
papers

Applications First
Release

Genetic Algorithm (GA) 50 Used to generate varied of game
levels, and satisfied the players
need

2011

Evolutionary Algorithms (EA) 23 Used to generate varied of game
levels, maps and tracks

2011

Search Based 17 Used to generate varied of game
levels and game contents, maze
generation. Some are focused on
optimizing the fun factor of the
generated tracks

2011

Particle Swarm Optimization
(PSO)

6 Game contents, animation mod-
ules, and game balance

2009

Simulated Annealing (SA) 1 Game Contents 2018

Table 3.3: Common meta-heuristics methods in PCG research

Nonetheless, Figure 3.10 illustrates the dominant position of GA with a usage

rate of 52 percent in the field of PCG. Additionally, the figure presents the distribu-

tion of other algorithms, with search-based methods accounting for 17 percent, EA

representing 24 percent, PSO contributing six percent, and SA accounting for one

percent of the selected 97 research papers in this study.
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Figure 3.10: Show the percentage of applying individuals’ meta-heuristics methods
in PCG research

Considering that search-based and evolutionary algorithms have employed

similar approaches to genetic algorithms (GA), it is evident that a substantial por-

tion of research is dedicated to the utilization of evolution approaches in various

contexts. This proportion reaches 93%, as shown in Figure 3.11.
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Figure 3.11: It shows that GA has a significant portion of the research in various
contexts

3.4.3 Opportunities, Challenges and Future Research (RQ2)

We thoroughly examined 97 research papers cited in Appendix A and analysed

various crucial elements. These include identifying gaps in research, assessing fit-

ness and content quality, exploring challenges, and suggesting future areas of study.

The investigation of using meta-heuristics in procedural content generation (PCG)

yielded important findings, addressing both future research possibilities and current

obstacles.

1. Research Gap in Exploring Other Meta-heuristic Approaches in PCG:

Despite the effectiveness of individual meta-heuristic algorithms in PCG, there

is an obvious gap in the research that calls for the exploration of alternative

approaches. While these established algorithms have shown promise and good

performance, combining them has the potential to enhance the quality of the

generated content. The field of PCG has great potential; however, there is
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still room for advancement through novel meta-heuristic algorithms tailored

for specific tasks and adapting algorithms to different types of PCG content.

One possible path to progress involves creating new metaheuristic algorithms

specifically designed for PCG tasks. Current meta-heuristic algorithms may

not always be suitable for the unique challenges of PCG. This opens up the

possibility of hybrid algorithms outperforming individual algorithms in spe-

cific PCG scenarios. In some cases, meta-heuristic algorithms may cause a

computational burden, which is especially concerning for real-time PCG. This

presents a chance for hybrid algorithms to outperform singular supplements

in specific PCG situations, such as combining the global search abilities of a

genetic algorithm with the local search capability of a hill-climbing algorithm.

Furthermore, there is potential for investigation into customizing metaheuris-

tic algorithms for various PCG content genres. Different forms of PCG content

have inherent variations that can significantly influence the efficiency of the

meta-heuristic algorithm. For example, the range of possibilities for generat-

ing a game level is often much larger than that for creating a single game item.

2. Importance of Fitness Function Quality in Meta-heuristic Algorithm Effective-

ness:

The effectiveness of a metaheuristic algorithm in procedural content generation

(PCG) is undoubtedly linked to the quality of the fitness function employed to

evaluate candidate solutions. Within the realm of metaheuristic algorithms,

the fitness function plays a pivotal role, serving as a guiding compass for as-

sessing the quality of candidate solutions.
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In our comprehensive survey of selected research papers, a significant finding

emerged: only 27 percent of these studies have dedicated efforts to develop

a numerical fitness function for the algorithms they employed. However, this

finding is not to be taken lightly, as it emphasizes a crucial point. In addition,

these studies have proven that the representation of the problem under study

significantly influences the quality and effectiveness of the fitness function.

In contrast, the remaining 73 percent have opted for alternative evaluation

methods such as simulation or interactive fitness functions. These insights

highlight the need for future investigation in the field of PCG. Specifically,

there is a critical need to direct research efforts toward the creation of more

precise fitness functions. These functions should be capable of comprehensively

capturing the desired properties of the generated content. By enhancing the

sophistication of fitness functions, researchers can further advance the perfor-

mance and applicability of meta-heuristic algorithms in the domain of PCG,

ultimately leading to more effective content-generation strategies.

3. Algorithms Integration:

Combining different meta-heuristic algorithms has shown potential for making

the optimization processes more effective. When researchers combine multiple

algorithms, they can use each of their strengths to address complex prob-

lems. This approach allows them to create solutions that are better than

those achieved using a single algorithm. It is an approach to improve these al-

gorithms and perform more optimization research. In our research, we learned

that 1 percent of the papers we examined employed multiple metaheuristic

approaches to create novel PCG methods. To put this into perspective, only
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one paper within our survey utilized both PSO and ecosystem implementa-

tion models (EIMs) to enhance game balance [85]. This study highlights the

significance of recognizing the challenges in aligning player preferences with in-

game content and gameplay, particularly within intricate game environments.

Achieving a balance between game behavior and content is a demanding task

for developers, which has prompted them to develop their unique approach.

4. Exploring mechanisms within meta-heuristics:

To enhance the diversity within meta-heuristic algorithms, it is essential to ex-

plore the mechanisms that facilitate the exploration of various regions within

the search space and prevent premature convergence. Strategies and tech-

niques can be developed to achieve this, such as incorporating adaptive mu-

tation rates, utilizing diverse crossover operators, and implementing selection

strategies that prioritize diverse solutions. Prior knowledge of the problem

structure, constraints, and objectives can further optimize the performance of

the algorithm. However, our research revealed that only 6% of the surveyed pa-

pers dedicated effort to developing such mechanisms within their approaches.

whereas the majority leaned towards conventional methods.

5. User Experience and Engagement:

According to the findings of our survey, only 24 percent of the 97 research

papers included in this study integrated user feedback as a key input in their

approach. These users can represent a variety of roles, including players, de-

signers, or a combination of both, and their feedback plays a pivotal role in

evaluating the quality of generated content.

In contrast, the remaining 76 percent of the studies relied on simulation meth-
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ods to obtain feedback through numerical metrics and comparisons with estab-

lished benchmarks. These insights underscore the importance of considering

user experience, engagement, and a user-centric approach for assessing content

quality within the field of procedural content generation (PCG).

This highlights the need to explore the design of PCG systems that prioritize

user preferences and playstyles, while concurrently evaluating content quality

from a user-centric perspective. There is an obvious demand for the devel-

opment of metaheuristic algorithms that efficiently integrate user feedback.

Such integration can pave the way for the creation of adapted and personal-

ized content that resonates with individual user preferences and requirements.

This user-centric approach holds substantial potential for enhancing the over-

all quality and relevance of the generated content in PCG research.

6. Assessing Content Quality:

The development of metrics for assessing PCG-generated content is crucial for

objective evaluation and optimization. Our study found that only 48 percent

of the selected papers evaluated their results using metrics or expert feedback,

indicating the need for greater emphasis on rigorous evaluation methodologies

in PCG research. Utilizing metrics and involving domain experts ensures sys-

tematic comparisons and validation, driving advancements in the field, and

the responsible use of PCG systems.

7. Diversity of the content’s generation:

The diversity of the content generated by the meta-heuristic approach was ex-

amined in each research paper within the respective applications. Our analysis

revealed that only 15 percent of the studies explicitly discussed the diversity
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of the generated content in their approach. However, most studies focused on

the ability to generate game content.

8. Ethical Considerations:

Our study indicates that no research paper has addressed ethical considera-

tions associated with Procedural Content Generation (PCG) systems. This is

an important observation because PCG systems have the potential to gener-

ate content virtually indistinguishable from human-created information. Issues

regarding ownership, authorship, and authenticity may arise in this context.

Therefore, it is imperative to conduct further investigations and establish re-

sponsible guidelines to address these ethical concerns regarding PCG systems.

In summary, Figure 3.12 provides a chart representing the percentages associated

with the various aspects discussed in this section within the 97 studies. Remarkably,

none of these aspects surpassed the 49 percent threshold. This indicates the need

for future research to address these challenges and bridge existing gaps in the field.
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Figure 3.12: Provide analysis of different aspects based on percentage

3.5 Conclusion

This study adopted a systematic approach based on the methodology of Kitchen-

ham and Charters (2007) [73] to comprehensively analyze the existing literature in

the field. Relevant research papers were identified, classified, and analysed through

a multiphase process of planning, searching, and reporting. This study evaluated

the utilization of meta-heuristic approaches in generating game-play content and

addressed the challenges associated with implementing these algorithms in PCG.

It covers a wide range of meta-heuristic algorithms, including GA, PSO, and SA,

across 97 selected studies. This article provides an overview of the literature review

results, offers detailed insights into each paper, and addresses the two research ques-

tions.

The article first discussed the findings (RQ1) by examining the applications of

different meta-heuristic algorithms in PCG and the algorithms that were most em-
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ployed. This study revealed a strong focus on evolutionary approaches, particularly

GA, in PCG. However, this bias towards GA does not negate the potential of other

metaheuristic algorithms in generating game content. PCG has successfully utilized

meta-heuristic algorithms such as GA, SA, and PSO for tasks such as level and map

generation as well as game balance improvement. While GA demonstrates diverse

applications in PCG across different genres, SA has seen limited usage, explored in

only one study. PSO has been discussed and utilized in six research papers, focusing

on game content creation, animation modules, and game balance. The existing liter-

ature provides limited evidence of alternative meta-heuristic approaches, suggesting

the need for further exploration to enhance the diversity and effectiveness of PCG

methods beyond GA.

The article concluded by discussing opportunities, challenges, and future re-

search directions and answering (RQ2) in the field of procedural content generation

(PCG) using meta-heuristics. This study highlights the need to explore alterna-

tive meta-heuristic approaches, enhance the quality of fitness functions, integrate

algorithms, promote diversity, consider user experience, and establish evaluation

metrics. Ethical considerations were also identified as crucial aspects that require

further attention. The analysis reveals gaps in addressing these aspects, underscor-

ing the importance of future research to advance PCG and bridge existing knowledge

gaps. Suggestions for future research include the development of new algorithms,

exploration of hybrid approaches, and examination of the ethical and social impli-

cations of PCG.

Overall, this article provides a comprehensive overview of the use of meta-

heuristic algorithms in procedural content generation, particularly in computer games,

and serves as a comprehensive reference for researchers and game developers intend-

ing to use optimization techniques to generate high-quality content in video games
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PCG aims to automatically generate the content of games using algorithmic

approaches, as this can reduce the cost of game design and development. PCG algo-

rithms can be applied to all elements of a game, including the terrain, maps, stories,

dialogues, quests, and characters. A wide variety of search algorithms can be applied

to PCG problems; however, those most often used are variations of evolutionary algo-

rithms. Prelude Manuscript 2 focuses on comparing three metaheuristic approaches

applied to race track games, with the specific goal of evaluating the effectiveness

of different algorithms in producing game content. To this end, a GA, ABC, and

PSO are applied to a game-level design task to attempt to identify any discernible

differences in their performance and identify whether alternative algorithms offer

desirable performance characteristics. The results of the study indicate that both

the ABC and PSO approaches offer potential advantages to GA implementation. In

general, this Manuscript is guided by research question RQ3 : ``How do Genetic

Algorithms (GA), Artificial Bee Colony (ABC), and Particle Swarm Optimiza-

tion (PSO) compare in terms of solution quality and convergence speed when

applied to the task of race track generation in PCG?”
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5.1 Introduction

Games are often considered a suitable test environment for artificial intelligence

techniques, and game developers also focus on finding approaches that can automat-

ically create computer game content to help minimize the load on developers [5].

Procedural content generated (PCG) can be used to build all types of game content,

including levels, environments, and components. As such, it can be considered a

tool that aids the designer in creating this content by offering speed advantages in

comparison to manually designing the content, and potentially through the discov-

ery of novel content.

PCG can create a realistic and aesthetically pleasing user experience [58] and

has been effectively employed in a wide range of commercial games. Such games have

their content algorithmically developed either during the design process or in some

cases during runtime, rather than being designed by humans. A wide range of ap-

proaches has been employed [94], [5] and there is a growing interest in search-based

approaches [95],[96],[35],[97]. The literature shows that evolutionary approaches,

such as genetic algorithms, are one of the most widely used metaheuristic methods

in search-based procedural content generation (SBPCG) and have been shown to be

successful in solving a variety of complicated problems [50].

In other domains of study, comparisons of metaheuristic algorithm perfor-

mance have shown that, in many cases, the popularity of genetic algorithms (GAs)

is not entirely justified. While GAs excel in various tasks, they might exhibit limi-

tations in specific contexts, such as slow convergence or becoming trapped in local

optima. This motivates the exploration of alternative algorithms ([98], [99], [100],

[101] Therefore, the main purpose of this study is to compare GAs to two different

metaheuristic algorithms, namely Artificial Bee Colony (ABC) and Particle Swarm
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Optimization (PSO), in the context of procedural content generation (PCG) for

computer games. These algorithms have demonstrated promising characteristics in

other domains, such as faster convergence for PSO and improved exploration of

ABC. In particular, PSO offers advantages owing to its simplicity and ease of imple-

mentation. Additionally, PSO leverages a form of collective memory by considering

both the best positions experienced by individual particles and those discovered by

the entire swarm. This information sharing helps particles explore the search space

more effectively and avoid getting stuck in the local optima. In contrast, the GA

primarily focuses on individual selection and crossover, potentially discarding valu-

able information from less successful individuals [102].

ABC also possesses a distinct exploration strategy. In the ABC algorithm,

both onlookers and employed bees play a role in exploring the search space. Em-

ployed bees exploit the food sources (potential solutions) they discovered in previous

iterations. Onlookers, based on the employed bees’ dancing behavior (a form of infor-

mation sharing), select promising food sources for further exploration. Additionally,

scout bees handle diversification by randomly generating new food sources, ensuring

the algorithm doesn’t get stuck in local optima. This combination of exploitation

(employed bees), informed exploration (onlookers), and random exploration (scouts)

contributes to ABC’s potential effectiveness in finding good solutions [103].

Specifically, this study provides an example of automatically generating race

tracks for a racing game. The aim of this study is to identify whether alternative

algorithms such as ABC and PSO, with their potential advantages observed in other

domains, can offer similar benefits when applied to the creation of game content,

such as race tracks.

The remainder of this paper is organized as follows. Section 5.2 provides an
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overview of the literature supporting this study. Section 5.3 explains the method-

ological approach that includes the PCG task and implementation of the selected

metaheuristics. The results of the comparison of the performance of the different

search algorithms in the generation of race tracks for a racing game are presented

in Section 5.4. The results and their implications along with future research are

discussed in Section 5.5, and Section 5.6 concludes the study.

5.2 Background and Related Work

Procedural Content Generation (PCG) is the automated creation of game content

through algorithmic processes [104]. Hendrikx et al. [19] proposed a comprehensive

taxonomy that categorizes common PCG methods into six sections, as illustrated in

Figure 5.1. While various projects in both the gaming industry and research have

explored different methods for generating content across multiple levels of abstrac-

tion, this study specifically focuses on evaluating the justification for the popularity

of evolutionary approaches within the context of search-based methods.

The chosen algorithms for this study fall under the artificial intelligence cat-

egory within Hendrikx et al.’s taxonomy, as the primary goal is to compare similar

approaches. Although a detailed examination of all the methods is beyond the scope

of this research, the taxonomy itself serves as a valuable frame of reference for un-

derstanding the landscape of PCG methods though a detailed examination of all the

methods goes beyond the scope of this research.

In addition to Hendrikx et al.’s taxonomy, another significant taxonomy was

developed by Zhang et al. [59], which classifies PCG methods into three main

groups: search-based, traditional, and machine learning approaches. However, it is

notable that meta-heuristic approaches were not explicitly addressed in their study,



96

CHAPTER 5. COMPARATIVE ANALYSIS OF METAHEURISTIC
ALGORITHMS FOR PROCEDURAL RACE TRACK GENERATION IN

GAMES

potentially because of their categorization as a subset of search-based methods. This

omission may stem from the observed similarities between the techniques employed

in the search-based methods and meta-heuristics. Despite this gap, this study aims

to contribute by focusing on a detailed comparison of evolutionary approaches in a

broader context of search-based PCG methods.

Figure 5.1: PCG Methods Taxonomy

Specifically, the algorithms selected in this study are classified as metaheuristic

search algorithms. Togelius et al. [23] have described the concept of Search-Based

Procedural Content Generation (SBPCG) as an advanced case of the more gener-

alised “generate and test” approach. While the literature normally identifies it as a

method that works on a population, as shown in Figure 5.2, this reflects the popu-

larity of evolutionary algorithms, including genetic algorithms although it can also

include approaches that are not population-based.
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Figure 5.2: Search Based PCG

Such approaches have been extensively used in the literature. For example,

Ferreira et al. [81] applied a multipopulation genetic algorithm to Super Mario Bros

to grow four game features separately: the ground, block, opponents, and coins.

In this example, each element has its own population and fitness function, and the

approach joins the best individual in the population from each element to build the

complete level. Many other examples exist with applications in relation to platform

games [105], puzzle games [106], nonplayer characters [107], game narratives [108]

and crafted bosses in the Kromaia video game [95]. All these studies came to similar

conclusions that procedurally generated content can meet the design intent of the

game and contribute to the creation of playable levels.

However, given the apparent success of evolutionary approaches, there is no

reason why game content cannot be generated by different algorithms. In many

other domains, studies have shown that other algorithms can offer improved perfor-
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mance, although some authors have indicated that there is a lack of standardization

in the evaluation of algorithms [109], thereby emphasizing the importance of com-

parative studies in a given context. There is little evidence in the literature on the

use of other metaheuristic approaches applied to the creation of content for games

[110].

A study of both classical and current techniques has yielded numerous algo-

rithms that can be applied to game content creation. Although the scope of the

survey was broad, it did not consider that metaheuristic approaches could be used

at all [111]. This suggests that the focus on metaheuristic approaches is relatively

recent but does not explain the focus on evolutionary algorithms. Another review,

which includes metaheuristic techniques, goes so far as states that SBPCG can uti-

lize algorithms such as simulating annealing and particle swarm optimization [23].

However, the survey also did not provide any actual examples of their applications

in PCG, and a direct search of the literature provides only limited evidence that

alternative metaheuristics have been used in SBPCG. For example, Simulated An-

nealing and Markov chains [112], and particle swarm optimization has been used

to automatically generate 2D graphical characters [113] as well as game levels for

an infinite platform game [87]. Other algorithms have also been applied to gaming

contexts. For example, Tabu Search has been applied to map generation for tabletop

games [114] and race tracks [115]. There is limited research in the literature explor-

ing the use of metaheuristic methods in computer games aside from evolutionary

algorithms [50].

In the PCG literature, irrespective of whether a study is based on evolution-

ary algorithms or an alternative, few studies have compared the outcomes to those

provided by any other meta-heuristic algorithm, nor is there strong justification for

selecting these approaches based on an empirical understanding of their performance
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characteristics. Some researchers have conducted comparative studies on the per-

formances of metaheuristic algorithms. For example, a study conducted to generate

race tracks in video games employed Tabu Search (TS) and GA using two different

approaches. The results mostly show the variations between the two approaches in

terms of the speed of convergence, where the GA is faster than the tabu search [115].

However, the project is just one instance of a comparison with limited scope. It ap-

pears that there is no considerable emphasis on evaluating alternative algorithms

that can be employed in SBPCG.

In contrast to PCG, the use of metaheuristic algorithms in other fields re-

sults in considerably more diversified representations of algorithms. For example,

Dokeroglu et al. [109] listed 14 algorithms that have been used to generate new

solutions to a range of problems; however, this list is far from exhaustive. Whilst

genetic algorithms are still common in other domains, the use of other algorithms is

much more prevalent and a range of comparative studies are undertaken in different

areas over a long time period [116], [53],[117], [118],[119],[120].

As a result, a broader understanding of the range of algorithms that solve a

significant number of well-defined issues, recognize their strengths and limitations,

and determine their appropriate settings will be used to support solution optimiza-

tion. To date, only a limited number of studies have compared different algorithms

in the context of procedural content generation in games. Metaheuristic algorithms

belong to a domain of algorithms inspired by natural phenomena. These algorithms

are also known as nature-inspired algorithms (NIA). This study does not depend

on a specific classification, as some of them may belong to more than one category

when selecting the algorithms for comparison. However, categorization depends on

focus, emphasis, and perspective [121], [54]. Researchers have developed and eval-

uated a range of algorithms in this field, each of which has a distinct benefit in
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dealing with specific types of problems, while also having disadvantages. However,

the algorithms included as subjects of the study were genetic algorithms, particle

swarm optimization, and artificial bee colonies [122]. The latter two algorithms are

examples of swarm algorithms in contrast to the evolutionary foundation of GAs.

Genetic algorithms (GA) are the first approach used in this study and are

included as a baseline for comparison against which other approaches will be eval-

uated. It is the most commonly used evolutionary algorithm and is inspired by

the concepts of natural selection and the survival of the fittest. The algorithm re-

peatedly modifies the population of the candidate solutions. For each generation,

individuals are selected from the current population as parents, which are used to

produce children for the next generation. The more fit candidate solutions in a

population are more likely to be selected as parents, which is how the principle of

survival of the fittest is embodied, and children are produced through modelling

the genetic operators of crossover and mutation [123]. Over successive generations,

the population evolves toward an optimal solution. Genetic Algorithms have been

applied to a wide range of problems in operations research, engineering, and sci-

ence [124],[125],[126], [127], [128],[129],[130]. Genetic algorithms have been widely

employed in the computer game field as algorithms in search-based PCG, including

generating context for massively multiplayer online games [131], levels for platform

games [76], tower defense games [132], quest generation [108] and the design of levels

in a dungeon crawler game [80].

In artificial bee colony (ABC) is the second metaheuristic approach utilized in

this study is inspired by animal behavior and falls into the category of swarm intel-

ligence (SI). SI is defined as a group of techniques that uses a population of workers,

particles, or agents working together to find an optimal (or near-optimal) solution

to the problem at hand. In the ABC algorithm, the behavior of this population con-
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sists of simulated honeybees searching for food sources [37]. Self-organization and

the division of labor are two fundamental bases that are adequate for producing in-

telligent swarm behavior [133]. These fundamentals are powerfully and clearly seen

in honeybee colonies along with satisfaction principles. Although the ABC algo-

rithm is not as popular as GAs, it is still widely applied, and many researchers have

found it to be an effective technique for solving various optimization problems. For

example, it improves the edge detection in digital image processing [67]. The devel-

opment was specifically in the search method for neighboring edge points to obtain

the final edge detection figure. ABC was also used to solve the antenna array design

issue, and was compared with four other algorithms. The presentation of the results

and analysis of this method show that it is appropriate for solving antenna-design

problems [68]. In the field of practical engineering optimization problems, ABC has

also been used as an efficient approach to solve interval optimization problems. In

this study, we developed a new method using ABC to produce additional perfect

interval credibility [134].

In relation to PCG, the ABC algorithm has rarely been applied to video games.

Mora et al. [135] make reference to the ABC algorithm, however in their study ap-

plied a different algorithm, namely the artificial flora algorithm. In another limited

number of studies that include a comparative element, Sürer [136] compared the

ABC algorithm to both PSO and the Firefly Algorithm in an abstract game, where

the player has to rearrange daisies in a grid to trap swarms in a jar. Although

their results showed that the Firefly Algorithm outperformed both the PSO and

ABC algorithms, there were cases in which ABC outperformed PSO and vice versa.

However, this study uses an algorithm for game mechanics rather than to generate

specific game content, so it actually falls outside the PCG area.

Partial swarm optimization (PSO) also shows good performance in many appli-
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cations, such as the ABC algorithm, which falls into the swarm intelligence category.

PSO mimics the social behavior of flocking birds and schooling fish. The search for

the optima is performed by updating the fitness value and position of the particles

in each cycle. The position is usually updated by imparting velocity to it. Velocity

is a vector of the sum of the partial current position, previously best position, and

global best position accomplished by any particle in the search space. This iterative

process continues until the best global position is reached [69].

PSO has been applied to a wide range of problems including robot path plan-

ning [137], ship design [138], and a limited number of applications related to video

games [86]. There have been a limited number of applications of PSO as an algo-

rithm in PCG tasks. For example, de Pontes et al. [87] not only showed that PSO

can successfully be applied to the content generation of an infinite platformer game,

but also indicated that the algorithm offers advantages over GAs in terms of both

effectiveness and efficiency.

GA, ABC, and PSO algorithms have been shown to be effective in optimizing

solutions to a range of problems. Several studies have compared these algorithms,

with varying results. For example, Kulkarni and Desai [139] suggested that the

ABC algorithm delivers a more accurate optimization than PSO; however, it takes

a longer time to converge. In Another study, Kanović et al. [140] suggested that

there was minimal performance variance between GA, PSO, and ABC. However,

ABC occasionally experiences delayed convergence, which contrasts with the find-

ings of Karaboga and Akay [141], who demonstrated that the ABC algorithm sur-

passes other metaheuristics across various test functions. This discrepancy may be

attributed to the particular problem studied by Kanović et al. [140].

In a study investigating GAs and PSO in evolving neural networks, Settles
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et al. [142] observed that GAs perform better on large networks, whereas PSO

performs better on smaller networks. Indeed, there is little convergence in any con-

clusion as to whether any algorithm is consistently better, and any outcome is highly

dependent on the application domain and implementation.

Nevertheless, SBPCG studies have been limited to some algorithms, focusing

on evolutionary computation, and have imported its terminology. However, only a

few studies have experimented with heuristic search methods. In addition, a few

studies have attempted this type of examination using several algorithms to identify

how they may appoint fulfilling PCG objectives. An investigation of other fields has

shown that various algorithms have advantages over the genetic algorithm. Thus,

this study is timely and relevant because it conducted an empirical evaluation of the

different algorithms used in PCG applications.

5.3 Method

The purpose of this comparative study is to understand how well various metaheuris-

tic search algorithms perform when utilized in PCG tasks to develop game levels.

As highlighted in the literature review, there is a strong emphasis on adopting ge-

netic algorithms as an evolutionary method for PCG, even if alternative algorithms

offer potential advantages in other applications. Given the nature of this study,

the main component of the evaluation is quantitative, involving a comparison of

the effectiveness and efficiency of the algorithms. These describe the ability to find

decent solutions based on a designed fitness function and the convergence speed to

a solution.



104

CHAPTER 5. COMPARATIVE ANALYSIS OF METAHEURISTIC
ALGORITHMS FOR PROCEDURAL RACE TRACK GENERATION IN

GAMES

5.3.1 Research Design

In this study, a computational approach was employed to address the research ob-

jective. The primary methodology involves the application of GA, PSO, and ABC

to a race track game. The process involves implementing each algorithm, collecting

relevant data, and systematically comparing their performance. Given the stochas-

tic nature of the algorithms selected for this study, the evaluation process involved

creating a race track. The study employed an experimental design with a primary

focus on determining significant differences between the algorithms. The experimen-

tal setup ensured that all the variables were held constant, with the only variable

being the different algorithms used. This approach facilitates the attribution of

identifiable differences to the specific algorithm under examination. To enhance

the consistency of the comparison, each algorithm was operated with an equal pop-

ulation size of 600 individual solutions, and experienced a fixed number of iterations.

Our initial experiments used conventional-sized populations. However, these

experiments did not yield significant performance improvement. Therefore, we in-

vestigated the effect of a larger population of 600 individuals over 200 iterations.

This choice, although seemingly unconventional, was motivated by the inherent com-

plexity of our problem. The problem domain involves discovering diverse race tracks

that feature a variety of curves to enhance player engagement. We hypothesized that

a larger population would provide broader exploration space, potentially leading to

improved performance.

It is reasonable to posit that larger populations could offer advantages for

all three algorithms under study: GAs, PSO and ABC. For instance, GAs require

a balance between maintaining diversity within the population and exploring new

regions in the search space. A larger population size might facilitate this balance,
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particularly for intricate problems such as those we are addressing [143]. However,

it is important to acknowledge the trade-off between the population size and compu-

tational cost. Larger populations inevitably require more computational resources.

In contrast, PSO is recognized for its ability to rapidly converge to solutions.

Therefore, smaller population sizes may be sufficient for PSO. While maintaining a

certain level of diversity is crucial for effective exploration, an excessively large pop-

ulation may not be necessary [102]. Similar to PSO, ABC typically utilizes smaller

populations and exhibits a rapid convergence. Consequently, a very large popula-

tion is unlikely to offer significant benefits to ABC [103].

Recognizing the inherent stochastic nature of these algorithms, this study ad-

dressed potential performance variations by considering the average performance

over ten runs for each algorithm. This multi-run approach aims to provide a more

robust understanding of the algorithm performance, smoothing out stochastic fluc-

tuations, and contributing to a more reliable comparative analysis.

In summary, the research method involved systematically applying the se-

lected algorithms to a defined problem, creating a race track, and employing relevant

analyses, as illustrated in Figure 5.3. The experimental design, characterized by con-

sistent variables and a focus on algorithmic differences, aimed to yield insights into

the comparative effectiveness of the algorithms in addressing the research problem.
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Figure 5.3: Research Design

5.3.2 Procedural Content Generation Task

Our research focused on evaluating algorithms that generate unique race tracks for

racing games. The first step involved creating a population of 600 tracks. This is

achieved by generating random tracks with specific characteristics. These tracks

were designed as closed loops centered around a central point. Similar to the points

on a circle, each point on the track has a distance (radius) from this central point,

as illustrated in Figure 5.4. This figure highlights the importance of calculating the

coordinates of each point using polar coordinates.
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Figure 5.4: Visualization of a race track segment construction using polar coordi-
nates.

As illustrated in Figure 5.4, points such as (x1, y1), (x2, y2), and (x3, y3)

represent the connection points. Polar coordinates, which specify a point’s location

based on the distance from a central point (radius) and the angular direction, are

ideal for generating these initial points.

We chose to create tracks with 18 segments, each contributing to the overall

curvature and the desired features of the track. To construct these 18 segments, we

first determine the connection points between them. These connection points are

crucial to ensure a continuous and well-formed race track. This was achieved by

initially generating them using polar coordinates.
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However, for our final track layout, we need connection points in terms of their

x and y coordinates (Cartesian coordinates). Therefore, the initially generated polar

coordinates were converted into their corresponding x- and y-axis values.

We developed an efficient track creation method that uses the inherent advan-

tages of polar coordinates to produce initial points. This process begins at the origin

and represents the center of the circular track under consideration. To introduce an

element of randomness and variation, we selected a set of 18 radial distances Ri for

these initial points. Ri represents the distance of each point from the central point.

The polar coordinates are appropriate for this first phase because of their rep-

resentational efficiency. In a polar coordinate system, a point’s location is defined

by two key parameters: the radial distance Ri and angular position ϕ . The radial

distance signifies the distance of the point from a designated centered point (the ori-

gin), while the angular position ϕ represents the angle formed by a line connecting

the point and the origin with the positive x-axis. These parameters are mathemat-

ically denoted by (R and ϕ ). In contrast, the Cartesian coordinate system defines

the location of a point based on its horizontal (x) and vertical (y) distances relative

to the origin. as shown in Fig. 5.5.
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Figure 5.5: Generation of different points using a decreasing angle (ϕ) for each
round.

To convert these initial polar coordinates (distance and angle) into the fi-

nal Cartesian coordinates (x and y) used for the track layout, we employed well-

established standard polar-to-Cartesian conversion equations 5.1 and 5.2:

Xi = Ri × cos(ϕi) (5.1)

Yi = Ri × sin(ϕi) (5.2)

where x and y represent the desired Cartesian coordinates, Ri denotes the ra-

dial distance in the polar system, ϕ denotes the angle (typically in radians), ’cos’

represents the cosine function, and ’sin’ represents the sine function.

The significance of these conversion equations lies in their ability to trans-

form the coordinates from the polar system (characterized by distance and angle)

into the Cartesian system (characterized by horizontal and vertical distances). This

transformation is crucial for defining the final track points in a game environment.

Specifically, the radial distance Ri for each point (i) was randomly generated within

a range of 150 to 350 pixels from the center. This introduces a crucial element of

randomness in the track layout. We chose 20° reduction because we had 18 seg-
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ments. Dividing 360 °(full circle) by 18 points resulted in a 20° separation between

each point.

Additionally, the polar angle ϕ is systematically reduced by 20 °for each sub-

sequent point (i+1) compared to the previous point (i). This reduction started at 20

°and continued until it reached a full circle (360°). As mentioned earlier, the curve

has a central point, and this reduction contributes to the smooth curvature of the

resulting race track.

Following the generation of these 18 key points using polar coordinates, as

described earlier, they are seamlessly interconnected each two neighbor points using

Bezier curves [144]. This mathematical approach allows the construction of a closed

loop representing the final race track.

Bezier curves, the cornerstone of computer graphics, offer a powerful tool for

defining smooth and visually appealing paths. Unlike lines or circles with a fixed cur-

vature, Bezier curves allow the creation of more dynamic and organic shapes. This

characteristic makes them ideal for generating realistic and engaging race tracks.

These curves operate based on a set of control points that act as invisible guides

that influence the overall shape and curvature of the resulting path. In our case, we

specifically utilized cubic Bezier curves, which require four control points per track

segment. These control points are denoted by P1, P2, P3, and P4 in Figure 5.6.

The role of each control point in shaping the Bezier curve segment is as follows:

• P1 and P4: These control points directly correspond to the two connection

points generated earlier using polar coordinates. These represent the starting

and ending points of each track segment, respectively.

• P2 and P3: These are the two additional control points strategically chosen for
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each segment. They do not necessarily lie on the final curve, but significantly

influence its shape.

Figure 5.6: Generating different track shape using Cubic Bezier method

Although the concept of convex hulls can be relevant to Bezier curves in some

advanced applications, particularly when dealing with complex shapes or collision

detection, it is not directly applicable to our current explanation of control points.

Convex hulls represent the outermost boundary of a set of points, and their use with

Bezier curves typically involves ensuring that control points are positioned within

the desired shape. By understanding the influence of each control point, we can

effectively manipulate the curvature and overall shape of individual track segments.

This allowed us to generate a diverse range of race tracks, each offering a unique

driving experience within the game environment.

This variation in the control point positions (P2 and P3) significantly con-

tributes to the observed variability in the individual track segments. By introducing

this randomness, we ensured that the generated tracks exhibited a range of shapes

and curvatures, thereby enhancing the overall dynamism and visual appeal of race

tracks.
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5.3.3 Evaluation (Fitness) Function

This study assumes that some track shapes are more desirable than others, although

the intention of this research is not specifically to determine whether the algorithms

can find an optimal race track. Instead, the focus was on comparing the performance

of the algorithms against a given fitness function, although the fitness function itself

may not be able to produce a ‘perfect’ race track. Therefore, the fitness function

used in this study was relatively simple and aimed to direct the algorithms towards

finding tracks with curved shapes in their segments, which could be considered

preferable to almost straight tracks. This is similar to the work of Prasetya and

Maulidevi [115] who considered both the curvature and speed profile as factors in

optimizing race tracks.

As the intention of this work is to compare the algorithm performance and

not find an optimal track, this has been simplified to focus only on curvature on the

assumption that the track is made more challenging by being more curved. There-

fore, the fitness function scales the extent to which the given segment is rounded.

After studying different curve samples generated by the Cubic Bézier function

[145], we observed how the curve shape depended on the two control points (P2 and

P3) and their distances from the segment edges (P1, P4), as shown in Figure 5.7.

Examining this figure, it can be seen that curve samples (b), (c), (e), and (f) present

some challenges. In contrast, samples (a) and (d) appear similar to straight lines.

This demonstrates why samples (b), (c), (e), and (f) were preferable for creating

curved shapes.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.7: Different samples of Bézier Curve generation
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Our analysis revealed that the distance between a control point and its neigh-

boring segment edges significantly affects the scale of the resulting curve. Based on

this observation, we developed a method that uses this distance to determine the

weight of each segment. This ensured that each segment effectively contributed to

the overall shape of the track.

Figure 5.8 illustrates the process for determining the weights assigned to each

track segment. This depends on the positions of the control points in the calcu-

lation. P1 and P4 represent the two edges of a segment, whereas P2 and P3 are

control points. In the example shown, the specific positions of P2 and P3 are likely

to generate a good curve using the Bezier method. In contrast, the control points

labeled X1 and X2 represent positions that might generate undesirable curves.

Figure 5.8: Describe the numerical scale of track segment

We calculate the distance between control point P2 and the first edge point

P1 of the segment, denoted as side1. We then calculate the distance between P2

and the next edge point P4, denoted as side2. considering X1 as another possible

position for a control point. We follow the same approach, calculating the distances
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between X1 and both edges P1 and P4.

Our analysis revealed that the difference between side1 and side2 was smaller

than that between X1P1 and X1P4. We performed the same comparison for P3

and X2 to gain a better understanding of the ideal control-point positions. This

observation played a crucial role in the development of our weight calculation for-

mula. We use the difference between these distances (subtraction results) for both

control points (P2 and P3) or in cases with potentially bad curves (X1 and X2).

Importantly, the weight assigned to each segment was calculated by summing the

difference values obtained for both control points ( P2 and P3) or, in negative sce-

narios,( X1 and X2).

Mathematically, it can be seen that the subtraction result of ∥−−→P1P2 −
−−→P2P4∥ is

less than that of ∥−−→P1X1 −
−−→P4X1∥. Therefore, P2 is considered to be a better position

than X1 in terms of making the curve more rounded. The same approach can also

be applied to P3. The conclusion comes from the summation of the two results to

reflect the impact of both control points.

Wi = ∥−−→PiPi2 −
−−−−→Pi+1Pi2∥+∥−−→PiPi3 −

−−−−→Pi+1Pi3∥ (5.3)

where i represents the segment number, Pi denotes the endpoints of the segment, and Pi2,

Pi3 are the control points for segment i.

In summary, the fitness function is a mathematical formula that generates a

numerical scale for each track segment, W , see Equation 5.3. The summation of

these results is the total weight of the track, as shown in Equation 5.4. A track with

a small total weight is preferable.
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Wtrack =
17

∑
i=0

Wi (5.4)

5.3.4 Metaheuristic Implementation

The initial stage of the study implemented three metaheuristic approaches (GA,

ABC, and PSO) and utilized these algorithms to generate race tracks to gain knowl-

edge of their relative performance in producing game levels. However, the per-

formance is determined in two dimensions: the effectiveness of the algorithms in

terms of their ability to converge to a better solution in a fixed number of iterations

and the consistency of this effectiveness across multiple attempts to generate race

tracks. Figure 5.9 shows some typical tracks generated in this study, noting that

sharp changes in direction in each would not be desirable in a track that was in-

tended to be playable. However, this does not detract from the comparison of the

algorithm performance and can be addressed using an improved fitness function in

future work.

Figure 5.9: Sample of tracks from the initial population
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5.3.4.1 Genetic Algorithm (GA) Implementation

The GA was the first metaheuristic approach used in this study. This consists of four

steps after the initial population is generated. The first step involved selecting a pair

of tracks (parents). However, the selection process uses three different approaches: a

biased Roulette Wheel, Tournament, and a combination of the two approaches. The

second step is the evaluation, which depends on the weight of the track. However,

the track with the lowest weight was likely to be considered. The third step is the

reproduction process, in which individuals’ tracks pass their segments to the next

generation. The last step is mutation, in which newly formed children are subjected

to transformation. The genes were randomly selected for modification by exploring

new values. Following the detailed steps, after the initial population is generated:

1. Selection of the Parents

Our approach to parental selection within the genetic algorithm leverages three

distinct techniques: biased roulette wheel selection, tournament selection, and

a combined approach that utilizes both methods with equal probability (50%)

denoted as ’Mix’. Biased roulette wheel selection represents a variation of the

standard roulette wheel selection technique employed in genetic algorithms

[146].

In this method, a virtual wheel is divided into sections (pie slices) proportional

to the fitness scores of the individual tracks within the population. This en-

sures that tracks exhibiting superior performance (lower fitness scores) occupy

larger sections of the wheel, and the selection process commences with the

rotation of the virtual roulette wheel. A fixed point on the wheel perimeter

served as a selection marker. The first track segment, whose corresponding

section reaches the marker, is selected as the first parent. This process was

repeated to select a second parent.
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The inherent advantage of biased roulette wheel selection is its ability to prob-

abilistically favor individuals with higher fitness scores. Because these superior

tracks occupy larger sections on the wheel, they have a greater chance of align-

ing with the selection marker during rotation. Consequently, this approach

promotes the propagation of desirable track characteristics to the next gener-

ation, accelerating the evolutionary process towards optimal track designs. In

the implementation, we used the following steps:

(a) Calculated the Total Fitness

(b) Calculated the proportion of each individual Pi according to the following

equation 5.5:

Pi =
fi

∑n
j=1 fi

(5.5)

Where N is the number of tracks in our population and fi is the fitness value of

each track

(c) Calculate the cumulative proportion CPj of each track according to the

following equation 5.6:

CPj =CPj−1 +Pj (5.6)

(d) Generate a random number R between 0.0 and 1.0

(e) Starting from the top of the population, the individual for which CPj goes

above R is the selected track (parent).

(f) The same process must be done in selecting the other parent.

The second selection strategy employed within our genetic algorithm (GA)

framework is the well-established tournament-selection method. This tech-

nique is widely used to identify the most suitable individuals (tracks) from the
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current generation based on a competitive selection process [146]. Tournament

selection involves creating a group consisting of a predefined number (K) of

individuals from the population. These individuals were chosen randomly. In

our implementation, we opted for a K value of two, essentially creating pair-

wise competition.

Following random selection, competition is conducted between K individuals.

Fitness score, which serves as a measure of an individual’s performance (track

quality), was employed as the primary criterion for this competition. The in-

dividual with the lower fitness score (better performing track) is designated

as the winner and progresses to the next generation. This tournament selec-

tion process is iterated multiple times, allowing for gradual identification and

promotion of the most promising candidates (optimal tracks) to the next gen-

eration. This iterative approach facilitates the convergence of the GA towards

populations comprising superior track designs.

Despite the previous selection methods, we incorporated a hybrid strategy

that combined biased roulette-wheel selection and tournament selection as our

third approach. During each iteration, we generated random numbers between

0 and 100 to determine the selection method. If the generated number is

less than 50, we utilize the biased roulette-wheel method; otherwise, we use

the tournament method. This dynamic approach enables adaptability and

flexibility in selecting the most suitable strategy for each iteration.

2. The evaluation process

The second step is the evaluation, which is based on the weights assigned to

each track. The track with the lowest weight was more likely to be considered

for further processing and potential improvement.
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3. The Reproduction step

Moving on to the third step, we have the reproduction process, in which the

tracks of individuals are passed on to the next generation. This process in-

cludes a crucial phase known as the crossover point. The crossover point is

selected at half the number of genes and determines how the segments (genes)

of the selected parent tracks are swapped to generate offspring. This step fa-

cilitated the exploration of different genetic combinations, as shown in Fig.

5.10.
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Figure 5.10: GA Crossover

Mutation serves as the final step in the GA algorithm. In this crucial stage,

specified genes ( referred to as segments of the track ) within the newly formed

offspring are transformed. These genes were selected at random for modifica-

tion, enabling the exploration of new values and potential enhancements in

the genetic diversity of the population. The assigned mutation rate of 0.05
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indicates the proportion of genes that are subject to transformation. We chose

this rate after conducting different experiments and found it to be the best.

By iteratively performing these steps, the GA aims to optimize and evolve

the population, leading to improved solutions over time. These steps provided

an overview of the GA process used in our research methodology. The actual

implementation on the CSharp platform involves additional details and specific

parameters based on the research objectives and the problem domain, as shown

in Figure 5.11.
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Figure 5.11: Steps of GA Approach in Tracks Generation
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5.3.4.2 Artificial Bee Colony (ABC) Implementation

Our investigation extends beyond genetic algorithms, also exploring the potential

of the ABC algorithm. This metaheuristic approach draws inspiration from animal

behavior and the principles of swarm intelligence (SI) [37]. Swarm intelligence tech-

niques are characterized by their reliance on a collective of individuals, often referred

to as workers, particles, or agents. These individuals collaborate and interact with

each other to collectively search for optimal or near-optimal solutions for complex

problems [37].

The ABC algorithm specifically mimics the foraging behavior observed in hon-

eybee colonies. As honeybees collectively locate food sources with a high nectar

yield, the algorithm utilizes a population of artificial bees to explore potential so-

lutions (track designs) in our case. Self-organization and division of labor, which

are fundamental principles of swarm intelligence[133], [147], are evident in natural

honeybee colonies. These principles are further complemented by the satisfaction

principles of the ABC algorithm.

While not as ubiquitous as GAs, the ABC algorithm remains a popular choice

for solving diverse optimization problems. This study employed the ABC algorithm

to iteratively generate an optimized race track through a structured three-phase

process, excluding the initial phase.

1. Initial Population: During the initial population phase, 600 unique race tracks

were randomly generated using the methods described in Sections 5.3.2 and 5.3.3.

Each of these tracks, denoted by χi, represents a potential food source location

within the ABC algorithm.

2. Employee Bee Phase: The second phase involves employed bees actively mod-
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ifying the existing race tracks. These bees evaluate the quality (fitness) of

their assigned tracks and explore the search space by applying local search

techniques such as mutations. During each update, a mutation rate of 0.05

determines the proportion of segments within a track that will be randomly

modified. This allows bees to adapt and refine their solutions within the evolv-

ing landscape of the potential race tracks.

3. Onlooker Bee Phase: The onlooker bee phase involves selecting promising

areas within the search space. Here, onlooker bees evaluate the solutions (race

tracks) presented by the employed bees along with their corresponding fitness

values. They favor tracks with higher fitness (lower values typically indicate

better tracks). This selection process is influenced by probability P(χi) in

the best direction, as defined in Equation 5.7. Considering this probability,

onlooker bees aim to discover new, potentially improved tracks. This phase

emphasizes exploration and ultimately aims to enhance the overall quality of

race tracks through the iterative selection of superior solutions.

P(i) =
fi

Max f
(5.7)

where fi is the fitness value and Max f is the maximum fitness in the population

4. Scout Bee Phase: The final stage in the ABC method is the scout bee phase.

Employed bees that failed to improve their assigned solutions after a cer-

tain number of attempts became scout bees. Unlike employed bees, scout

bees abandon their current solutions and randomly generate entirely new race

tracks. This introduces new possibilities for exploration by venturing into un-

charted territories within the search space. This random exploration allowed

the algorithm to expand its search boundaries and potentially discover supe-

rior solutions. By introducing new possibilities and exploring uninvestigated
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areas, scout bees can contribute to the ongoing search for optimal race tracks

within the solution space.

In summary, the ABC algorithm progresses through individual phases starting

with the generation of a diverse initial population of race tracks. The subsequent

phases involve the dynamic adjustment of race track positions by employee bees

guided by probabilities, strategic selection of promising race tracks by onlooker bees,

and exploration of new possibilities by scout bees. This systematic approach ensures

a comprehensive search for optimized race tracks within the solution space.

5.3.4.3 Particle Swarm Optimization (PSO) Implementation

The PSO method was the last algorithm under study in this research. Unlike GA,

PSO operates without traditional modification operators such as Crossover or Muta-

tion. In PSO, particles are considered potential solutions for navigating the problem

space by following the best positions of the current best particles. Notably, PSO

has demonstrated computational efficiency, requiring fewer computations than GAs

for problem-solving [148]. It is an efficient algorithm in terms of both memory uti-

lization and computational speed [149].

PSO draws inspiration from emulating the optimization behavior of a flock of

birds in solving complex mathematical problems. Visualize a swarm of birds that

collectively determine a landing site while flying over an area. This decision-making

process optimizes food supply and minimizes the risk of predators. In this context,

bird movements resemble choreography; they fly in unison until they indicate the

ideal landing place and the entire flock lands simultaneously [150]. The classical

version of PSO determines a variable represented by a vector X as shown in Equation

5.8.
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X = [X1,X2,X3, . . . ,Xn] (5.8)

Vector X represents the initial population of 600 race tracks (n = 600 in this

case). The goal is to minimize the value of f (X), which indicates a better perfor-

mance based on the chosen evaluation criteria for race track quality. f (X), also

known as the fitness function, evaluates a race track’s quality based on various sur-

vival criteria.

In a swarm of P particles, each particle has a position vector X t
i (Equation 5.9)

and a population velocity vector V t
i (Equation 5.10) at iteration T .

X t
i = (xi1,xi2,xi3, . . . ,xin)

T (5.9)

V t
i = (Vi1,Vi2,Vi3, . . . ,Vin)

T (5.10)

These vectors are updated across the dimension j, which corresponds to the

number of segments in each track. This update is governed by the equations. 5.11

and 5.12, where i = 1,2,3, ...,P and j = 1,2,3, ...,n. In this context, each segment was

updated based on the information obtained from Equation 5.11. The acceleration

coefficient C1 dictates the extent to which information is extracted from the best

segment in the track so far in the iteration, while C2 determines the global infor-

mation of the population by examining the best track in the current iteration to

enhance the current track; therefore, the improvement applied for each segment in

the track is shown in Equation 5.12 However, C1 assigned 2 for both versions C2 are

assigned a value of 4 for PSO#1, and a value of 5 for PSO#2.

V t+1
i j = ωV t

i j +C1rt
1(pbesti j −X t

i j)+C2rt
2(gbest j −X t

i j) (5.11)

In Equation 5.11, the parameters are defined as follows.
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• ω is the inertia weight.

• V t+1
i j is the updated velocity of track i in segment j at iteration t +1.

• V t
i j is the current velocity of track i in segment j at time t.

• C1 and C2 are acceleration coefficients, determining the influence of personal

best (best segment) (pbest) and global best (gbest) information on the best

track in the population.

• rt
1 and rt

2 are random values between 0 and 1 generated at each iteration to

introduce stochasticity.

X t+1
i j = X t

i j +V t+1
i j (5.12)

Choosing an appropriate value for ω is crucial for the performance of the PSO

algorithm. The typical range of ω is between 0 and 1, which is 0.3 in our case.

However, the selection of ω may depend on the specific optimization problem and

the behavior we want the algorithm to exhibit.

5.4 Results

The results presented in this paper aim to compare the performance of three differ-

ent metaheuristic search algorithms on a procedural content generation task, specif-

ically the generation of tracks for a racing game. Nevertheless, the results showed

an evaluation of each selected metaheuristic method in terms of its efficiency and

effectiveness. Usually, the fitness value of the tracks drops between 1600 and 100

points, depending on the scale considered in this study, as described earlier in Equa-

tions 5.3 and 5.4.

The maximum iteration number (200) and population size (600) are the same

in order to compare the performance of all methods equitably; however, the lack
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of convergence criteria is noted, as in many real-world applications, there may be

benefits in running the algorithms until convergence is detected. In addition, each

method was ten times. Consequently, the average of their outputs for each was

considered for the study. Statistical information also includes the best values, mean

values, worst values, and standard deviations.

5.4.1 Genetic Algorithm Application Results

The application of the GA is discussed in Section 5.3.4.1 and the results presented

here relate to the performance of the three different selection approaches that have

been implemented. Figure 5.12 shows the improvement in the fitness function over

the 200 generations for which the algorithm was run using the mixed selection ap-

proach. Here, the line indicates the average fitness for each generation across ten

runs of the algorithm. The error bars indicate the variation in individual runs rela-

tive to the average.

Figure 5.12: Genetic Algorithm Average Convergence (MIX)

The convergence of the algorithm is typical of evolutionary approaches, show-

ing a relatively quick initial convergence in the first 50 generations, and then a

gradual improvement over the remaining generations. The initial randomly gener-

ated tracks in the first generation have fitness values in the 1200-1400 range, which

is fairly consistent with all the results in this study, and the final tracks have an av-

erage fitness of approximately 200, although with a relatively large variation around
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that value for each of the individual runs.

Figure 5.13 displays the results of using GA with a biased selection method.

While the initial average fitness is comparable to that in Figure 5.12, the initial

convergence is slightly slower and the final fitness values are higher, with an average

value of approximately 400.

Figure 5.13: Genetic Algorithm Average Convergence (Biased)

Figure 5.14 shows the results for using the tournament selection approach,

where the average initial fitness is again comparable with the previously presented

results. However, in this case, the initial convergence was much faster. Considering

the number of generations required to reach the final average fitness achieved using

the biased selection approach, tournament selection reaches a fitness value of 400

after an average of 30 generations, in comparison to the 50 generations required using

the mix selection approach. While the final average fitness shows no real difference

from that achieved using the mixed selection method, the variability across multiple

runs is significantly lower.
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Figure 5.14: Genetic Algorithm Average Convergence (Tournament)

5.4.2 Artificial Bee Colony Application Results

Figure 5.15 shows the results of multiple runs of the ABC algorithm, which shows

a marked difference from any of the GA results. The initial speed of convergence is

much slower, and while no attempt has been made to quantify this, if convergence

were to be considered a form of exponential decay, then the lambda value of the

curve would be much lower than that of GA convergence. The initial average fitness

value is marginally higher than the results for the different GA implementations, and

the convergence is slower, reaching the previously indicated threshold value of 400 in

just over 80 iterations. However, unlike the GA implementations, the convergence

is less asymptotic and improvement continues over the entire 200 iterations, leading

to a final average fitness value of over 100 points. More importantly, the variability

across multiple runs is virtually non-existent, implying that this performance is

consistent and that multiple runs are not required to find a good solution.
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Figure 5.15: Artificial Been Colony Convergence

5.4.3 Particle Swarm Optimisation Application Results

Similar to the GA implementation, two variations of the PSO algorithms were im-

plemented with two different values of the C2 acceleration coefficient in Equation

5.11, which influences the extent to which the search extracts information from the

global position. For both implementations, the value assigned to C1 was 2. The

first implementation, denoted as PSO#1, used a C2 value of four, and the second

implementation, denoted as PSO#2, used a C2 value of five. Figure 5.16 presents

the results of the first implementation (PSO#1). In comparison to both the GA

and ABC results, PSO shows a very fast initial convergence, reaching the thresh-

old fitness value of 400 points in just ten iterations. The convergence curve then

becomes almost asymptotic, but shows slow and steady improvement over the re-

maining iterations, leading to a final average fitness of less than 200. Overall, the

final fitness quality and variability around the average are comparable to the best

results achieved using a GA.
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Figure 5.16: Particle Swarm Optimisation Convergence (PSO#1)

Figure 5.17 presents the results for the second PSO implementation (PSO#2),

with a higher emphasis on global position information. These results shows little

significant variation in the convergence behaviour, reaching the 400 threshold value

in slightly over 10 iterations and only a marginal improvement in the final average

fitness function value and variability. It is worth noting that these results arise from

an initial population fitness that is slightly lower than the other results which may

have influenced the overall convergence.

Figure 5.17: Particle Swarm Optimisation Convergence (PSO#2)

5.4.4 Metaheuristics Results Comparison

The results presented in Figures 5.12 to 5.17 provide a visual representation of

the performance of the algorithms and an initial indication of their relative merits.

Table 5.1 presents more information regarding the quality of the solutions obtained

for each algorithm across multiple runs. These data essentially correspond to the
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variation observed in each figure at the 200 iteration mark.

Table 5.1: Comparison of different algorithms.

GA(Mix) GA(Biased) GA(Tournament) ABC PSO#1 PSO#2
Worst 299.47 443.28 225.63 138.67 243.64 194.60
Best 121.75 304.30 137.74 113.98 106.88 115.86
Mean 233.09 370.1 182.9 125.9 175.5 166.4

SD 52.35 46.13 25.28 8.73 38.92 23.17

In relation to the best solution found by each algorithm across the ten runs,

the overall best solution is found by the PSO#1 with a fitness value of 106.88. Com-

paring absolute values has little meaning in the context of the fitness function, as

there is no real means of determining whether a fitness value of 115.86 results in

a significantly different quality of race tracks. However, there is a relatively clear

difference between the best fitness values resulting from both the ABC and PSO

algorithms, particularly when compared to the biased selection implementation of

the GA.

In relation to the best solution found by each algorithm across the ten runs,

the overall best solution is found by PSO#1 with a fitness value of 106.88. Com-

paring absolute values has little meaning in the context of the fitness function, as

there is no real means of determining whether a fitness value of 115.86 results in

a significantly different quality of race tracks. However, there is a relatively clear

difference between the best fitness values resulting from both the ABC and PSO

algorithms, particularly when compared with the biased selection implementation

of the GA.

Although the aim of this study was not to attempt to determine an optimal

race track, it is worth considering the output of each algorithm in terms of the race

tracks produced. Figure 5.18 shows the best tracks produced by applying the GA,
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ABC, and PSO algorithms.

(a) GA Mix (b) GA Based

(c) GA Tournament (d) ABC

(e) PSO Result 1 (f) PSO Result 2

Figure 5.18: Comparison of Resulting Tracks

Comparing the ABC solution with the solution produced by GA using biased
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selection, there is a clear difference in terms of track curvature, with the ABC al-

gorithm being significantly more curved. Clearly, race tracks are not necessarily

suitable for use in a game because of abrupt changes in direction; however, the

intention of this research was not to produce the optimal race track. The fitness

function appears to drive the solution to a specified goal even though the goal may

be flawed. This confirms that the insights derived from these results can be applied

to scenarios with improved fitness functions.

Figure 5.19 provides further insight into the performance comparison of the

algorithms. Although ABC achieves the best results in terms of the mean value of

fitness, it also exhibits the slowest convergence speed. Initially, the ABC algorithm

showed slower convergence, but it significantly improved later and maintained con-

sistent performance with minimal variability.
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Figure 5.19: All the results for all the algorithms based on the average fitness

Figure 5.19 provides further insight into the performance of the algorithms.

Although ABC achieved the best results in terms of the mean value of fitness, it

also exhibited the slowest convergence speed. Initially, the ABC algorithm showed

slower convergence, but it significantly improved later and maintained a consistent

performance with minimal variability.

It is important to note that both ABC and PSO appear competitive, based on

their raw values. Although PSO might have a slight advantage in quickly reaching

the absolute best solution, ABC tends to achieve a better average fitness over time.

Further studies are required to determine their strengths and weaknesses definitively.

Interestingly, both the ABC and PSO belong to the swarm intelligence algorithm

category. This common classification suggests that this type of algorithm is well

suited to problems related to procedural content generation (PCG).
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5.5 Discussion and Future Directions

This study investigated the performance of various computational algorithms for

generating race tracks for video games. Our primary focus was to challenge the

prevalent reliance on genetic algorithms (GAs) by exploring alternative methods.

Our findings show that the selection strategy of GAs significantly affects their effec-

tiveness. Selection methods prioritizing rapid convergence might initially identify

suitable tracks but may limit the exploration of the design space, potentially lead-

ing to repetitive layouts. Conversely, methods promoting broader exploration can

lead to slower convergence but potentially discover more diverse and engaging track

layouts. Future work could explore the systematic evaluation of different selection

strategies tailored to race track generation with GAs.

Compared to GAs, PSO offers a faster convergence rate, making it advanta-

geous in scenarios with limited computational resources or real-time content genera-

tion requirements. However, the optimal performance relies on careful tuning of the

inertia weight parameter. A higher initial value encourages exploration, allowing

particles to explore a wider range of potential track layouts. As the optimiza-

tion process progresses, gradually reducing this parameter focuses on the search for

promising regions identified by successful particles. Future research could investi-

gate adaptive mechanisms that dynamically adjust this parameter based on observed

convergence behavior.

The ABC algorithm exhibits a high degree of repeatability in generating high-

quality tracks. This consistency might be valuable for applications in which reliable

and consistent track generation is a priority. However, ABC’s initial convergence

tends to be slower than that of the PSO. Future studies could explore hybrid ap-

proaches that combine the strengths of ABC with other algorithms. For example, an
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initial exploration phase using PSO followed by exploitation with ABC can leverage

the benefits of both, achieving faster initial convergence while maintaining ABC’s

high repeatability.

However, it is important to understand that there is no “best” algorithm over-

all and the selection of an algorithm involves trading off the characteristics of the

algorithm and matching them to a given problem. The findings of this study suggest

that game developers utilizing PCG for race tracks should explore alternatives to

GAs. The optimal choice depends on the trade-off between the factors. For scenar-

ios with limited computational resources or real-time generation needs, PSO offers

faster convergence, whereas for high-quality, diverse, and engaging tracks, the ABC

algorithm or a hybrid approach that leverages its strengths might be more suitable.

This study had several limitations and directions for future work. While a

range of comparative studies exist in other domains, similar investigations are cur-

rently limited to procedural content generation for video games. This study high-

lights the potential of alternative algorithms with different performance character-

istics, warranting further exploration. Our current evaluation focused on a single

metric (curvature), but future work will incorporate additional metrics, such as com-

putational efficiency, scalability with increasing track complexity, and user studies

for subjective assessments. Validation efforts will involve comparing the generated

tracks with real-world designs and incorporating expert evaluations from racing

game designers or professional drivers.

Additionally, the current fitness function will be expanded to consider a broader

range of design aspects through penalties or rewards for monotonous sections, en-

vironmental obstacles, and aesthetic qualities. Future studies should also consider

a more systematic investigation of different population sizes and their effect on al-
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gorithm performance, utilize the same number of evaluations for all algorithms to

ensure fair comparisons, and incorporate statistical tests, such as ANOVA, to deter-

mine the statistical significance of observed differences.

This study provides insights into the performance of various algorithms for

race track generation in video games. We highlight the importance of considering

alternatives beyond GAs and the need for further exploration of evaluation metrics,

validation procedures, and more intricate fitness functions to achieve optimal results

in PCG for race tracks.

5.6 Conclusion

This study measured and compared efficacious algorithms and their achievements

in PCG tasks in various settings. GA, ABC, and PSO participated in this study

to determine the best race track. In addition, the study tested GA using different

selection approaches along with PSO in two different settings. However, this study

developed a mathematical method that assumes an evaluation function to select the

best track. However, the results were significant in showing that other metaheuristic

approaches could considerably change search-based PCG. Despite the scope of This

study contributes to the literature by expanding the knowledge of how different

algorithms are suited to PCG. This could lead to further studies to determine the

most suitable algorithms for games. This study provides a basis for developing

recommendations for the selection of these methods. The goal is to ensure that the

resulting games have the potential to satisfy both the designer and player needs.
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PCG is an automated approach for generating game content using algorithmic

techniques that offer advantages, such as cost reduction and time efficiency. This

Manuscript aimed to evaluate the performance of meta-heuristic algorithms in PCG,

specifically focusing on map layout generation. The manuscript challenges the as-

sumption of the common use of GAs and provides evidence that other metaheuristic

algorithms should be explored in PCG applications. Therefore, three meta-heuristic

algorithms were compared to generate map layout: GA, PSO, and ABC, focusing

on their effectiveness and efficiency in generating game levels.

Comprehensive experiments were performed using GA, ABC, and PSO for

map creation tasks, and metrics such as convergence speed and content quality were

used to analyze the performance and quality of the created content to identify the

strengths and weaknesses of each algorithm in the context of game-level generation.

The findings of this study suggest that GA employing tournament selection out-

perform other GA implementations, including GA with roulette wheel selection, a

hybrid approach combining tournament and roulette wheel selection, an ABC, and

two variants of PSO, when applied to generating game level maps. This reinforces

the concept that the optimal metaheuristic algorithm for PCG depends on a specific

task and the chosen evaluation methods. In addition, Manuscript 3 proposes that

integrating alternative metaheuristic algorithms into PCG can enrich the field and

inspire game developers to employ a wide range of techniques. Incorporating diverse

meta-heuristic approaches enables game developers to enhance content generation

and to create immersive, dynamic, and captivating game experiences. However,

this manuscript assesses research (RQ4): “ In the context of map generation for

PCG tasks, how are Genetic Algorithms (GA), Artificial Bee Colony (ABC), and

Particle Swarm Optimization (PSO) compared in terms of solution quality and

convergence speed?''.
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7.1 Introduction

Games are often considered a suitable test environment for artificial intelli-

gence techniques, and game developers focus on finding approaches that

can automatically create computer game content to minimize the load on de-

velopers [5]. The procedural content generated (PCG) can be used to build

all types of game content, including levels, environments, and components.

As such, it can be considered a tool that aids the designer in creating this

content by offering speed advantages in comparison to manually designing

the content and potentially through the discovery of novel content. PCG can

create a realistic and aesthetically pleasing user experience [58] and has been

effectively employed in a wide range of commercial games. Such games have

their content algorithmically developed either during the design process or in

some cases during runtime, rather than being designed by humans. In the

literature, a wide range of approaches has been employed [79] [5] and there

is a growing interest in search-based approaches [96] [35]. Many researchers

have employed evolutionary approaches such as Genetic Algorithms (GAs)

in search-based PCG (SBPCG) because of their effectiveness in solving com-

plex problems [50]. However, studies in other fields suggest that GAs may

not always be an optimal choice [99] [100] [101].

This study builds upon our previous work [151] to further investigate

this concept. In this study, the performance of GAs was compared with that

of two other metaheuristic algorithms, Artificial Bee Colony (ABC) and Parti-

cle Swarm Optimization (PSO), in a new context: PCG for game map gener-

ation. Our prior research explored the performance of the same algorithms

on a different PCG task [151]. The promising results achieved by PSO and

ABC motivated us to investigate their effectiveness in another crucial aspect

of PCG, map generation. By comparing these three prominent algorithms,
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we aimed to gain valuable insights into their suitability for this specific task.

Ultimately, our goal was to answer the following research question: "In the

context of map generation for PCG tasks, how are Genetic Algorithms (GA),

Artificial Bee Colony (ABC), and Particle SwarmOptimization (PSO) compared

in terms of solution quality and convergence speed?"

The remainder of this paper is organized as follows. Section 7.2 pro-

vides an overview of the literature supporting this study. Section 7.3 explains

the methodological approach that includes the PCG task and implementation

of the selected metaheuristics. The results of a comparison of the perfor-

mances of the different meta-heuristic algorithms in the generation of game

maps are presented in Section 7.4. The results and their implications are dis-

cussed in Section 7.5, and Section 7.6 concludes the study and discusses

future research.

7.2 Background

Procedural content generation (PCG), which employs algorithmic capabilities

to automate the creation of in-game content, has emerged as a critical field

in video game development. The increasing complexities and costs associ-

ated with manual crafting of game elements have contributed to the growing

importance of PCG. This adaptable technique is used across various gen-

res, covering the automatic generation of game components such as levels,

gameplay rules, textures, and in-game items [10], [5].

The origins of procedural content generation (PCG) can be traced back

to the early stages of video gaming. In those early days, the PCG discovered

its footing out of necessity, driven bymemory limitations. Notable early exam-

ples include Beneath Apple Manor from 1978 [56] and Akalabeth, released in

1980 [15]. PCG have found complex applications, with a primary focus on en-
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hancing replayability and adaptability. This imparts games with the capacity

to yield vast pools of content, ensuring that each player's experience differs.

As games develop into complex and modern forms, the challenge lies in gen-

erating content that combines diversity and quality seamlessly. Karavolos

and Liapis’s research paper examined the details of scaling PCG to meet the

demands of modern gaming [152].

A diverse array of methodologies has emerged within the expansive do-

main of PCG, each offering distinctive advantages and use cases. Notable

among these are conventional methods, search-based approaches, and ma-

chine learning techniques [5]. These methodologies collectively underscore

the multifaceted nature of PCG.

Search-based procedural content generation (SBPCG), a subdivision of

PCG methods, sets itself apart by its heavy reliance on search algorithms,

frequently opting for evolutionary or metaheuristic search algorithms to navi-

gate the complicated landscape of game content creation. SBPCG transcends

boundaries and finds applications in diverse gaming contexts encompassing

competitive and casual gaming experiences.

Metaheuristics represent a broad category of algorithms designed to

address complicated optimization challenges. These methods are typically

characterized by their iterative and stochastic nature, and incorporate ran-

domness to navigate complex search spaces. Metaheuristics, such as those

loaded with multiple constraints or subjected to noisy data, are highly effi-

cient in addressing problems where exact solutions are elusive or impossi-

ble. A subset of algorithms inspired by natural phenomena exists in the field

of metaheuristics. For instance, genetic algorithms are inspired by the princi-

ples of natural selection, particle swarm optimization takes prompts from the

collective behavior of bird flocks, and bee colony optimization emulates the

foraging behavior of bees searching for nectar. [153].
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Metaheuristic algorithms have been explored to automate the genera-

tion of game content such as levels, maps, characters, and items. For exam-

ple, the FI2POP genetic algorithm has been used to generate diverse and aes-

thetically pleasing levels for 2D games [35]. In another study, three general-

level generators were presented and empirically compared [154]. In various

other fields, research has demonstrated that alternative algorithms can yield

enhanced performances. However, it is worth noting that some researchers

have pointed out a lack of standardized evaluation methods for algorithms,

underscoring the significance of context-specific comparative studies [109].

The current literature demonstrates a lack of empirical investigation into

the application of alternative metaheuristic methodologies in game content

creation. A comprehensive review of both classical and current techniques

revealed a surplus of algorithms that are potentially applicable to game con-

tent generation. However, it is worth noting that this wide survey did not

initially consider the utilization of metaheuristic approaches in this context

[111]. This suggests that the recent focus on metaheuristic methods does not

explain most evolutionary algorithms. Another thorough examination encom-

passing the realm of SBPCG revealed that simulated annealing and particle

swarm optimization, among others, were used [23]. Furthermore, our inde-

pendent investigation explored diverse algorithms employed in SBPCG, indi-

cating a prevalent reliance on evolutionary algorithms, such as GA. However,

the use of PSO and SA has been limited. This observation underscores the

need for further exploration and research on the integration of metaheuristics

into PCG, particularly those inspired by natural processes [50].
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7.3 Research Approach

The primary objective of this comparative study is to provide valuable in-

sights into the performance of various meta-heuristic algorithms when ap-

plied to procedural content generation (PCG) approaches for game-level de-

sign. Although genetic algorithms (GA) have received significant attention as

an evolutionary strategy in PCG, it is crucial to explore alternative algorithms

that can offer unique advantages in different application domains. This study

places strong emphasis on quantitative evaluation, specifically focusing on

the comparison of algorithmic effectiveness and efficiency, see Figure 7.1.

Figure 7.1: Research Approach

Efficiency refers to the speed at which the algorithms converge to a solu-

tion, whereas effectiveness concerns their ability to identify suitable solutions

based on a predefined fitness function. It is worth noting that a qualitative or

hybrid analysis incorporating playable interfaces and user testing would sig-

nificantly enhance our analysis. However, implementing such a framework

requires extensive preparation, including candidate purchases and the cre-

ation of qualitative/hybrid evaluation methods such as questionnaires and in-
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terview scripts. This is a goal that we desire in future work to further develop

the analysis of our methodology.

The research approach section is organized into four subsections, pro-

viding a comprehensive overview of our methodology. Section 7.3.1 presents

an overview of the research design, outlining the key aspects of our research

framework, an experimental evaluation, and an analysis of the algorithms. In

Section 7.3.2, we discuss the selected procedural content generation (PCG)

task and explain its specific characteristics and requirements. Section 7.3.3

introduces the developed fitness function and provides details about its for-

mulation and role in evaluating the performance of the algorithms. Finally,

Section 7.3.4 focuses on the implementation of the three algorithms (GA, PSO,

and ABC), and describes the process of integrating each algorithm into our

experimental setup.

7.3.1 Experimental Evaluation and Analysis of Algorithms

Because of the stochastic nature of the algorithms chosen in this study, the

evaluation involved the creation of gamemaps and the application of relevant

analysis to determine the significant differences that could occur between the

algorithms. The study was effectively experimental, with all variables held

constant except for the different algorithms that allowed the identifiable dif-

ferences to be attributed to the change in algorithm.

According to the findings in Section 7.4, the focus of the study was not

on the processing time and memory cost associated with applying the algo-

rithms, nor did it require a significant amount of time or resources. The ma-

chine's specifications included an Intel(R) Core (TM) i59400F CPU running at

2.90 GHz, a speed of 2904 MHz, and a memory capacity of 16302 MB RAM.

Information regarding the GPU is unnecessary because the procedure is per-

formed on the CPU.
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To ensure consistency in the comparison, each algorithm utilised the

same population size of 600 individual solutions, and each was run for a fixed

number of iterations, which were 200. However, the algorithms are inher-

ently stochastic; therefore, to even out the performance of each algorithm,

the study considered the average performance of each algorithm over ten

runs. This study primarily emphasizes the quantitative approach, as depicted

in Figure 7.2, and follows the steps outlined in the reference [155].

Figure 7.2: Our Quantitative Method

1. Defining variables: We identified and clearly defined the variables of the

algorithms that we wanted to measure or assess the efficiency and ef-

fectiveness of the algorithm. These variables must be numerically mea-

sured. Effectiveness is the highest scale and efficiency, which means

that is the highest in iteration.

2. Data collection: Data were collected experimentally by running the al-

gorithms in CSharp and Microsoft Visual Studio, and the collected data

were in numerical form. The output was saved in an Excel spreadsheet.

3. Data analysis: After collecting the data, we employed statistical tech-

niques. This analysis used descriptive statistics (e.g., average fitness,
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best fitness values, worst fitness values, negative range, positive range,

and standard deviations) to summarize the data.

4. Interpreting results: The analysed data were interpreted to draw conclu-

sions and make generalizations regarding the algorithms under study.

Statistical significance tests were performed to determine the signifi-

cance of the observed findings.

7.3.2 Procedural Content Generation Task

This study focuses on evaluating the performance of the algorithms by creat-

ing a 2D game-map layout. Although many strategy games offer hand-drawn

maps for both single-player campaigns andmultiplayermodes, there are com-

pelling reasons for exploring automated map generation. One of the most

apparent benefits is that generating a new map each time a game is played

enhances its lifespan by providing players with fresh areas to explore and

unique challenges to overcome. Moreover, this approach reverses the ad-

vantages gained by players in multiplayer games through map memorization

[156].

Therefore, our proposed method involves generating a 2-dimensional

NxM grid comprising 13 distinct tiles or components. Each of these tiles or

components may have open doors on its sides. These doors provide players

with the means to navigate through the map, and they play a crucial role in

finding the way to the ending point, as shown in Figure 7.3.
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Figure 7.3: Different parts that make the map

As shown in Figure 7.4, we incorporated various tile types to illustrate

the functions of the open and closed doors. This dynamic map generation

not only introduces diversity and unpredictability to gameplay but also chal-

lenges players in adapting to different layouts andmaking strategic decisions

based on the arrangement of open and closed doors.
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Figure 7.4: Closed door and opened door in the map

7.3.3 Evaluation Function

Our algorithms employ a fitness function that takes an individual, symbol-

izing a map in this context, as input and generates a numerical value that
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reflects the evaluation of that map. In our approach, we assess the quality of

a map by considering the challenges it offers in navigating from Point A to

Point B. This notion parallels the exploration in a relevant research paper [41]

where researchers aimed to accomplish specific objectives. Although our

game presents multiple potential routes to the destination, it also ensures

that at least one viable path is available.

Furthermore, our game design encourages players to uncover short-

cuts and alternative routes to the endpoint, introducing an element of strate-

gic decision making, as illustrated in Figure 7.5 (initial map). Notably, the

map featured in Figure 7.5 serves as the initial state of the game and may not

be playable immediately. Nevertheless, our approach, which incorporates a

fitness function and an algorithm, facilitates the transformation of this initial

map into a playable and challenging environment, guaranteeing the existence

of at least one navigable route from Point A to Point B.

Figure 7.5: The track that the player may take

The concept of a fitness function is widely utilized in the context of op-
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timization and decision-making processes. It serves as a mathematical tool

designed to measure the quality of solutions. In this study, we formulated an

evaluation function designed to appraise the quality and fitness of the map

tracks. It is important to note that our assessment relied on the existence and

condition of the node's doors.

For example, as illustrated in Figure 7.6 and 7.7, each piece within the

generatedmap represents a node, and these nodes are interconnected through

links. Each node maintains two parents (previous nodes) and two children

(next nodes). This transformation from a map to a node-link system is visu-

ally represented in Figure 7.7, where each node corresponds to a square in

the original map and the connections between nodes symbolize the doors.

A detailed explanation of the functionality of these doors is provided in our

previous discussion in Figure 7.4.

Figure 7.6: represent the map using nodes
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Figure 7.7: Example of transformation a map to graph of nodes

To calculate the fitness value of the entiremap, we assessed the connec-

tivity of the nodes and their children using an iterative process, counting open

doors until the end node was reached. The fitness value was determined by

the openness of the doors along each link, with each open door contributing

one unit to the fitness score, reflecting an enhancement in the map's over-

all fitness. Additionally, we integrated the number of doors opened from the

endpoint into the fitness function. This inclusion considers the possibility

that initially closed doors may contribute to the improvement in map fitness,

particularly when there is an open track from the end.

The fitness function emphasizes the number of doors along the shortest

path from start to finish, effectively assessing the route difficulty. A penalty is

applied if the route fails to reach the exit node, and the severity of the penalty

is multiplicative: a factor of 1.0 for successful completion, 0.5 for halfway

progress, and 0.25 for a quarter of the way. To ensure an equitable distribu-

tion and prevent dominance by any tile type of map, an additional function

assessed the overall map quality. This function further refines the map fit-

ness evaluation by incorporating diverse quality factors of 1, 0.7, 0.5, and 0.25
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based on the number of tiles in the map. These factors are multiplied by the

overall fitness function, strategically weighting the importance of each map-

quality aspect. This adaptive approach enables varied fitness assessments,

accommodating diverse scenarios and prioritizing specific map characteris-

tics as required.

This comprehensive approach concludes with the development of the

following algorithm.

Algorithm: Calculate Fitness Value

Input: List of Graph Nodes

Output: Fitness value

1. Initialization: Set the initial values.

2. Calculate Track: Count the number of open doors from the starting Point.

3. Calculate Trace: Count the number of open doors from the ending point.

4. Calculate Penalty Scores (P1 and P2): Evaluate the penalty scores for both

Track and Trace.

5. Calculate Difficulty Score: Assess the difficulty of the route.

6. Calculate Map Quality: Assign a value of 1 if different tiles are fairly distributed.

7. Calculate Fitness Value: Use the formula :-

((Track × P1) + (Trace × P2)) × Difficulty Score × Map Quality.

Return Fitness value

End of Algorithm

7.3.4 Metaheuristics Implementation

The initial stage of the study implemented threemeta-heuristic approaches (GA, ABC,

and PSO) and utilized these algorithms to generate game maps to gain knowledge
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of their relative performance in producing game levels. Here, the performance is de-

termined in two dimensions, namely, the effectiveness of the algorithms in terms of

their ability to converge to a better solution in a fixed number of iterations, and the

consistency of this effectiveness across multiple attempts to generate maps. Figure

7.8 shows some typical maps generated in this study, noting that the track between

points a and b should be open and have many challenges of direction in each would

be desirable in a map that was intended to be playable. However, these challenges

may not directly affect algorithm performance. The focus of this study was to evalu-

ate and compare the performance of different algorithms, likely in terms of efficiency

or effectiveness, rather than specifically addressing the playability of maps. Future

studies could address the playability aspect by developing an improved fitness func-

tion.
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(a) (b)

(c) (d)

Figure 7.8: Different maps generated randomly

7.3.4.1 Genetic Algorithm (GA) Implementation

The GA serves as the main approach employed in this investigation and is included

as a foundational benchmark for assessing other methodologies. It stands out as the
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most widely utilized evolutionary algorithm, drawing inspiration from the fundamen-

tal principles of natural selection and the survival of the fittest. The GA framework

systematically iterates through a pool of potential solutions. Within each genera-

tional cycle, individuals are chosen from the current pool to act as parents, con-

tributing to the offspring generation for the subsequent iteration.

The selection of parent individuals heavily favors those possessing higher fit-

ness levels within the population, aligning with the core tenet of survival of the fittest.

Offspring generation is accomplished by the application of genetic operators, encom-

passing both crossover and mutation mechanisms [122] [123]. Across successive

generations, the population undergoes an evolutionary process, progressively con-

verging towards an optimal solution. GAs have been extensively applied across a

broad spectrum of domains including operations research, engineering, and scien-

tific endeavors [125] [146] [123] [157] [64].

Notably, GAs have garnered considerable recognition within the realm of com-

puter games, particularly as a cornerstone of SBPCG. Their utilization spans a mul-

titude of facets within the gaming landscape, encompassing the generation of game

contexts for massively multiplayer online games [131], the creation of levels for plat-

form games [76], the design of content for tower defense games [132], quest gener-

ation [87], and the crafting of intricate game levels in the domain of dungeon crawler

games [80], among various other applications. Our study primarily employs GAs as

the chosen meta-heuristic method, following these procedures once the initial pop-

ulation is generated.

1. Selection of the Parents

The first step involves selecting a set of twomaps from the population (referred

to as parents). We used three different strategies: a biased roulette wheel,

tournament, and a combination of both. The biased roulette wheel selection

strategy is a variation of the roulette wheel selection technique. In this strat-

egy, the wheel is rotated around a fixed point on the perimeter. The region of

the wheel that reaches the fixed point first is chosen as the parent. The same



161

CHAPTER 7. EXPLORING METAHEURISTIC ALGORITHMS FOR
ENHANCED GAME MAP GENERATION IN PROCEDURAL CONTENT

GENERATION

process is then repeated to select the second parent. This approach ensures

that individuals with a larger wheel portion have a higher probability of being

selected as parents. Physically, this means that individuals occupying a larger

section of the wheel are more likely to align with a fixed point as the wheel ro-

tates. Consequently, the likelihood of a specific individual being selected is

directly proportional to the size of the corresponding pie on the wheel. In other

words, individuals with higher fitness or probability values are more likely to

be selected as parents in this selection strategy.

In the implementation, the following steps are applied:

(a) Calculated the Total Fitness

(b) Calculated the proportion of each individual Pi according to the following

equation 7.1:

Pi =
fi

∑n
j=1 fi

(7.1)

Where N is the number of maps in our population and fi is the fitness

value of each map

(c) Calculate the cumulative proportion CPj of each map according to the fol-

lowing equation 7.2:

CPj =CPj−1 +Pj (7.2)

(d) Generate a random number R between 0.0 and 1.0

(e) Starting from the top of the population, the individual for which CPj goes

above R is the selected map (parent).

(f) The same process must be done in selecting the other parent.

The second selection strategy used in our approach, GA, was the tournament

method. Tournament selection is a widely used method to identify the most

suitable individuals from the current generation. In this process, we created a

group consisting of K individuals and conducted a tournament using the K-way

tournament selection approach. In our attempt, K was set to two, and the mem-
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bers of this group were randomly selected. Among the selected individuals, we

selected the fittest candidate and promoted it to the next generation.

This tournament selection process was repeated multiple times, allowing us

to gradually identify the most optimal candidates for the succeeding genera-

tion. Despite the previous selection methods, we incorporated a hybrid strat-

egy that combined biased roulette-wheel selection and tournament selection

as our third approach. During each iteration, we generated random numbers

between 0 and 100 to determine the selection method. If the generated num-

ber is less than 50, we utilize the biased roulette-wheel method; otherwise, we

use the tournament method. This dynamic approach enables adaptability and

flexibility in selecting the most suitable strategy for each iteration.

2. The evaluation process

The second step is the evaluation, which is based on the weights assigned to

each map. The map with the highest weight was more likely to be considered

for further processing and potential improvement.

3. The Reproduction step

Moving on to the third step, we have the reproduction process, in which the

maps of individuals are passed on to the next generation. This process in-

cludes a crucial phase known as the crossover point. The crossover point is

selected at half the number of genes and determines how the segments (genes)

of the selected parent maps are swapped to generate offspring. This step facil-

itated the exploration of different genetic combinations, as shown in Fig. 7.9.
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Figure 7.9: Generating Offspring

4. Mutation Process

Mutation serves as the final step in theGA algorithm. In this crucial stage, spec-

ified genes ( referred to as parts of the map ) within the newly formed offspring

transform. These genes were selected at random for modification, enabling the

exploration of new values and potential enhancements to the genetic diversity

of the population. The assigned mutation rate of 0.05 indicates the proportion

of genes that are subject to transformation. By iteratively performing these

steps, the GA aims to optimize and evolve the population, leading to improved

solutions over time. These steps provided an overview of the GA process used

in our research methodology. The actual implementation on the CSharp plat-
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form involves additional details and specific parameters based on the research

objectives and problem domain, as shown in Figure7.10.

Figure 7.10: Steps of GA approach

7.3.4.2 Artificial Bee Colony (ABC) Implementation

The ABC algorithm represents the second metaheuristic approach explored in this

study, drawing inspiration from animal behavior and aligning itself with the realm of

swarm intelligence (SI). SI encompasses techniques that rely on a collective of work-

ers, particles, or agents collaborating to seek an optimal or near-optimal solution to

a given problem. In the context of the ABC algorithm, this collective behavior mimics

the actions of simulated honeybees as they forage for food sources [37]. The core

principles underlying swarm intelligence are self-organization and division of labor,

both of which suffice to engender swarm-intelligent behavior [133] [147]. These prin-

ciples resonate strongly within natural honeybee colonies, and are complemented

by the incorporation of satisfaction principles.

Although the popularity of the ABC algorithm may not rival that of Genetic Al-

gorithms (GAs), it remains a widely adopted technique that has proven effective in

tackling diverse optimization problems. For instance, it has been instrumental in en-

hancing the speed and precision of gray image segmentation [158], particularly in

refining the search process for neighboring edge points to obtain the final edge de-

tection outcome. Furthermore, ABC has found utility in addressing antenna array

design challenges, demonstrating its advantages through comparative evaluations
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with the four other algorithms. The presentation and analysis of the results affirms its

suitability for addressing antenna design complexities [68]. In practical engineering

optimization, ABC has been harnessed as an efficient means of addressing interval

optimization problems by introducing an innovative approach that leverages ABC

to bolster interval credibility [134]. However, the ABC algorithm is the second ap-

proach that we used to generate an optimized map through a three-phase approach

as follows:

1. Initial Population:

In the first phase, 600 random maps are generated. Each map, denoted by Xi,

represents the position of the food source. These maps served as the initial

solutions for the optimization process.

2. Employee Bee Phase:

During the second phase, the employee bees actively engage in updating the

maps. They evaluated the quality (fitness) of their assigned solutions, and ex-

plored the search space within the population. By employing local search op-

erators, such as mutations, the bees update their solutions. In this case, the

mutation rate of 0.05 is set, indicating the proportion of the map that is sub-

mitted to mutation during each update. This phase contributes to the ability of

bees to adapt and refine their solutions within an evolving landscape.

3. Onlooker Bee Phase:

In this stage, onlooker bees observe the solutions of employed bees and their

corresponding fitness values. Onlooker bees select the best food sources

(maps) based on the higher likelihood of these sources being in the best po-

sitions. They evaluated the maps and selected those with superior fitness val-

ues. This phase emphasizes the exploration of promising areas within the

search space. To accomplish this, onlooker bees considered the probability

P(χi) of the best direction, as defined in Equation 7.3. By leveraging this prob-

ability, they aim to discover new solutions (maps) that offer potential improve-

ments. The primary objective of this phase is to enhance the quality of the
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maps through iterative exploration of superior solutions.

P(i) =
fi

Max f
(7.3)

where fi is the fitness value andMax f is the maximum fitness in the population.

4. Scout Bee Phase:

In the ABC method, the scout bee phase acts as the final stage. When an em-

ployed bee exhausts its search for a particular solution without improvement,

it transforms into a scout bee. Scout bees ignore their current solutions and

embark on generating new solutions at random, thereby opening new possibil-

ities for exploration. This process of exploring unknown locations enables the

algorithm to expand its search limit and uncover potentially superior solutions.

By embracing novelty and exploring unexplored areas, scout bees contribute

to a continuous search to optimize the solution space.

By iterating through these three phases, the ABC algorithm strives to find an opti-

mized map that represents the best solution to the problem at hand. It combines

exploration and exploitation strategies to efficiently search for the solution space

and improve the quality of the generated maps. Figure 7.11 illustrates this process.

Figure 7.11: Steps of ABC process
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7.3.4.3 Particle Swarm Optimization (PSO) Implementation

PSO, such as the ABC algorithm, belongs to the swarm intelligence category. PSO

mimics the social behavior of flocking birds and schooling fish. The search for the

optima is performed by updating the fitness value and position of the particles in each

cycle. The position is usually updated by imparting velocity to it. Velocity is a vector

of the sum of the partial current position, previously best position, and global best

position accomplished by any particle in the search space. This iterative process

continues until the best global position is reached [159].

PSO has been applied to a wide range of problems including robot path plan-

ning [137], ship design [138], and a limited number of applications related to video

games [86]. There are a limited number of applications of PSO as an algorithm for

PCG tasks. For instance, the use of PSO to create content for an endless platformer

game has successfully demonstrated its appropriateness and underlined its clear

advantages over GAs in terms of both effectiveness and efficiency. [87].

PSO was the last method discussed in this study. In contrast to GA, PSO does

not have any modification operators, such as Crossover or Mutation. Instead, PSO

considers particles as prospective solutions that move through the problem space

by following the best position of the current best particles. PSO has been shown

to require fewer computations to solve a problem than GAs [148] and is considered

to be more efficient in terms of both memory and speed [149]. PSO inspired the

development of an optimizationmethod to solve complicatedmathematical problems

based on the behavior of a flock. It is difficult for a swarm of birds to collectively

determine a landing site when flying over a given area. This depends on various

factors, including optimizing the food supply while minimizing the risk of predators.

In this sense, the birds' movement may be regarded as choreography; the birds fly

in lockstep for a period until they indicate the ideal landing place and the entire flock

lands simultaneously [149]. The classical version of PSO is based on determining a

variable represented by vector X, as shown in Equation 7.4:

X = [x1,x2,x3.xn] (7.4)

Here, vector X represents the initial population of the maps, which is 600. This
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implies that n= 600. Depending on the suggested evaluation method of function f(X),

X should be maximized. X is a position vector, and n is the dimension of the vector

as well as the number of variables that the problem may describe. f(X) is also known

as the fitness function and can be used to determine how good or bad a location of X

is, based on numerous survival criteria[160]. In a swarm of P particles, there exists a

position vector, as shown in Equation 7.5, and a population velocity vector, as shown

in Equation 7.6, where T represents the number of iterations.

X t
i = (xi1xi2xi3..xin)

T (7.5)

V t
i = (vi1vi2vi3..vin)

T (7.6)

These vectors are updated through dimension j according to Equations 7.7 and 7.8,

where i=1,2,3..., P and j= 1,2,3...n. ω represents the weight factor.

V t+1
i j = (V )t

i j + c1rt
1(pbesti j −X t

i j)+ c2rt
2(gbest j −X t

i j) (7.7)

X t+1
i j = X t

i j +V t+1
i j (7.8)

Implementing PSO to generate the best map requires a project to consider the

specific settings. Therefore, the network topology method was used to update the

map position. It also regularly updates its weight factor ω, which depends on map

convergence to the global position of the swarm. However, the weight factor ω is

adjusted when seeking new maps, if the map does not improve. Acceleration coeffi-

cients C1 and C2 maintain a balance between the exploration and exploitation strate-

gies. C1 determines the percentage of information retained by the map, whereas C2

defines the information obtained from the global position.
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7.4 Experiments Analysis

The experiments conducted in this study were implemented using the CSharp Win-

dows Form applications (Visual Studio 2022). The experiments were performed on

a computer system equipped with an Intel® Core™ i5-9500 CPU running at 3.00GHz

with 16 GB of RAM. The objective of these experiments was to compare the per-

formance of three different meta-heuristic search algorithms in the context of pro-

cedural content generation, specifically for map generation. The results presented

herein were aimed at evaluating the efficiency and effectiveness of each selected

metaheuristic method. To ensure a fair comparison, the maximum iteration number

was set to 200, and the population size was set to 600 for all methods. However, a

lack of convergence criteria was noted, as in many real-world applications, there may

be benefits in running the algorithms until convergence is achieved.

Furthermore, eachmethod and its respective settings were executed ten times.

This approach allowed for a more robust evaluation, and the average of the outputs

from these ten runs was considered for the study. In addition to the average values,

statistical information, such as the best values, worst values, and standard devia-

tions, was calculated and analyzed. This comprehensive statistical analysis provides

a deeper understanding of the performance and variability of different metaheuristic

algorithms.

The CSharp programming language and specified hardware configuration were

chosen to ensure the reliable and consistent execution of the experiments. The re-

sults obtained from these experiments contribute to a better understanding of the

capabilities and performance characteristics of evaluated meta-heuristic search al-

gorithms in the domain of procedural map generation.

The subsequent subsections (7.4.1, 7.4.2, and 7.4.3) provide detailed insights

into the application of each method, and explain their specific implementation details

and characteristics. Finally, Section 7.4.4will present a comparison of the algorithms,

enabling a comprehensive evaluation and highlighting their relative strengths and

weaknesses.
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7.4.1 Genetic Algorithm Application Results

The application of GA is discussed in Section 7.3.4.1, and the results presented here

relate to the performance of the three different selection approaches that have been

implemented. Figure 7.12 shows the improvement in the fitness function over 200

generations for which the algorithm was run using the hybired selection approach

(mix). Here, the line indicates the average fitness for each generation across ten

runs of the algorithm. The error bars indicate the average variation in the individual

runs.

Figure 7.12: GA-Mix

The algorithm exhibits a diverse convergence pattern that is commonly associ-

ated with evolutionary approaches. Initially, there was a relatively sharp convergence

within the first 15 generations, reaching 4756.3 points. Following this, there was a

gradual and consistent increase from 15 to 70 generations. Beyond this point, the

rate of improvement slows down, ultimately peaking with an average fitness value of

approximately 6705 points. Notably, minor variation was observed, with an average

of approximately 6000 across individual runs, underscoring the stability and consis-

tency of the results. However, the curve demonstrated instability with small fluctua-

tions in values between generations 20 and 200, where there was only a minimal im-

provement within the range of 5000–7000 points. The reasons for this phenomenon

may be attributed to constraints in the fitness function, such as the requirement for
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an available track and a fair distribution of tiles. Figure 7.13 shows visual samples of

the maps generated using this approach.

Figure 7.13: Samples of Map generation using GA-Mix Approach

The results obtained using GA with a biased selection method are presented

in Figure 7.14. Although the initial average fitness level is similar to that depicted

in Figure 7.12, an observable trend indicates marginally faster initial convergence.

The algorithm achieved a fitness value of 4650 points within the first 11 generations.

After that, there is a more significant increase in values until generation 60, followed

by a period of fluctuation with some peaks and valleys. From stage 60 to around

160generation 160, the curve shows a generally increasing trend, althoughwith some

fluctuations. Beyond that, there seems to be a relatively stable phase, with values

oscillating around a certain range. In summary, the curve starts with fast growth,

experiences a more pronounced increase, undergoes fluctuations, and eventually

reaches a relatively stable phase. These fluctuations might indicate periods of vari-

ability or influence from different factors at various points along the curve averaging

approximately 5780.3 points. Upon comparing the variability across runs, it is noted

that the biased selection method demonstrates a slightly reduced degree of variabil-

ity in contrast to the mixed selection method. Specifically, the range is between 230

and 631, whereas the result in Figure 7.12 covers between 117 and 807.
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Figure 7.14: GA-Biased

Continuing the exploration of the GA biased selection approach, Figure 7.15

provides visual representations of maps generated using this particular method.

Figure 7.15: Samples of Map generation using GA-Biased Approach

Figure 7.16 shows the results for using the tournament selection approach.

During the initial 30 generations, there was an obvious and sharp rise in fitness val-

ues, indicating a significant early stage improvement in the solutions. Subsequently,

from generations 30 to 90, the curve experienced periods of fluctuation and alterna-

tion, indicating a dynamic exploration of different solutions. Around generation 60,

a plateau is reached, maintaining a stable fitness level until approximately 90 gener-

ations.

The route shifts with a second phase of notable growth starting around Gen-
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eration 90. Fitness values steadily increase, indicating continuous enhancements in

solutions generated by the GA Tournament. As the curve progresses towards the

end, it stabilizes, and minor fluctuations in the fitness values become apparent. This

stabilization marks a potential convergence to a relatively optimal solution, reflect-

ing a slowdown in the overall fitness improvement. The observed fluctuations in the

middle phases may be attributed to the exploration of diverse solution spaces by the

algorithm.

Figure 7.16: GA-Tournament

Figure 7.17 presents visual representations of maps generated through the GA

Tournament process.

Figure 7.17: Samples of Map generation using GA-Tournament Approach
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7.4.2 Artificial Bee Colony Application Results

Figure 7.18 shows the results of multiple runs of the ABC algorithm, which show a

marked difference from the GA results. The initial speed of convergence is much

slower, and while no attempt has been made to quantify this, if convergence were to

be considered a form of exponential decay, then the lambda value of the curve would

be much lower than that of the GA convergence. The initial average fitness value was

marginally not significantly different from the results for the different GA implementa-

tions, and the convergence was slower, reaching the previously indicated threshold

value of 4000 in just over 150 iterations. However, unlike the GA implementations,

the convergence is asymptotic, and the improvement continues over the entire 200

iterations, leading to a final average fitness value of 4512 points. small fluctuations

between generations 40 and 110. Notably, compared to GA, ABC has a lower perfor-

mance, displaying an important difference in outputs.

Figure 7.18: ABC results

Figure 7.19 displays some map samples related ABC
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Figure 7.19: Samples of Map generation using ABC Approach

7.4.3 Particle Swarm Optimization Application Results

In alignment with our genetic algorithm (GA) implementation, we implemented two

variations of the particle swarm optimization (PSO) algorithms using an approach

similar to that in our previous research [151]. These variations involve different val-

ues of C2 acceleration coefficient in Equation 7.7, which determines the amount of

information extracted from the global position during the search. In both implemen-

tations, C1 was assigned the value of 2. The first implementation used a C2 value of

four, whereas the second implementation used a C2 value of five.

The results of the first implementation are shown in Figure. 7.20. Compared

to the results obtained from both the GA and ABC algorithms, the PSO algorithm

demonstrates a fast initial convergence that reaches the threshold fitness value of

2002 points after 52 iterations. The convergence curve then becomes almost asymp-

totic, indicating a gradual and consistent improvement over the remaining iterations.

The final average fitness achieved in fewer than 200 iterations was approximately

2799.87. Overall, the final fitness quality and variability around the average were less

than the best results obtained using the GA and ABC. However, the samples of maps

produced by using PSO are depicted in the figure 7.21
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Figure 7.20: PSO#1

Figure 7.21: Samples of Map generation using PSO Approach where C2=4

The results of the second implementation of the PSO algorithm, which places

greater emphasis on global position information, are shown in Figure 7.22. These

results exhibit minimal variation in the convergence behaviour, with the threshold

value of 2026 points being reached in just over 56 iterations. There was only a slight

improvement in the final average fitness function value and variability, approximately

2716.93. It is important to mention that these results have no major difference from

the first implementation. In addition, Figure 7.23 illustrates additional sample maps.
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Figure 7.22: PSO#2

Figure 7.23: Samples of Map generation using PSO Approach where C2=5

7.4.4 Comparison Analysis

The results presented in Figures 7.12–7.22 provide a visual representation of the al-

gorithm performance and offer an initial assessment of their relative merits. Table

7.1 complements these findings by providing additional information on the quality of

solutions obtained by each algorithm across multiple runs. Specifically, these data

correspond to the variation observed in each figure at the 200-iteration mark.

Table 7.1 compares the performancemetrics of various optimization algorithms,

namely, GA (Mix), GA (Biased), GA (Tournament), ABC, PSO#1, and PSO#2. The eval-
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uation was based on the worst fitness score, the best fitness score, and the standard

deviation.

GA(Mix) GA(Biased) GA(Tournament) ABC PSO#1 PSO#2
Average 6128 5780 6207.6 4519.4 2799.87 2716.93
Worst 5236 5040 5720 4095 1128.4 1156.9
Best 7998 7110 7626 5110 3835 3780
SD 807.312 631.17 535.23 315.10 1083.09 997.53

Table 7.1: Comparison of different algorithms

In terms of the worst fitness score, GA(Tournament) achieved the highest value

of 5720, surpassing the other algorithms, even in the worst-case scenario. PSO#1

and PSO#2 recorded the lowest fitness scores of 1128.4 and 1156.9, respectively, in-

dicating their ability to avoid highly suboptimal solutions more effectively than GA.

Moving on to the best fitness scores, GA-Mix demonstrates the highest per-

formance with a score of 7998, showcasing its ability to converge towards average

optimal solutions. Other versions of the GAs showed the second-highest scores.

ABC closely follows the second-highest fitness score of 5110 as an another algo-

rithm, whereas PSO#1 and PSO#2 achieved scores of 3835 and 3780, respectively.

These results suggest that GAs and ABC have greater potential for finding su-

perior solutions than the other algorithms. Analyzing the standard deviation, ABC

achieved the lowest value of 315.10, indicating consistent and reliable performance.

Conversely, PSO#1 exhibits the highest standard deviation of 1083.09, implying greater

variability in the fitness scores. The remaining algorithms, includingGAs and PSO#2,

displayed standard deviations ranging from 997.53 to 535.23, indicating moderate

variability in their performance.

In summary, although GA-Tournament obtained the highest worst fitness score

among the algorithms, it also achieved the best fitness score and displayed mod-

erate variability, indicating consistent performance, even in unfavorable scenarios.
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Therefore, GA Tournament stands out as a strong contender for optimization tasks,

where attaining the best possible outcome is paramount. However, factors such as

the computational efficiency and suitability to specific problem domains should also

be considered when selecting the most appropriate algorithm.

In addition, Figure 7.24 provides further insights into the comparison of the re-

sults, highlighting the strengths and weaknesses of each algorithm. The GA imple-

mentations exhibit good convergence and stability, with the tournament selection ap-

proach outperforming the mixed and biased selection methods. The ABC algorithm

initially showed slower convergence but exhibited significant improvement after the

first 86 iterations, maintaining consistent performance with minimal variability. Con-

versely, PSO demonstrates the weakest performance, but it is very fast in terms of

coverage with a few iterations.

Figure 7.24: The comparison of average convergence for all the algorithms

7.5 Discussion, limitations and Future works

This study investigated the performance of various optimization algorithms in the

context of game map generation. Notably, GAs, particularly GA tournaments, have

demonstrated remarkable effectiveness, as measured by metrics such as average

fitness, best fitness score, worst fitness score, and standard deviation. However, a
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critical observation has emerged, as the effectiveness of these algorithms appears

to be highly contingent upon a specific task. This is evidenced by our prior research

[151], where the PSO and ABC algorithms were identified as the top performers for

race track generation. This discrepancy underscores the paramount importance of

understanding how the inherent characteristics of a task influence the performance

of optimization algorithms.

One possible explanation for this difference could be the settings of the pa-

rameters used. Although we kept the settings consistent with our previous research

for reliability, slight variations in these settings could have affected the algorithm’s

performance in map generation. In addition, the metrics we used may not fully cap-

ture the nuances of the tasks. For instance, in map generation, achieving a balanced

map layout may be more important than achieving the best fitness score, owing to

constraints on the number of tiles allowed. Conversely, in race track generation, the

focus may be on creating challenging paths with different shapes. Consequently, the

fitness calculations required for each task could differ.

Differences in evaluation methods and game design between this study and

a previous study [151] may also influence algorithm performance. For example, in-

troducing penalty scores in map generation (to penalize maps with good fitness but

undesirable qualities) may explain why PSO did not perform as well as the scenarios

without penalties. A similar rationale can be applied to ABC. This observation un-

derscores the multifaceted nature of algorithm effectiveness, which is demonstrably

influenced not only by the inherent characteristics of the task but also by the specific

design choices and evaluation metrics employed.

Although all three algorithms (GA, ABC, and PSO) can perform both global and

local search, their primary mechanisms and emphasis on these aspects differ. GAs

influence the population dynamics and genetic operators in exploring the search

space. ABC utilizes a three-tiered foraging strategy involving employed, onlooker,

and scout bees, whereas PSO achieves a balance between exploration and exploita-

tion through a swarm of particles that dynamically adjust their positions. The optimal

choice of algorithm in this context depends heavily on the inherent characteristics of

the problem domain and the desired balance between exploration and exploitation.

Map generation requires a strong emphasis on local search to refine solutions within
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the promising regions of the search space. This suggests that adjusting the parame-

ters of ABC and PSO to prefer a local search may lead to an improved performance in

map generation. For ABC, this might involve prioritizing the exploitation capabilities

of employed bees while potentially reducing the exploration efforts of scout bees.

PSOmight involve limiting the influence of the global best position on particle move-

ment, thereby encouraging exploitation within promising local areas. Furthermore,

fine-tuning the parameters of all three algorithms to emphasize the local search has

the potential to further enhance the optimization performance in the context of map

generation.

Our future work could involve further analysis and fine-tuning of algorithm pa-

rameters. While we utilized default parameter settings, altering parameters such as

population size, mutation rate, crossover probability, swarm size, and inertia weight

in PSO may yield different results. Fine-tuning these parameters based on specific

problem characteristics can potentially enhance the performance of the algorithms

and lead to better solutions.

Further investigation is required to gain a more comprehensive understanding

of the observed performance variations and identify the most suitable optimization

algorithm for specific PCG tasks. Future work could encompass several key areas.

First, qualitative analysis of the generated maps and race tracks is crucial for iden-

tifying potential differences beyond those captured by the current fitness metrics.

Second, incorporating additional task-specific metrics that more accurately reflect

the desired qualities of the generated maps would provide a valuable assessment

of algorithm effectiveness. By systematically addressing these avenues for future

work, we can refine our understanding of how task characteristics influence algo-

rithm behavior, and ultimately make informed decisions when selecting optimization

algorithms for diverse PCG applications.

Further investigation is required to gain a more comprehensive understanding

of the observed performance variations and identify the most suitable optimization

algorithm for specific PCG tasks. Future work could encompass several key areas.

First, qualitative analysis of the generated maps and race tracks is crucial for iden-

tifying potential differences beyond those captured by the current fitness metrics.

Second, incorporating additional task-specific metrics that more accurately reflect
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the desired qualities of the generated maps would provide a valuable assessment

of algorithm effectiveness. By systematically addressing these avenues for future

work, we can refine our understanding of how task characteristics influence algo-

rithm behavior, and ultimately make informed decisions when selecting optimization

algorithms for diverse PCG applications.

Finally, conducting comparative studies with state of the art optimization algo-

rithms or incorporating advanced metaheuristic techniques could provide a deeper

understanding of the relative strengths and weaknesses of the algorithms examined

in this study. This comparative analysis has the potential to identify the most promis-

ing algorithms for specific problem domains and offers valuable insights to guide

algorithm selection in real world optimization scenarios.

7.6 Conclusion

This study investigated the performance of various metaheuristic algorithms for Pro-

cedural Content Generation (PCG), specifically focusing on game map creation. It

aimed to challenge the universal reliance on Genetic Algorithms (GAs) by exploring

alternative optimization approaches for generating game levels based on our previ-

ous research. Through a series of experiments, this study compared the effective-

ness and efficiency of GAs, Particle Swarm Optimization (PSO), and Artificial Bee

Colony (ABC) algorithms in generating game maps. Metrics, such as convergence

speed and content quality, were used to evaluate the generated maps.

The results indicate that the GA Tournament achieved superior performance

compared to ABC and PSO for this specific PCG task. It demonstrated faster conver-

gence and produced higher quality maps based on the defined metrics. These find-

ings support the notion that the optimal metaheuristic algorithm for PCG depends on

both the task itself and chosen evaluation methods.

This study contributes to the field of PCG by demonstrating the potential of al-

ternative metaheuristic approaches. Game developers gain access to a wider range

of techniques by integrating diverse algorithms into the content-generation process.
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This potentially leads to richer PCG experiences, and fosters the creation of innova-

tive and engaging game content.

In conclusion, this study provides initial insights into the performance of var-

ious optimization algorithms for PCG. Future research should focus on fine-tuning

the algorithm parameters for improved performance, exploring alternative operators

and selection methods within the algorithms, testing algorithms on a broader vari-

ety of PCG problems, enhancing the computational efficiency of the algorithms, and

conducting comparative studies with more advanced optimization techniques.

Addressing these areas will contribute to the ongoing development and refine-

ment of optimization algorithms for solving complex real-world problems, including

those encountered in game content generation.



Chapter 8

Discussion
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8.1 Overview

This thesis investigated the potential of metaheuristic optimization methods for gen-

erating captivating and diverse game content within the realm of procedural content

generation (PCG). Guided by an extensive literature review and comprehensive re-

search methodology, this study explored these possibilities through the lens of the

following research questions:

• RQ1: What are the most common and effective meta-heuristic algorithms used

for procedural content generation (PCG) in games and how have these algo-

rithms been applied across various domains within PCG?

• RQ2: What are the main challenges and limitations of using meta-heuristic al-

gorithms for PCG and how can these be addressed in future research?

New research questions (RQ3, RQ4, RQ5, and RQ6) were formulated based on our

finding exciting directions for additional studies, see Figure 8.1.

• RQ3: How do Genetic Algorithms (GA), Artificial Bee Colony (ABC), and Par-

ticle Swarm Optimization (PSO) compare in terms of solution quality and con-

vergence speed when applied to the task of race track generation in PCG?

• RQ4: In the context of map generation for PCG tasks, how are Genetic Al-

gorithms (GA), Artificial Bee Colony (ABC), and Particle Swarm Optimization

(PSO) compared in terms of solution quality and convergence speed?

• RQ5: How stable are the solution quality and convergence speed of Genetic

Algorithms (GA), Artificial Bee Colony (ABC), and Particle Swarm Optimization

(PSO) when applied to race track and map applications?

• RQ6: How applicable are the findings of this comparative study to a broader

range of PCG tasks beyond those specifically examined, such as race track and

map generation?
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Figure 8.1: Developing Research Questions

These additional questions directly investigate the particular functions and efficacy

of three well-known metaheuristic algorithms in the context of PCG: particle swarm

optimization (PSO), artificial bee colony (ABC), and genetic algorithms (GAs).

The Genetic Algorithm (GA) is a widely used tool in PCG, as shown by the

responses to research question RQ1. We examined possible alternatives and a prac-

tical understanding of these algorithms by comparing the performance of GA with

that of particle swarm optimization (PSO) and Artificial Bee Colony (ABC) optimiza-

tion techniques. The rationale behind choosing ABC and PSO is their distinctive yet

significant presence in swarm intelligence space [161], [162], [163], [164].

To conduct this comparative analysis, we focused on two representative tasks:

race track generation and map generation. By subjecting these distinct scenarios to

the optimization capabilities of each algorithm, our objective was to reveal valuable

insights that address overarching research questions. Detailed responses to these

inquiries are presented in subsequent sections of this chapter.
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This study used a quantitative methodology to thoroughly assess and contrast

the efficacy and efficiency of the selected algorithms in creating game levels. The

convergence speed and solution quality were the two main criteria that were the fo-

cus of the investigation. Multiple repetitions of the experiments observing these indi-

cators were performed to ensure reliable outcome. We separated the algorithms into

important factors by implementing a strictly regulated experimental design. Wemain-

tained methodological integrity and ensured that any performance disparity could be

reliably attributed to the fundamental characteristics of each algorithm by excluding

other effects.

Although our quantitative analysis using metrics, such as convergence speed

and solution quality, established the effectiveness of the algorithms, we recognize

the limitations of relying solely on numerical data. Capturing the subjective nuances

of player experience, such as ``gaming quality'', is complex and multifaceted, en-

compassing aspects beyond quantification. Nonetheless, understanding the play-

ers’ experiences is crucial. To bridge this gap, we employed bespoke fitness func-

tions that indirectly capture the key aspects of level playability by evaluating factors,

such as structural coherence, diversity of elements, and overall challenge progres-

sion. These functions aimed to provide an indirect indicator of player engagement,

and modifications were applied uniformly across all the algorithms for a fair compar-

ison.

Expanding on this quantitative foundation, we additionally examined how well

the algorithms perform in comparison to the two PCG tasks. The objective of this

comparative analysis was to identify the possible patterns, advantages, and disad-

vantages unique to each algorithm in the context of solving various PCG issues. As

we will explore in more detail later in this chapter, by studying the data from both

tasks, we can obtain a more thorough knowledge of how each algorithm generalises

its capabilities and adjusts to different PCG requirements.

This chapter builds upon the foundations established in Chapters 3, 5, and 7.

Chapter 3 utilized a systematic literature review to provide a comprehensive overview
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of the current research landscape in Procedural Content Generation (PCG) with a

focus on the use of metaheuristics. Chapters 5 and 7 offer additional context and

insights, enriching our understanding that this review analyzes the applicability of

these findings to the broader field of PCG, providing insights into the prevalence and

scope of metaheuristic studies within the literature. Drawing upon these combined

analyses, this chapter discusses the use of metaheuristics in the Procedural Content

Generation (PCG) field and identifies key trends and challenges in the application of

various methodologies for PCG research.

8.2 Prominence of Genetic Algorithms in Procedural Content

Generation

Our research, discussed in Chapter 3 [50], shows that metaheuristic algorithms are

widely used in procedural content generation (PCG), thereby answering our main re-

search question (RQ1). Among these algorithms, Genetic Algorithms (GAs) are used

muchmore often than others, such as Artificial Bee Colony (ABC) and Particle Swarm

Optimization (PSO). Approximately 52% of the studies used GAs for creating content,

showing how important they are in PCG.

The utilization of search-based and evolutionary algorithms, which share sim-

ilarities with genetic algorithms (GA), underscores the considerable emphasis in re-

search on evolutionary approaches across various domains. This percentage was

93%.

Chapter 3 [50] highlights the natural affinity between early PCG research and

GA/EA algorithms because of their similarity in how designers create game levels.

This shared approach to exploration and innovation likely drew researchers toward

these algorithms. As GAs and EAs have demonstrated success in level generation,

their application has broadened to tackle a wider range of content creation within

PCG.
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Several factors solidify the widespread adoption of GAs among PCG. Their

inherent ability to explore diverse solution spaces, handle complex problems, and

adapt to various problem representations makes them well-suited for generating dif-

ferent types of game content. This aligns with previous studies that highlighted the

effectiveness of GAs in tasks such as level design and item creation [9], [35],[165]

and [77]. Although GAs have undeniable strengths, it is crucial to acknowledge the

potential limitations of relying solely on this approach.

Our comprehensive analysis of the 97 research papers presented in Chapter

3 [50] and addressing RQ1 and RQ2 revealed promising opportunities and notable

challenges associated with utilizing metaheuristics in procedural content generation

(PCG). Although the established algorithms demonstrate effectiveness, there is sig-

nificant potential for exploring alternative approaches, tailoring them to specific con-

tent types, and developing entirely new methods.

The study emphasizes the importance of fitness functions in guiding the algo-

rithm optimization. Remarkably, only 27% of the studies have focused on developing

strong functions. Additionally, only 1% of the studies explored combining multiple

algorithms, and user feedback was absent in 76%. These findings suggest promis-

ing opportunities to enhance content quality and player engagement. Furthermore,

thorough content evaluation requires diverse metrics and the involvement of domain

experts. However, these aspects are currently lacking in 52% of studies.

Finally, the analysis identified a lack of research addressing ethical consider-

ations related to ownership and authenticity of PCG-generated content. This neces-

sitates further investigation and establishment of guidelines to ensure that ethical

implications are adequately addressed.

In our investigation of the use of metaheuristics for Procedural Content Gen-

eration (PCG) in Chapter 3, we align with insights from prior research. For instance,

Cardoso (2023) [166] expressed concerns regarding the lack of conclusive evidence

regarding the effectiveness of various metaheuristic algorithms across diverse ap-
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plication domains. This echoes our findings, emphasizing the necessity of exploring

alternative approaches beyond the established algorithms to fully realise PCG's po-

tential.

Similarly, Hussain (2019) [167] highlighted the limitations of relying solely on

basic performance metrics. They advocated for more in-depth assessments to com-

prehensively understand the strengths and weaknesses of the different algorithms.

This corresponds to our advocacy for the development of robust fitness functions

capable of accurately capturing the desired content properties and effectively guid-

ing optimization.

Moving beyond algorithm design, Zamli (2018) [168] suggested a shift in re-

search focus towards the adaptive hybridization of existing algorithms. This res-

onates with our finding that combining multiple algorithms holds untapped potential

for improving content quality and engagement in PCG. Moreover, Malan (2014) [169]

underscored the importance of robust fitness functions, particularly in their ability

to accurately predict the algorithm performance for unseen problems. Our analysis

echoes this sentiment and highlights the crucial role of well-designed fitness func-

tions in effective content generation.

Furthermore, by emphasising the ethical issues surrounding the ownership

and authenticity of PCG-generated information, our research advances into uncharted

territory. This issue, which is completely missing from the studies, calls for more re-

search and the creation of responsible standards to ensure that ethical implications

are appropriately handled.

Finally, our results not only alignwith previous studies onPCGandmetaheuris-

tics, but also indicate new directions, such as ethical issues that need to be inves-

tigated further. We can fully realise the promise of metaheuristics in influencing the

PCG's future and promoting the production of interesting and varied content experi-

ences by tackling the gaps in our work and expanding on findings from earlier stud-

ies.
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8.3 Overview of The Specific Task Results

In Chapters 5 [151] and 7 [170], we investigated the effectiveness of three popular

metaheuristic algorithms in the domain of procedural content generation (PCG): Ge-

netic Algorithms (GA), Particle Swarm Optimization (PSO), and Artificial Bee Colony

(ABC).

Specifically, Chapter 5 focuses on applying these algorithms to the task of gen-

erating race tracks, while Chapter 7 examines their performance in map layout gener-

ation. The results obtained in both chapters offer valuable insights into the strengths

and weaknesses of each algorithm when applied to different PCG applications.

These chapters directly address RQ3 and RQ4, which are discussed in detail

in the following sections.

8.3.1 The Efficacy of Metaheuristics in Procedural Race Track Generation

Developing dynamically captivating racetracks presents particular challenges in the

context of Procedural Content Generation (PCG). In Chapter 5, the works of particle

swarm optimization (PSO), artificial bee colony (ABC), and genetic algorithms (GA)

are described in detail. They have been utilized to handle the complexity of race track

development. With this analysis, we seek to gain insight into the advantages and dis-

advantages of each algorithm and, ultimately, establish the efficacy of one relative

to the other in this particular PCG application.

Our inquiry is directed by Research Question RQ3 ( How doGenetic Algorithms

(GA), Artificial Bee Colony (ABC), and Particle Swarm Optimization (PSO) compare

in terms of solution quality and convergence speed when applied to the task of race

track generation in PCG? ? To address this crucial inquiry, we meticulously crafted

robust quantitative measures, focusing on key performance indicators, such as con-

vergence speed and solution quality.
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Our effectively planned experimental setup is essential for assessing the var-

ious techniques of each algorithm in a neutral manner. This was accomplished by

carefully regulating every shared variable between several algorithms, including the

population size and iteration count. By ensuring that irrelevant factors were elim-

inated, we were able to identify and comprehend the precise elements in each al-

gorithm that were responsible for the observed variations in performance when it

resulted in creating an engaging racing generation.

Expanding upon the fundamental research conducted in Chapter 5 [151], which

examined the unique performance of every algorithm, we acknowledge that there is

no widely recognised convergence criterion for PCG applications. It is necessary

to continue running the method until convergence is achieved under real-world cir-

cumstances. To counteract this possible source of confusion, every algorithm and

the corresponding parameter settings were carefully run ten times, and the average

result of each run was used in our study.

Additionally, to offer a comprehensive picture of algorithmic performance, a

spectrumof statisticalmeasureswas employed, encompassing the best, mean, worst

values, and standard deviations. This multifaceted approach ensures robust and ac-

curate evaluation of the capabilities of each algorithm.

Table 8.1 and Figure 8.2 present the range of fitness values across the selected

algorithms ordered from lowest to highest. The lowest fitness value indicates an

optimal solution. It is evident from the data that PSO#1 achieves the most favorable

optimal fitness according to this criterion.
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Best SD
PSO#1 106.88 38.92

ABC 113.98 8.73
PSO#2 115.86 23.17

GA(Mix) 121.75 52.35
GA(Tournament) 137.74 25.28

GA(Biased) 304.30 46.13

Table 8.1: Performance of the Algorithms in the task of race track

Figure 8.2: Performance of the Algorithms in Race track

From Table 8.1, PSO#1 emerged as a strong contender, achieving the lowest

best fitness (106.88) with moderate variability (38.92). This particular variant of PSO

indicates its exceptional performance in finding optimal solutions for race track gen-

eration. Its competitive performance was further highlighted by a relatively low stan-

dard deviation of 38.92, suggesting consistent and stable performance across iter-

ations. PSO#1's ability to efficiently explore the solution space and converge to-

wards optimal solutions makes it a promising choice for procedural content genera-

tion tasks.
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Furthermore, ABCachieved a commendable best fitness value of 113.98, demon-

strating its effectiveness in determining near-optimal solutions. The low standard

deviation of 8.73 suggests that ABC maintains a high level of consistency in its per-

formance, with minimal variability across iterations. This stability indicates that ABC

is reliable and robust in its ability to search for optimal solutions, making it a valuable

algorithm for procedural content generation applications.

Although PSO#2 achieved a slightly higher best fitness value of 115.86 com-

pared with PSO#1 and ABC, its performance remains competitive. However, themod-

erate standard deviation of 23.17 suggests some variability in fitness values across

iterations, indicating slightly less stable performance compared to PSO#1 and ABC.

Nonetheless, PSO#2's ability to effectively explore the solution space and converge

towards near-optimal solutions makes it a viable choice for procedural content gen-

eration tasks.

However, the GA with the ``Mix'' selection approach achieved the best fitness

value of 121.75, of GA variations indicating its ability to find relatively good solutions

for the given task. However, the relatively high standard deviation of 52.35 suggests

considerable variability in fitness values across iterations, indicating less stable per-

formance compared to PSO#1, ABC, and PSO#2. Despite this variability, GA (Mix) still

demonstrates the potential for generating diverse and engaging content in procedu-

ral content generation applications.

Move toGA (Tournament), This variant of theGenetic Algorithm achieved a best

fitness value of 137.74, which is higher than those of all other selected algorithms in

this study. Although the standard deviation of 25.28 suggests moderate variability in

fitness values, a higher best fitness value indicates inferior performance compared

with PSO#1, ABC, and PSO#2. The GA (Tournament) may still offer value in certain

contexts but may require further optimization for optimal performance in procedural

content generation tasks.

The last version of GA is GA (Biased) which showed the highest best fitness
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value of 304.30 among all algorithms in this research, the GA with the ``Biased'' se-

lection approach demonstrates the poorest performance in finding optimal solutions.

The moderate standard deviation of 46.13 suggests some variability in fitness val-

ues, indicating a relatively stable but suboptimal performance compared with other

algorithms. While the GA (biased) may have limitations in its current form, further

experimentation and optimization efforts could potentially improve its performance

in procedural content generation tasks.

Analysis of the results revealed valuable insights into the performance of var-

ious metaheuristic algorithms in procedural content generation. PSO#1 and ABC

emerged as top performers, demonstrating superior performance in finding opti-

mal solutions with high stability and consistency. Meanwhile, GAs show poten-

tial, but may require further refinement for optimal performance. Understanding the

strengths and weaknesses of each algorithm is crucial for selecting themost suitable

approach for specific procedural content generation tasks.

(PSO) excels in finding optimal solutions by simulating the behavior of a swarm

of particles moving through a solution space. This algorithm is particularly effective

for procedural content generation (PCG) tasks because of its ability to efficiently ex-

plore the solution space and converge towards optimal solutions.

This finding opposes established research [171] and lacks sufficient justifi-

cation for the prevalent adoption of Genetic Algorithms (GAs) in procedural con-

tent generation (PCG) across various domains, particularly in game-level genera-

tion. Search-based PCG, a specific subset within PCG, is commonly addressed using

generate-and-test methodologies such as genetic algorithms [172]. These studies

collectively validate the utility and efficacy of genetic algorithms for PCG, emphasiz-

ing their capability to produce diverse and complex contents.
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8.3.2 The Efficacy of Metaheuristics in Procedural Map Layout Generation

In addressing Research Question RQ4: ``In the context of map generation for PCG

tasks, how are Genetic Algorithms (GA), Artificial Bee Colony (ABC), and Particle

Swarm Optimization (PSO) compared in terms of solution quality and convergence

speed?'' Chapter 7 [170] presents a thorough analysis to evaluate the effectiveness

of different metaheuristic algorithms in procedural content generation (PCG), specif-

ically focusing on map creation.

This comprehensive investigation encompasses a detailed examination of vari-

ous algorithms, includingGenetic Algorithms (GA)with diverse selection approaches

(mix, biased, tournament), Particle Swarm Optimization (PSO) with two different val-

ues of cognitive parameters (C1), and Artificial Bee Colony (ABC). In this section,

we provide insights into the performance and suitability of these algorithms for PCG

map generation through precise experimentation and evaluation.

Although Chapter 5 [151] demonstrated that PSO performs well in race track

generation, its performance inmap generation exhibits a distinct pattern in the result-

ing map layouts, as shown in Figure 8.3. In contrast, the GA and its variants achieved

better performance, producing high-quality maps. This observation indicates how

the effectiveness of different algorithms can vary significantly across diverse PCG

tasks, highlighting the dynamic nature of algorithm performance. It is important to

remember that higher fitness values generally correspond to higher quality maps.
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Figure 8.3: The performance of different algorithms in generating the map layout

Table 8.2 serves as a fundamental resource for recognizing the efficacy and

stability of the selected algorithms deployed within the domain of the PCG in gener-

ating map layouts. Within this context, the table captures the essential performance

metrics, notably the best-case fitness value and standard deviation (SD), offering crit-

ical insights into the capacity of the algorithms to generate optimal solutions for the

PCG task.

Best SD
GA(Mix) 7998 807.312

GA(Tournament) 7626 535.23
GA(Biased) 7110 631.17

ABC 5110 315.10
PSO#1 3835 1083.09
PSO#2 3780 997.53

Table 8.2: Performance of the Algorithms in Map Task generation

An important finding from Table 8.2 is that the GA(Mix) consistently achieved

the highest fitness value in the best-case scenario, demonstrating its efficiency in

generating solutions close to the optimal outcome. With an impressive best fitness

value of 7998, GA(Mix) has emerged as a compelling candidate for delivering high-

quality PCG solutions. Furthermore, the algorithm's comparatively high standard
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deviation of 807.312 suggests that the GA(Mix)'s performance might be less consis-

tent across repetitions compared to the other algorithms. Further investigation is

needed to determine the impact of this inconsistency on the quality of the generated

maps and their suitability for PCG tasks.

The GA(tournament) and GA(biased) exhibited excellent performance charac-

teristics. They achieved high fitness values of 7626 and 7110, respectively. Addition-

ally, their standard deviations of 535.23 and 631.17 indicate relatively stable perfor-

mance, suggesting consistency in generating results. This stable performance with

good fitness values suggests a potential balance between exploration (finding new

possibilities) and exploitation (focusing on promising areas) within the tournament

(GA) and biased (GA) optimization processes. While neither achieved the highest

absolute fitness value, these algorithms might be well-suited for scenarios where

consistent and reliable map generation is crucial.

In contrast, PSO#1 and PSO#2 exhibited lower performances than the other

algorithms. Their best fitness values were 3835 and 3780, respectively, and their

standard deviations were considerably higher (1083.09 and 997.53). These results

indicate that both PSO variants displayed inconsistencies across ten repetitions. Al-

though PSO has demonstrated effectiveness in other PCG tasks, such as generat-

ing race tracks in Chapter 5, its performance in map generation appears to be less

efficient and reliable compared to the GA variants explored in this study. Further

investigation is required to understand why PSO struggles in this specific context.

Our findings regarding the performance of PSO in map generation appear to

contradict the previous research on Evolutionary Game-based PSO (EGPSO) by Liu

et al. (2008) [173]. EGPSOeffectively addresses premature convergence and achieves

robust convergence by incorporating an evolutionary algorithm into the PSO frame-

work. However, in this study, we utilized a standalone PSO variant for a direct com-

parison with the GA and ABC algorithms.

While ABC's performance resulted in maps of average quality (fitness value of

5110), it exhibited good stability in terms of the standard deviation. The standard

deviation, at its lowest value of 315.10, indicates consistent results when generating
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map layouts. This suggests that ABC may be a reliable choice for applications in

which consistent map generation is important. Furthermore, as highlighted in Chap-

ter 3 of our previous study [50], the application of the ABC algorithm to PCG tasks

remains unexplored. This underscores the novelty of our approach in utilizing ABC

for map generation, and contributes valuable insights to the field.

The performance and features of GA, PSO, and ABC used inmap layout genera-

tion are thoroughly examined in Chapter 7 [170]. This analysis helps researchers and

game developers to choose the most suitable algorithm for their specific needs and

goals in different PCG tasks. These results serve as a foundation for further research.

Combining these algorithms, each with their unique strengths, holds promise for the

future. By carefully modifying variables, such as crossover frequency, mutation rate,

and population size, we can create more effective and adaptable content creation

techniques.

8.4 Comparative Analysis of Algorithms Performance

While Chapter 5 [151] focuses on evaluating the algorithm performance specifically

in race track generation, Chapter 7 [170] expands our understanding of map genera-

tion. These chapters provide valuable insights into the application of the algorithms

studied in our research to different tasks. This section aimed to answer the following

two research questions:

• RQ5: How stable are the solution quality and convergence speed of Genetic

Algorithms (GA), Artificial Bee Colony (ABC), and Particle Swarm Optimization

(PSO) when applied to race track and map applications?

This basic question seeks to determine the extent to which the results of the

comparative analysis are relevant. Our specific goal is to determine the extent

to which the knowledge we have learned from our investigation of the creation

of race tracks and maps can be applied to other procedural content generation

(PCG) tasks. Solving this important question creates innovation opportunities.

Imagine using the optimised algorithms found in our preliminary research to
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craft missions specific to each player's interests, add unique species to immer-

sive environments, or develop dynamic stories. By extending our investigation

beyond our original emphasis, we open the possibility of offering developers a

flexible toolkit that can handle various facets of procedural content production.

• RQ6: How applicable are the findings of this comparative study to a broader

range of PCG tasks beyond those specifically examined, such as race track and

map generation ?

This research question has shifted our attention to its broad applicability to

adaptability. It seeks to understand how well metaheuristic algorithms per-

form when faced with the challenges of diverse procedural content generation

(PCG) tasks. Will algorithms that excel in race track generation demonstrate

the same effectiveness in creating other PCG tasks? Examining their perfor-

mance across various applications is crucial. Exploring these questions lays

the foundation for the development of robust and adaptable algorithms that can

thrive in dynamic and evolving environments.

Our research indicates an intriguing pattern in the diversity of performance, de-

pending on particular situations. Although PSO#1 and ABC performed well in both

race track and map generation tasks, the order of their performance changed. This

highlights the dynamic nature of the algorithm performance across different PCG do-

mains. ABC performed better than PSO in map generation.

In contrast, PSO offers a more complex view. Although it performs compet-

itively on the race track, its ranking is the worst and its map generation standard

deviation suggests possible generalizability issues. This emphasises how the algo-

rithm performance is dynamic andwhymoving them between other PCG applications

requires cautious consideration.

The GA variations provide even more uncertainty. GA(tournament) performs

consistently, suggesting that it may be able to handle a variety of tasks. However,

GA(biased) shows a trade-off: it generates maps with less variability but at the ex-

pense of overall fitness. This emphasises the necessity for further research on their
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potential for optimization and flexibility in a range of situations.

In the following subsections. We compared the performances of these algo-

rithms on two PCG task race tracks and map generation in detail. We also evaluated

their ability to create these tasks and how well they adjusted various evaluation met-

rics. This in-depth examination highlights the strengths and weaknesses of each

algorithm, guiding future research and advancing the PCG strategies.

8.4.1 Genetic Algorithm (GA) Performance

While Genetic Algorithms (GA) exhibited lower performance in race track generation

(as discussed in Chapter 5), they demonstrated good results in map layout gener-

ation (Chapter 7). This highlights the significant differences in the efficiency and

effectiveness of GA depending on the specific PCG task.

Table 8.3 compares the performance of the three variations of GA applied to

the task of generating race tracks. Each variation, GA(mix), GA(tournament), and

GA(biased), was evaluated based on three criteria: worst fitness value, best fitness

value, and standard deviation.

The worst fitness value represents the highest fitness score achieved by the

GA over ten iterations. In the context of this task, higher values are generally unde-

sirable, because they indicate that the algorithm generated tracks further away from

the desired outcome. However, the best fitness value represents the lowest fitness

score achieved, which is desirable because it signifies the generation of a track that

is closer to the desired outcome. Finally, the standard deviation measures the varia-

tion in the fitness values across ten iterations. A lower standard deviation generally

indicates more consistent performance.
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GA(Mix) GA(Tournament) GA(Biased)
Worst Fitness Value 299.47 225.63 443.28
Best Fitness Value 121.75 137.74 304.30
Standard Deviation 52.35 25.28 46.13

Table 8.3: Comparison of GA variation in the Task of race track

Based on the results from Chapter 5, we can see that GA(Mix) achieved the

best fitness value (121.75) among the three variations. However, it also exhibited a

relatively high worst fitness value (299.47) and high standard deviation (52.35). This

suggests that, although it occasionally generates very good tracks, its overall per-

formance is inconsistent.

The GA(Tournament) shows the lowest fitness value (225.63) in the worst fit-

ness scenario compared to both GA(Mix) and GA(Biased). It also achieved the sec-

ond best fitness value (137.74). In addition, it exhibits the lowest standard deviation

(25.28) among the three, indicating the most consistent performance across ten iter-

ations.

Among the three variations, the GA(biased) showed the worst performance in

terms of both the worst fitness (443.28) and best fitness (304.30). This indicates a

tendency to consistently generate tracks that deviate significantly from the optimal

solutions. Although its standard deviation (46.13) was moderate, it was not sufficient

to compensate for the overall lower quality of the tracks.

While GA(Tournament) emerges as the most promising choice based on mini-

mizing both the worst and best fitness scores in ten iterations, further investigation

is necessary. The limited number of iterations and specific problem definition require

additional testing with more iterations and a deeper understanding of the optimiza-

tion goals to draw more robust conclusions.

However, it is clear that the choice of GA variant for race track generation de-

pends on the specific priorities of the task if we are aiming for the absolute best

possible outcomes, even if inconsistent GA(Mix) might be suitable, despite its occa-
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sional poor runs. If consistent performance and reliable track quality are essential,

then the GA(tournament) could be a better choice, even if it might not always reach

the absolute best tracks. To achieve a balance between potential and consistency,

GA(Biased) offers a middle ground, but further analysis is required to determine its

suitability.

For map generation, Table 8.4 presents the performance of the three GA vari-

ants applied to this task. Higher fitness values indicate better results in this context.

Each variant exhibits unique strengths and weaknesses, offering valuable insights

into the trade-off between exploration and exploitation in the context of this optimiza-

tion process.

GA(Mix) GA(Tournament) GA(Biased)
Worst Fitness Value 5236 5720 5040
Best Fitness Value 7998 7626 7110
Standard Deviation 807.312 535.23 631.17

Table 8.4: Comparison of different algorithms in the task of Map layout

GA(Mix) emerges as the leader in terms of absolute best fitness score, reach-

ing an impressive mark of 7998. However, this achievement comes at cost. The

high standard deviation of 807.312 suggests occasional outliers and potentially less

consistent performances across generations. This indicates that while GA(Mix) can

occasionally generate exceptional maps, its overall performance might be less pre-

dictable.

In contrast, the GA(Biased) prioritizes consistency, as evidenced by its signifi-

cantly lower standard deviation of 631.17 This translates to a more consistent perfor-

mance across generations, with fewer instances of significant variation in map qual-

ity. However, the trade-off lies in the lower best fitness score of 7110. This suggests

that GA(biased), while offering consistent performance, might sacrifice the potential

to find remarkable map combinations.

Finally, the GA(Tournament) effectively balanced the two extremes. Its best fit-



204 CHAPTER 8. DISCUSSION

ness score of 7626 remains competitive, demonstrating its ability to generate high-

quality maps. Additionally, its standard deviation of 535.23 sits comfortably between

those of the other two variants, indicating a respectable level of consistency without

sacrificing the potential for exceptional outcomes. This suggests that GA(Tournament)

offers a promising compromise between exploration and exploitation, making it a

strong candidate for generating diverse and consistently high-quality maps.

This comparative analysis highlights the importance of considering both the

best fitness score and the standard deviation when evaluating the performance of

the optimization algorithms. While striving for the highest possible fitness scores is

desirable, achieving consistency and avoiding oddities are also crucial for ensuring

reliable and predictable outcomes in the context of map generation.

A comparison of Tables 8.3 and 8.4 reveals potentially significant similarities in

the GA performance between tasks. This emphasizes the importance of considering

problem-specific characteristics when selecting the algorithms. Understanding the

evaluation criteria is crucial for interpreting results.

The tables highlight how different GA selection methods (Mix, Biased, Tourna-

ment) excel in distinct ways. This emphasizes the crucial role of considering spe-

cific characteristics of the PCG problem when selecting a metaheuristic. Different

algorithms might have strengths and weaknesses suited to various goals (e.g., ex-

ploration vs. exploitation and consistency vs. occasional high peaks).

In terms of exploitation and exploration, the performance differences between

GA variants reveal a delicate balance between exploration and exploitation in meta-

heuristics. GA(Mix) achieves high peak scores, but suffers from inconsistency, sug-

gesting that it can explore diverse possibilities more readily. GA(Biased) prioritizes

exploitation, leading to more consistent results but potentially missing exceptional

solutions. GA(Tournament) strikes a balance, offering a compromise between ex-

ploration and exploitation. This trade-off is relevant across various metaheuristics,

impacting the solution quality and diversity. Table 8.5 lists the key findings for the
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two PCG tasks.

Race Tracks Map Layouts

GA(Tournament) Emerging as the most suitable
option, achieving a balance
between the best and worst
fitness values while display-
ing the most consistent per-
formance (lowest standard de-
viation)

Again proved to be a strong
contender, balancing the best
fitness with a reasonable
standard deviation.

GA(Mix) This demonstrated the poten-
tial to generate exceptional
tracks but lacked consistency.

Showcased potential for
highly rated maps but with
potential inconsistencies.

GA(Biased) Prioritized consistency but
compromised the potential for
achieving exceptionally good
tracks

Exhibited consistent
performance but achieved a
lower best fitness compared
to other variants.

Table 8.5: Key Findings in GA variations for the both applications

Selecting the most suitable metaheuristic algorithm requires a comprehensive

understanding of the objectives of the problem, the available resources, and the in-

herent constraints. Evaluating performance using relevant metrics aligned with the

project's goals is crucial.

Further studies have the potential to illuminate the reasons for the observed

variations in the metaheuristic performance. More flexible and effective algorithms

may be created by examining the principles underlying different Genetic Algorithm

(GA) selection strategies and how they interact with one another in certain Procedu-

ral Content Generation (PCG) tasks. This is consistent with the focus of our research

onmetaheuristic comparisons, which highlights the need for comprehensive assess-

ments beyond performance measurements.

Several factors may have contributed to the observed performance variations

across the tasks. For example, GA(Tournament) [174], [175] prioritizes selection
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based on individual fitness values, potentially leading to effective exploitation of

promising areas within the search space. Although this approach facilitates the swift

identification of favorable solutions, it may encounter limitations in exploring diverse

regions and escaping local optima.

By contrast, GA(Biased) [176], [177] potentially incorporates a predefined bias

in its selection process, favoring solutions exhibiting specific characteristics. While

advantageous if aligned with the desired outcomes, it can impede exploration and

lead to suboptimal solutions when misapplied.

GA(Mix) attempts to strike a balance between exploration and exploitation by

combining tournament selection with a biased source. Tournament selection encour-

ages the identification and propagation of high-fitness individuals, whereas bias can

guide a search for promising regions. However, the effectiveness of this balance de-

pends on the specific characteristics of the biased source and problem context.

Furthermore, the effectiveness of GA(mix) is highly dependent on the quality

and relevance of the incorporated bias. A bias aligned with desired solutions can be

advantageous, whereas irrelevant or misleading biases may result in inferior perfor-

mance compared to GA(tournament).

Regarding parameter settings, even with identical selection mechanisms such

as tournament and biased selection, the specific parameter configurations for each

GA variant can influence their behavior. Factors such as tournament size or selection

pressure in GA(tournament) and the nature and impact of the bias in GA(mix) can

influence the search process and contribute to performance disparities.

8.4.2 Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) stands one of the evaluated algorithms owing to

its unique performance attributes, prompting the need for further exploration. This

section aims to delve into the behavior of PSO across their applications race track

and map generation, drawing upon the insights gained from the available data
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However, particle swarm optimization (PSO) is a powerful evolutionary algo-

rithm inspired by the collective movement of birds or fish, where individual particles

update their positions based on their own experience and the best experiences of

their neighbors [178]. Two key parameters, C1 and C2, significantly influence the

behaviour and performance of the PSO [179] and [180].

• C1 (Cognitive Parameter): This parameter controls the effect of a particle's per-

sonal best position on its velocity update. A higher C1 value emphasizes the

particle's own experience, potentially leading to faster exploration of the search

space, but also increasing the risk of getting stuck in local optima. Conversely,

a lower C1 value prioritizes learning from the global best position, promot-

ing convergence towards the optimal solution, but potentially hindering explo-

ration.

• C2 (Social Parameter): This parameter governs the influence of the neighbor-

hood best position on the particle's velocity update. Similar to C1, a higher C2

value encourages exploration by emphasizing the best solution found within a

local neighborhood. Nevertheless, a low C2 value prioritizes the global best,

potentially leading to premature convergence and missing better solutions in

unexplored regions.

This study highlights the swift convergence capabilities of both PSO implemen-

tations, particularly when the cognitive parameter (C2) was set to four in PSO#1 and

5 in PSO#2. Across both race track generation and map layout tasks, these PSO vari-

ants consistently achieved the target fitness value within only eight iterations. This

significantly outperformed the convergence speeds observed in the Genetic Algo-

rithm (GA) and Artificial Bee Colony (ABC) algorithms employed in this study. Such

rapid generation of initial solutions makes PSO a highly attractive option for PCG

applications, where fast prototyping or iterative design methodologies are crucial.

The optimal values of C1 and C2 can vary depending on the specific problem
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and desired balance between exploration and exploitation. In our study, setting C2

to 4 in PSO#1 and 5 in PSO#2 likely facilitated rapid convergence by promoting ex-

ploration within a local neighborhood while still being influenced by the global best

solution. This combination may have allowed PSO to quickly identify promising re-

gions and converge to optimal solutions within only eight iterations.

While boasting impressive initial convergence, the PSO final fitness results

varied across the two PCG tasks. In the race track scenario, PSO#1 achieves the

best average fitness, whereas PSO#2 exhibits a slightly poor performance, but lacks

a significant difference fromPSO#1, see Table 8.1. In themap layout application, both

PSO#1 and PSO#2 final fitness values fell short of the best GA and ABC results, see

Table 8.2. Although not always reaching the top spot, PSO remained competitive in

terms of the final fitness in both applications, suggesting its potential for generating

high-quality solutions.

Unlike PSO, Genetic Algorithms (GA) rely on crossover andmutation operators

to explore the search space, which can be slower than PSO's direct velocity updates.

Similarly, Artificial Bee Colony (ABC) uses a combination of exploration and exploita-

tion phases, which might not converge as quickly as PSO in certain scenarios.

One caveat associated with PSO performance was its higher variability across

multiple runs compared to the GA (tournament) in both applications. This indicates

that achieving results consistent with PSO may require careful parameter tuning or

additional runs. This variability poses a challenge, as designersmay seek algorithms

with more predictable outcomes, particularly for critical PCG tasks.

Despite the differences in the problem domains (track race versus map layout),

PSO displays remarkably similar convergence patterns and performance character-

istics. This suggests that its behavior may be consistent across various PCG tasks,

potentially making it a versatile tool for different content generation requirements

(see Table 8.6.
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PSO#1 Rank PSO#2 Rank
Race track Application 1 3
Map layout Application 5 6

Table 8.6: PSO Best fitness rank among the investigating algorithms across two
application

This study hints at the influence of the C2 coefficient on PSO performance. Ex-

ploring different C2 values or adjusting other parameters could potentially enhance

PSO's final fitness and address the observed variability in both applications. Further

research efforts focused on parameter tuning could unlock even greater potential

from PSO in the realm of PCG.

In addition, PSO performance is characterized by its stability and consistency

across iterations. The low standard deviation observed in its fitness values indicates

minimal variability in performance, reflecting PSO's reliability and robustness of PSO

in consistently determining near-optimal solutions consistently, see Table 8.7.

PSO#1 Rank PSO#2 Rank
Race track Application 5 3
Map layout Application 6 5

Table 8.7: PSO SD rank among the investigating algorithms across two application

Overall, PSO's ability to efficiently explore the solution space, adapt to varying

task requirements, and maintain stable performance makes it a highly effective algo-

rithm for procedural content generation tasks. Its superior performance in terms of

both optimization quality and stability positions PSO as the top performer among the

algorithms evaluated in this study.

Our study emphasizes the importance of customizing C2 values for PSO in

PCG tasks, where the optimal values depend on the complexity of the problem and

the desired quality of the solution. Adjusting C1 and C2 dynamically throughout the

optimization has the potential to further enhance performance. Additionally, integrat-
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ing PSO with other algorithms can capitalize on their strengths, potentially leading

to better outcomes. Understanding the roles of C1 and C2 enables effective tuning

of PSO across various PCG tasks, promoting rapid convergence and high-quality

content generation.

8.4.3 Artificial Bee Colony (ABC)

An Artificial Bee Colony (ABC) is a nature-inspired metaheuristic algorithm that mim-

ics the foraging behavior of honeybees to solve optimization problems. This involves

three types of bees [181]:

• Employed Bees: Explore the neighborhood of known food sources (solutions)

and exploit their quality.

• Onlooker Bees: Evaluate the quality of food sources presented by employed

bees and potentially join the exploitation process.

• Scout Bees: Randomly explore the search space to discover new food sources

and replace abandoned ones.

However, Chapters 5 and 7 [151] and [170] offer valuable insights into the per-

formance of the Artificial Bee Colony (ABC) algorithm for procedural content gener-

ation (PCG), specifically in track races and map layouts.

Unlike the PSO rapid initial burst, ABC exhibited a slower initial convergence

in both applications. It reaches the threshold fitness value later than the other al-

gorithms, indicating that its exploration phase requires more iterations. However,

this was followed by continuous improvement throughout the remaining iterations,

leading to impressive final fitness results. This ``slow and steady'' approach may

be suitable for scenarios in which thorough exploration and gradual refinement are

desired.

In both track races and map layouts, the ABC scheme achieved the highest

fitness score among all the evaluated algorithms. It consistently found exceptional

solutions, indicating its potential to generate highly optimized and desirable track
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layouts and maps. This makes it a strong contender for applications in which finding

the absolute best outcome is paramount (see Table 8.8.

ABC Rank
Race track Application 2
Map layout Application 4

Table 8.8: Ranking of Best Fitness Achieved by ABC Compared to Other Investi-
gated Algorithms Across Two Applications

While achieving the best fitness, ABC also displayed the worst fitness score,

particularly in the race track scenario. This suggests that the ABC occasionally con-

verges to suboptimal solutions. Additionally, its standard deviation, indicating vari-

ability across runs, was moderate in both applications, falling between those of the

GA and PSO in terms of consistency. This trade-off between potentially achieving the

best possible solution and the risk of inconsistency, along with slower initial conver-

gence, necessitates careful consideration when choosing ABC for PCG tasks.

Despite the moderate variability, the results emphasize ABC's consistent per-

formance across multiple runs. This stability can be valuable for designers seeking

reliable results, particularly when generating critical game content.

Unlike GAs and PSO, ABC employs a unique population-based search inspired

by the foraging behavior of honey bees. This approach offers a different perspective

on problem solving, potentially making it effective in scenarios where other algo-

rithms struggle.

Further research delving deeper into the inner workings of the ABC algorithm,

particularly the influence of the parameters and colony dynamics, could reveal strate-

gies for improving its performance and consistency. Exploring how parameters,

such as the number of employed bees or onlooker bees, affect their search behavior

could be a fruitful avenue for future investigation.
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ABC presents a unique value proposition for PCG tasks. Its ability to consis-

tently find exceptional solutions, especially the highest fitness scores, makes it a

potential game changer. However, the trade-off for this excellence lies in its slow ini-

tial convergence, moderate variability, and possibility of converging to suboptimal

solutions. Understanding its colony dynamics and exploring parameter tuning could

unlock further potential and address these limitations, making ABC an even more

attractive option for diverse PCG applications ( Table 8.9.

ABC Rank
Race track Application 1
Map layout Application 1

Table 8.9: Ranking of CD Achieved by ABC Compared to Other Investigated Al-
gorithms Across Two Applications

ABC is a compelling candidate for PCG tasks owing to its tripartite balance

between exploration and exploitation, adaptive capabilities, and inherent robustness.

Despite limited exploration of its application in PCG by previous scholars [50], our

study endeavors to thoroughly investigate its potential and limitations.

8.5 Task-Specific Considerations

According to Shaker(2016) [1] and Sturtevant (2018) [3], the procedural content gen-

eration (PCG) field is defined by a wide range of approaches and strategies. Themain

focus of these studies was to highlight the diversity of available methodologies; this

is a subject that is also present in our research, highlighting the lack of a single al-

gorithm that is suitable for all PCG problems. This alignment is consistent with the

observed variations in algorithms such as Genetic Algorithms (GAs) performance.

Although GAs are effective in many situations, they have drawbacks, particularly

when it comes to tasks such as race tracks. Hence, other approaches like (ABC) and

(PSO) should be investigated. Accepting this diversity of methods could lead to the

creation of more complex and efficient solutions adapted to the specific needs of

each PCG situation.
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The features of a given task have a significant effect on the effectiveness of the

algorithm. For instance, PSO excels at the exploration stage of building a racecourse,

whereas ABC focuses on precise track design. GA is far more adept at navigating

complicated map layouts than PSO when it comes to map creation. These findings

demonstrate the importance of understanding the particulars of quality standards,

complexity of cases, and other distinctive features.

When selecting an algorithm, tradeoffs are always involved. PSO's rapid ex-

ploration may yield results more quickly; however, the quality of the solutions may

suffer. However, development may progress more slowly as a result of ABC's metic-

ulous methodology of ABC. A thorough understanding of these trade-offs facilitates

an informed decision-making process customized to the specific priorities of the PCG

task.

As such, a ``Task-Specific Considerations'' approach promotes adopting a context-

aware selection framework in place of a ``one-size-fits-all'' approach. The best algo-

rithmic decisions may be made to produce the desired results by carefully examining

the specifics of each PCG, identifying the advantages and disadvantages of the avail-

able algorithms, and assessing the related trade-offs. Beyond the discussed algo-

rithms, further research efforts could reveal newmetaheuristic or hybrid approaches,

thereby expanding the range of possibilities for various PCG tasks.

Moreover, the algorithmic performance is significantly affected by the manner

in which the problem is described and the definition of the evaluation metrics. It is

crucial to ensure that these elements represent the intended goals of the PCG task

precisely.

Finally, utilizing domain knowledge relevant to a particular PCG domain, such

as the genre of games or content type, can provide invaluable insights into the rele-

vant task attributes and possible algorithmic fit.
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8.6 Summary

This study explored various algorithms for PCG, highlighting that selecting the best

approach requires careful consideration of task-specific factors. The optimal choice

depends on the unique characteristics of the PCG task, desired outcomes, and po-

tential trade offs involved. Our findings offer valuable insights into the performance

of context-dependent algorithms when applied to different optimization tasks. While

PSO demonstrated exceptional robustness when applied to generate race tracks, its

initial exploration phase frequently produced high-quality tracks, suggesting poten-

tial room for further optimization. This aligns with the observed performance of the

GA(tournament) in the previous section, where it effectively balances exploration and

exploitation. However, when time constraints were not a critical factor, the thorough

and consistent exploration of Artificial Bee Colony (ABC) proved advantageous in

comprehensively exploring the search space for potential track configurations.

When the task was shifted to generating maps, PSO displayed poor perfor-

mance in handling the complexities of map layouts. However, Artificial Bee Colony

(ABC) has emerged as a moderate choice, achieving faster convergence and gener-

ating high-quality map content. These findings highlight the potential of ABC as an

effective tool for developing complex maps.

These opposing findings raise the question of the assumption that GA domi-

nates PCG universally and motivate us to adopt a context-aware approach to algo-

rithm selection rather than a single one. Each algorithm has its advantages and dis-

advantages. When facedwith time constraints, PSO's quick first investigation proves

to be helpful; however, ABC's cautious approach excels when facedwith strict quality

criteria. Realizing these trade-offs and appropriately adjusting the selection allows

PCG to reach its maximum potential.

This chapter highlights the significance of a careful study of each PCG task

considering the complexity, quality requirements, and desired solution speed. It

recommends a ``Task-Specific Consideration'' approach. Moreover, it promotes re-
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search beyond conventional Genetic Algorithms (GAs) and highlights the distinct

advantages of Artificial Bee Colony (ABC) and Particle Swarm Optimisation (PSO).

Concerning exploration, exploitation, consistency, and solution quality, each algo-

rithm has unique benefits and drawbacks, and wise decisions should be made in

accordance with the project-specific requirements.

Context is essential. Every PCG work requires a unique analysis that uses

domain expertise, such as game genre and content type, to improve algorithmic fit.

Most importantly, particular algorithmic strengths and weaknesses depend on the

properties of the tasks themselves; therefore, future research should be guided by

study limitations within this chapter, such as the specific tasks investigated.

Through the integration of these perspectives, researchers and developers

will be able to make knowledgeable choices about the algorithm that optimally ad-

dresses their distinct PCG requirements, finally producing engaging material that is

customized to their particular goals.
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This thesis embarked on a journey to unveil the efficacy of various metaheuris-

tic algorithms in the realm of Procedural Content Generation (PCG) for video games

by delving into a comparative analysis of Genetic Algorithms (GA), Particle Swarm

Optimization (PSO), andArtificial BeeColony (ABC). Through exhaustive experiments

comparing Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and Artifi-

cial Bee Colony (ABC), this study gauged the effectiveness and efficiency of these

algorithms in producing game maps. The evaluation metrics encompassed the con-

vergence speed and content quality.

Our research comes close to this last chapter, which summarizes the key find-

ings, considers their broader relevance, acknowledges any inherent limitations, and

suggests future research directions.

9.1 Summary of Findings

The primary goal of this study was to address the following research topics.

• RQ1: What are the most common and effective meta-heuristic algorithms used

for procedural content generation (PCG) in games and how have these algo-

rithms been applied across various domains within PCG?

• RQ2: What are the main challenges and limitations of using meta-heuristic al-

gorithms for PCG and how can these be addressed in future research?

• RQ3: How do Genetic Algorithms (GA), Artificial Bee Colony (ABC), and Par-

ticle Swarm Optimization (PSO) compare in terms of solution quality and con-

vergence speed when applied to the task of race track generation in PCG?

• RQ4: In the context of map generation for PCG tasks, how are Genetic Al-

gorithms (GA), Artificial Bee Colony (ABC), and Particle Swarm Optimization

(PSO) compared in terms of solution quality and convergence speed?

• RQ5: How stable are the solution quality and convergence speed of Genetic

Algorithms (GA), Artificial Bee Colony (ABC), and Particle Swarm Optimization

(PSO) when applied to race track and map applications?
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• RQ6: How applicable are the findings of this comparative study to a broader

range of PCG tasks beyond those specifically examined, such as race track and

map generation?

This study aimed to evaluate various metaheuristic search algorithms for their

performance in procedural content generation (PCG) tasks. Despite the widespread

use of Genetic Algorithms (GAs) in PCG, there is increasing acknowledgment in the

literature of the potential advantages offered by alternative algorithms. Our evalu-

ation primarily employed a quantitative approach, comparing the efficacy and effi-

ciency of these algorithms based on their ability to discover high-quality solutions

using fitness functions and the speed of convergence.

Because the selected algorithms are stochastic, our evaluation involved gen-

erating multiple game levels and employing statistical methods to identify the sig-

nificant differences. By keeping all variables constant, except for the algorithm, we

could accurately attribute any observed differences to algorithmic variations. It is

important to note that playability was intentionally omitted from our quantitative eval-

uation because it is already incorporated into the fitness function used to evaluate

each particular game level.

The comparative approach we adopted utilized GA, ABC, and PSO as meta-

heuristic algorithms across two distinct PCG tasks: race track generation and map

generation. By using quantitative analysis for objective performance metrics and

comparing the outcomes of both tasks, we aimed to gain a comprehensive under-

standing of the quality and suitability of the generated content for gaming.

Our research design followed amixed-methods approach, sequentially address-

ing the research questions through a systematic literature review, algorithm imple-

mentation, and evaluation. The systematic literature review laid the foundation for

the subsequent stages, whereas the implementation and evaluation stages provided

insights into the effectiveness of the selected algorithms in generating game content.

By dynamically adjusting the algorithm parameters and combining different
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metaheuristic approaches, we sought to further enhance algorithmperformance. Our

findings contribute to the field by providing insights into the strengths and limitations

of variousmetaheuristic algorithms for PCG tasks, paving the way for future research

in this domain.

To answer RQ1 and RQ2, we used a systematic method, following the guide-

lines set by Kitchenham and Charters (2007) [73], to thoroughly explore the existing

literature in the field. Relevant research papers were identified and analyzed through

careful planning, searching, and reporting. The main focus was on assessing how

meta-heuristic approaches are applied in procedural content generation (PCG), and

tackling the challenges involved in using these algorithms. A wide range of meta-

heuristic algorithms, such as Genetic Algorithms (GA), Particle Swarm Optimization

(PSO), and Simulated Annealing (SA), have been examined in 97 studies. The goals

were to identify gaps, assess fitness and content quality, explore challenges, and

suggest future areas of study.

The analysis of 97 selected studies revealed a strong focus on evolutionary ap-

proaches, particularly GA in PCG. However, this bias towards the GA does not negate

the potential of other metaheuristic algorithms to generate game content. Although

GA demonstrate diverse applications in PCG across different genres, SA has seen

limited usage, and PSO has been discussed and utilized in specific research papers.

Furthermore, existing literature provides limited evidence of alternative metaheuris-

tic approaches, suggesting the need for further exploration to enhance the diversity

and effectiveness of PCG methods beyond GA.

Initially, the study examined how various metaheuristic algorithms were used

in the PCG (RQ1) and their prevalence. Although Genetic Algorithms (GA) have been

widely used, particularly for evolutionary PCG approaches, our study highlights the

potential of other metaheuristic algorithms in content generation tasks. Although

the GA showed versatility across different PCG contents, the utilization of SA was

limited to one study, whereas PSO was discussed in six papers, focusing on content

creation, animation modules, and game balance enhancement. The limited evidence
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from alternative approaches underscores the need for further exploration to diversify

and improve PCG methods beyond GA.

Our study concludes by discussing opportunities, challenges, and future re-

search directions for PCG usingmetaheuristics (RQ2). They stressed the importance

of exploring alternative metaheuristic approaches, enhancing the fitness function

quality, integrating algorithms, promoting diversity, considering user experience,

and establishing robust evaluation metrics. Ethical considerations were also iden-

tified as crucial and required further investigation. The analysis revealed gaps in

addressing these aspects, highlighting the need for future research to advance PCG

and fill existing knowledge gaps. Suggestions for future research include developing

new algorithms, exploring hybrid approaches, and examining the ethical and social

implications of PCG.

By answering these research questions (RQ1) and (RQ2), we offer a compre-

hensive overview of how metaheuristic algorithms are used in procedural content

generation, especially in computer games, in Chapter 3. It serves as a valuable re-

source for researchers and game developers seeking to use optimization techniques

to create high-quality content in video games and other digital media.

Investigating the answers to RQ1 and RQ2 led us to develop RQ3 and RQ4 and

find answers for them. However, to answer RQ3, we evaluated the performance of

various metaheuristic approaches in PCG tasks, specifically focusing on race track

generation, to challenge the predominant use of GAs in Chapter 5. These findings

highlight the performances of the three algorithms. Notably, the study revealed that

the selection strategy significantly affected the GA performance and repeatability.

Comparatively, the PSO algorithm exhibited faster convergence than the GA,

with proper tuning potentially yielding comparable or slightly improved repeatability.

A common approach involves adapting the inertia weight (ω) during optimization to

balance exploration and exploitation, thereby emphasizing the need for experimen-

tation and tuning to determine the optimal value of a given problem. Conversely, the
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ABC algorithm demonstrated high repeatability at the expense of slower initial con-

vergence, yet both PSO and ABC showed promise in finding better-quality solutions

overall.

Moreover, the results suggest that researchers and practitioners in search-

based procedural content generation (SBPCG) may benefit from considering alterna-

tive algorithms rather than solely relying on GAs because of their popularity. How-

ever, it is crucial to recognize that no single algorithm reigns supreme, and the selec-

tion process should involve trade-offs based on the algorithm's characteristics and

the specific problem at hand. For instance, although PSO exhibited rapid initial con-

vergence, its solution quality improvement was not guaranteed, making it suitable

for scenarios with low computational costs and time constraints. Conversely, ABC

may be preferable when time is less of a constraint, aiming for high-quality solutions

with confidence, despite slower convergence.

Although existing comparative studies have provided insights into algorithm

performance across various domains, the current focus remains limited to procedu-

ral content generation for video games. This study underscores the need for further

comparative research to explore the performance characteristics of alternative algo-

rithms in this context and beyond.

Answering this QR3 contributes to expanding our understanding of how differ-

ent metaheuristic algorithms fare in PCG tasks, offering insights that could inform

future studies and aid in the selection of appropriate methods to ensure that game

designs meet both designer and player expectations.

To enhance our understanding of metaheuristics in PCG, we addressed RQ4 by

evaluating the effectiveness of various optimization algorithms in map layout gener-

ation in Chapter 7. Our assessment included the GA (mix), GA (biased), GA (tourna-

ment), ABC, PSO#1, and PSO#2.

The results indicate that traditional GA implementations are superior to ABC
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and PSO in terms of the map generation content quality. However, further research

is required to explore how different algorithms, such as ABC, can be effectively in-

tegrated into the PCG workflow to achieve the best possible results for creating im-

mersive and dynamic gaming experiences.

We found that the algorithm performance varies based on problem complexity

and parameter settings, highlighting the need for further exploration and experimen-

tation to identify the most suitable algorithm for specific tasks. These findings pro-

vide a foundation for future advancements in optimization algorithms.

Future endeavors could involve fine-tuning the algorithm parameters to en-

hance the performance. Experimentation with parameters such as population size,

mutation rate, crossover probability, swarm size, and inertia weight in PSOmay yield

varied outcomes, thereby improving algorithm performance. Additionally, exploring

alternative selection methods or operator variations within genetic algorithms can

yield valuable insights into optimization processes.

Furthermore, conducting experiments on a broader range of benchmark prob-

lems can provide a more comprehensive understanding of algorithm performance

across diverse problem domains. Testing algorithms on various problem sets al-

lows the assessment of their robustness, scalability, and generalizability.

Addressing the limitations observed in this study, future research could focus

on enhancing computational efficiency, exploring ways to reduce time complexity,

and implementing parallelization techniques or hybridizing algorithms with other op-

timization methods. Additionally, comparative studies with state-of-the-art optimiza-

tion algorithms or advanced metaheuristic techniques can offer deeper insights into

their relative strengths and weaknesses.

to answer RQ5 and RQ6, we explored and discussed the outcomes in Chapters

3, 5, and 7. We explored the selected algorithms used in our study, emphasising the

need to select the most suitable one for specific tasks. Our findings show that the
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performance of these algorithms depends on the nature of the task, the desired out-

comes, and potential trade-offs.

Our findings reveal distinct strengths and weaknesses of metaheuristics for

PCG tasks. While GAs excel in map creation, they struggle to craft high-quality race

tracks. Conversely, PSO demonstrates superior convergence speed and efficiently

finds neer-optimal solutions for content-generation tasks. However, PSO may re-

quire further optimization for specific aspects, such as map content generation. This

suggests that integrating PSO,with its efficient solution finding and potentially awell-

optimized ABC for specific content generation, into the PCG workflow holds signif-

icant potential for creating engaging and diverse content experiences within video

games.

Finally, it can be concluded that these findings challenge the notion that GA is

universally the best choice for PCG tasks. Instead, it is crucial to consider each algo-

rithm's strengths and weaknesses and choose accordingly based on specific project

requirements.

Overall, this thesis underscores the importance of tailoring the algorithm se-

lection for the task at hand. By understanding the unique characteristics of each

algorithm and the tasks for which they are best suited, researchers and developers

can make informed decisions to produce engaging content. This study initiates a

discussion on the performance of optimization algorithms, laying the groundwork

for future investigations. Subsequent research should concentrate on fine-tuning

the algorithm parameters, exploring alternative operators and selection methods,

testing algorithms on diverse problem sets, improving computational efficiency, and

conducting comparative analyses with advanced optimization techniques. These en-

deavorswill contribute to the ongoing development and enhancement of optimization

algorithms to address complex real-world problems.
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9.2 Implication and Future Direction

This thesis has significant implications for the advancement of PCG, an essential

function in enhancing content production and developing immersive gaming expe-

riences. Our study makes recommendations for future research by addressing the

highlighted opportunities and challenges. These involve examining the ethical and

social elements of PCG systems, exploring hybrid techniques that integrate various

algorithms, and developing specialised metaheuristic algorithms for PCG tasks. Re-

searchers and game developers can improve PCG techniques and raise the stan-

dards and applicability of generated content in video games and other digital media

by exploring these fields. Implications and future directions are discussed in detail

in the following subsections.

9.2.1 Enhancing Metaheuristic Algorithms

This study revealed a dynamic research environment that encourages additional in-

vestigation into the field of metaheuristic algorithms for Procedural Content Gen-

eration (PCG). Future research is necessary to fully comprehend the potential of

the three algorithms studied: Genetic Algorithms (GA), particle swarm optimization

(PSO), and Artificial Bee Colony (ABC). Each algorithm exhibits strengths and short-

comings during analysis.

Further research avenues present significant opportunities to enhance the per-

formance of each algorithm. GA for instance, could benefit from exploring alternative

selection methods such as elitism selection [182], alongside variations in crossover

and mutation operators such as single-point vs. two-point crossover which could

potentially enhance the effectiveness of optimization.

By contrast, PSO depends on an accurate balance between exploration and ex-

ploitation. Exploring the dynamic adjustments of the inertia weight, which controls

particle-to-particle information transmission, presents promising opportunities. Fur-

thermore, exploring other neighbourhood topologies, including ring or star arrange-
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ments, could assist in guiding information flow more efficiently, resulting in quicker

convergence and possibly improved solutions in intricate PCG environments.

Finally, ABC offers areas in which methods for choosing food sources should

be improved. Evaluating the efficacy of various strategies, such as probabilistic se-

lection or the roulette wheel, allows the most effective exploitation of practical solu-

tions specific to PCG problems. Moreover, investigating alternative scout bee tech-

niques could improve the ABC exploration performance, especially for applications

requiring larger search regions. Considering these issues, ABC may be a useful tool

for handling various complex PCG tasks.

By exploring these customised improvements for every algorithm, researchers

can open the way to a new era of PCG that is marked by greater effectiveness, flex-

ibility, and the production of engaging content. The possibility of procedurally gen-

erated environments and the future of game development are extremely promising;

this exploratory expedition proves this.

9.2.2 Benchmark Problems

As discussed in Section 9.2.1, metaheuristic algorithms require refinement, and al-

though these focused improvements show considerable potential, it is imperative to

broaden the experimental scope by including additional benchmark problems. Test-

ing algorithms across diverse problem sets is essential to assess their robustness,

scalability, and generalizability, as algorithm behaviors often vary between different

problem domains. This comprehensive evaluation will ensure the development of

algorithms tailored not only to specific tasks but also adaptable to a wider range of

PCG problems.

By exploring these tailored enhancements and conducting broader experiments,

researchers can usher in a new era of PCG characterized by enhanced effectiveness,

flexibility, and the creation of truly engaging content. The future of game devel-
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opment and the boundless possibilities of procedurally generated landscapes hold

great promise, as evidenced by this exploratory journey.

Comparative studies using cutting-edge algorithms offer invaluable insights,

guide informed algorithm selection, and propel the entire PCG field to new heights

[183]. By pursuing these avenues, we can unlock the full potential of diverse meta-

heuristics, empower game developers with sophisticated tools, and ultimately craft

game worlds brimming by captivating content and ever-evolving experiences. Recall

that innovation is key to unlocking the true potential of PCG. By embracing diverse

algorithms and tailoring them to specific contexts, we can paint an ever-evolving

canvas of game content with increasing vibrancy and depth.

9.2.3 Advanced Comparative Studies

Comparative studies using themost recent optimization algorithms offer a viable way

to further our understanding of the advantages and disadvantages of particular al-

gorithms, such as Genetic Algorithms (GA), particle swarm optimization (PSO), and

Artificial Bee Colony (ABC). Using this approach allows us to explore the complex-

ities of algorithmic performance in greater detail and identify important information

that may have avoided the attention of previous studies.

This comprehensive strategy may apply advanced metaheuristic techniques

that have not been previously investigated within the parameters of our study, in-

cluding differential evolution, evolutionary strategies, or nature-inspired algorithms.

These cutting-edge methods provide complex insights into optimization procedures

and can show different ways to achieve ideal outcomes in Procedural Content Gen-

eration (PCG).

Furthermore, by comparing our study results with those obtained by applying

cutting-edge algorithms, we can more effectively understand the relative effective-

ness and possible drawbacks of each strategy. This comparative study strengthens

the validity of our results and allows for a more sophisticated assessment of the al-
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gorithmic performance in various PCG settings.

The knowledge gained from this comparative study has several important ap-

plications. In real world PCG applications, where the choice of the optimization ap-

proach can have a significant impact on the quality and diversity of the created mate-

rial, they operate as a compass to guide algorithm selection. Through the application

of comparative study results, practitioners can make well-informed judgements that

are in line with the particular needs and limitations of their content creation endeav-

ors.

In summary, conducting comparison studies that use cutting-edge optimiza-

tion algorithms provides an opportunity to gain a deeper understanding and make

better decisions in the field of PCG. We can open up new possibilities for innovation

and optimization by carefully analyzing the data and carefully interpreting the find-

ings. This will eventually propel the development of content creation strategies in

the gaming industry and beyond.

9.2.4 Implications Beyond Gaming

Insights gained from studying metaheuristic algorithms in PCG for video games may

extend beyond the gaming industry. These algorithms can potentially be applied to

other domains that require optimization or content generation, such as art, music,

architecture, and simulation.

Furthermore, this study emphasizes the importance of continued research and

collaboration in the fields of metaheuristic algorithms and PCG. Further exploration

of hybrid approaches, integration of domain-specific knowledge, and validation through

real-world applications could advance the state-of-the-art content generation and al-

gorithmic design.

Overall, the implications of studying metaheuristic algorithms in PCG extend

beyond game development, with potential benefits for diverse industries and cre-
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ative endeavors. By leveraging the power of metaheuristic optimization techniques,

developers can unlock new possibilities for content creation, innovation, and user

experience enhancement.

Additionally, although GA, PSO, and ABC are well-established metaheuristic

algorithms, there is a vast landscape of alternative approaches that are yet to be ex-

plored in the context of PCG. Future research could investigate novel metaheuristic

algorithms inspired by biological, social, or physical phenomena, such as cultural

algorithms, firefly algorithms, and harmony search. By exploring new algorithmic

paradigms, researchers can discover innovative solutions to challenging PCG prob-

lems that traditional algorithms cannot address.

9.2.5 The Role of Generative AI in Game Design and Meta-Heuristics

Generative Artificial Intelligence (Gen AI) is transforming game design and meta-

heuristic optimization, driven by advancements in deep learning and generativemod-

els [184]. This technology enables unprecedented capabilities in procedural content

generation, automated level design, and dynamic storytelling. By leveraging tech-

niques such as Generative Adversarial Networks (GANs) and Transformer models,

Gen AI automates content creation, enhances non-player character behavior, and

facilitates real-time narrative adaptation. These advancements allow developers to

shift their focus from manual design tasks to higher-level creative innovation, ex-

panding the possibilities of interactive entertainment and pushing the boundaries of

what games can achieve [185], [186].

Beyond game design, Gen AI is revolutionizing meta-heuristic optimization by

introducing adaptive learning mechanisms that significantly enhance efficiency and

problem-solving capabilities. The integration of reinforcement learning allows for dy-

namic adjustments in the parameters of evolutionary algorithms, accelerating con-

vergence and improving solution quality. The ability of Gen AI to generate diverse

search spaces and refine optimization strategies suggests a powerful synergy that

could lead to more robust, scalable, and intelligent frameworks for solving complex

computational challenges.



229 CHAPTER 9. PROSPECTS, LIMITATIONS AND CONCLUSIONS

The future of Gen AI in game design and meta-heuristic optimization presents

numerous exciting opportunities. Hybrid models that combine Gen AI with optimiza-

tion techniques could lead to more efficient and creative approaches, such as using

AI to initialize evolutionary algorithm populations or refine search processes. Empir-

ical studies will be essential in evaluating the impact of Gen AI-augmented optimiza-

tion strategies in real-world game development, particularly in assessing the quality

and effectiveness of AI-generated content through player feedback. The potential of

Gen AI to create adaptive gameplay and personalized experiences is another promis-

ing avenue, as AI-driven systems could dynamically adjust game mechanics based

on player behavior and preferences, resulting in more engaging and immersive inter-

actions. Further, advances in computational efficiency, including optimized training

methods and distributed computing resources, will enable the large-scale deploy-

ment of these technologies in game development, making AI-driven design more ac-

cessible and efficient.

Gen AI is redefining how games are designed, optimized, and experienced, of-

fering new ways to automate complex development processes and enhance creative

possibilities. The continued exploration of hybrid AI models, adaptive gamemechan-

ics, and scalable computing solutions will unlock the next generation of intelligent

game design and optimization strategies, shaping a future where AI-driven creativity

and efficiency redefine interactive entertainment.

9.3 Practical Consideration

Currently, PCG is at the edge of a revolutionary phase [1] therefore, the intersection

of theoretical developments and practical implementation has become critical. This

sectionmethodically covers practical problems and emerging opportunities that sup-

port the creation of engaging and diverse gaming experiences.

Choosing an algorithm that balances power requirements with resource limits

is crucial. Simplified algorithms, such as PSO, may be useful for limited-resource

projects, providing a reasonable balance between efficiency and performance. On

the other hand, parallelization approaches provide up new possibilities for compu-
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tationally demanding activities. This method has the potential to significantly ac-

celerate content production for algorithms, such as PSO, which are naturally paral-

lel. Furthermore, seamlessly integrating current game production workflows is cru-

cial. Even though there are specialized libraries available for particular algorithms,

looking into user-friendly choices can speed up the development cycle and facilitate

seamless transfer from theory to practice.

Setting priorities for options with understandable parameters and mechanism

interpretations is necessary to fine-tune the behavior of the algorithm. Greater con-

trol over created content is made possible by this transparency, which also makes

it easier for users to have personalized experiences. Moving beyond popularity, we

explore contemporary metaheuristic developments. Techniques, such as deep rein-

forcement learning and algorithms inspired by nature, have considerable potential. It

is an exciting promise for future studies to investigate how these strategies might be

applied to specific PCG difficulties and possibly even exceed the existing solutions.

Although computational efficiency is a key consideration, other limitations re-

quire further attention. Future studies should focus on hybridizing algorithms with

other optimization methods or parallelization techniques. This collaborative effort

has the potential to further reduce the time complexity and enhance the overall per-

formance, unlocking a new level of efficiency.

Furthermore, caution must be exercised because of the possibility of bias in

algorithms or training data. As these biases have the potential to produce unfair or

discriminating results in the created material, it is crucial for responsible PCG devel-

opment to design mitigation techniques and promote social and inclusive behavior.

Finally, transparency is a need rather than a luxury. Building trust and understand-

ing is facilitated by recording the decision-making process and offering justifications

for the generated content, particularly when it significantly affects players. Everyone

benefits from a more responsible and entertaining gaming experience as a result of

our dedication to transparency.



231 CHAPTER 9. PROSPECTS, LIMITATIONS AND CONCLUSIONS

Through careful attention to these pragmatic issues and the willingness to

adapt to the opportunities awaiting them, researchers and developers can work to-

gether to reach the peak of metaheuristic-driven PCG. This joint endeavor to bring

about a new era of content creationmarked by efficiency, control, justice, and eventu-

ally the creation of genuinely immersive and captivating gaming experiences. There

are many obstacles to a journey; however, there are also many opportunities for

growth. This will open the door for procedural content generation to achieve un-

precedented levels of originality, engagement, and diversity.

9.4 Limitations

This thesis acknowledges these limitations and seeks to maintain a forward-looking

perspective by identifying areas for future research. Before discussing these limita-

tions, it is important to acknowledge the following:

• Although this study offers valuable insights into the application of metaheuris-

tic algorithms in PCG for video games, it is crucial to acknowledge its limita-

tions.

• The evaluation focused primarily on race track and map generation tasks, po-

tentially limiting the generalizability of the findings to other PCG domains, such

as character design or dialogue generation.

• The scope of this study necessarily restricted the exploration to a selection of

metaheuristic algorithms, leaving room for further investigation of alternative

approaches that might offer complementary strengths.

• The chosen evaluation metrics may not fully capture all nuances of the gener-

ated content quality, highlighting the need for further refinement and validation

to ensure a comprehensive assessment in future research.

• Recognizing these limitations underscores the importance of continued explo-

ration and the potential for further advancements in PCG through the thoughtful

application of diverse metaheuristic approaches.
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While this study focuses on evaluating solution quality and convergence speed

of PSO, ABC, and GA in PCG, it is important to acknowledge their broader impact

on game development costs. Metaheuristic algorithms contribute to cost reduction

by automating content generation, minimizing manual design efforts, and improving

computational efficiency. Faster convergence leads to lower processing costs, while

higher-quality solutions reduce the need for manual adjustments, ultimately saving

development time. Although our research does not explicitly analyze cost savings,

the efficiency of these algorithms indirectly influences overall development costs.

Future studies could explore a comparative cost-benefit analysis to quantify these

financial implications in PCG.

Metaheuristic algorithms often require fine-tuning of various parameters to

achieve optimal performance. Understanding the impact of these parameters and

their interactions can be complex and time consuming. Moreover, these algorithms

may be highly sensitive to parameter settings, requiring extensive experimentation

and expertise to determine suitable configurations.

The findings from our study focused primarily on race track and map layout

generation tasks. However, it remains unclear how well these results generalize to

other PCG domains such as character generation, texture synthesis, and level de-

sign. Further research should replicate our comparative analysis across a broader

range of PCG applications, to assess the robustness and applicability of metaheuris-

tic algorithms in diverse contexts.

Moreover, Metaheuristic algorithms, particularly those that involve large search

spaces or complex fitness functions, can be computationally intensive. Generating

high-quality game content using these algorithms may require significant compu-

tational resources and time, which could pose challenges for developers working

under constraints such as project deadlines or hardware limitations.

One limitation of our study is the lack of consideration of player preferences

and feedback when evaluating generated content. Future research could explore

methods for integrating player feedback into the PCG process by leveraging tech-
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niques such as interactive evolution, preference learning, and player modeling. By

incorporating player preferences, developers can create personalized and engaging

gaming experiences that are tailored to individual player preferences.

The findings from our study on metaheuristic algorithms in PCG may not al-

ways generalize well across different games, genres, or platforms. The effectiveness

of a particular algorithmmay depend on the specific characteristics of the game, such

as the type of content generated, player preferences, or design constraints. There-

fore, the conclusions drawn from a single study may not necessarily apply to all

contexts.

Assessing the quality of the generated game content is inherently subjective

and may vary depending on individual preferences, player experiences, and design

objectives. While quantitative metrics, such as fitness scores or computational ef-

ficiency, can provide objective measures of algorithm performance, they may not

comprehensively capture aspects of gameplay, immersion, or player satisfaction.

Focusing solely on performance metrics or specific PCG tasks may lead to

overfitting or bias in algorithm evaluation. Algorithms optimized for a particular task

may not be generalizable to new scenarios or real-world scenarios. Additionally,

biases in the experimental design or result interpretation could have impacted the

validity and reliability of the study findings.

The use of automated content generation techniques, including metaheuristic

algorithms, raises ethical concerns regarding content originality, fairness, and in-

clusivity. Developers must ensure that generated content complies with legal regu-

lations, respects intellectual property rights, and avoids perpetuating harmful stereo-

types or biases.

As metaheuristic algorithms continue to play a significant role in shaping dig-

ital content creation, it is crucial to consider the ethical and societal implications of

their use. Future research should explore topics, such as algorithmic bias, fairness,
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transparency, and accountability in PCG systems. By addressing these issues, de-

velopers can ensure that PCG technologies are deployed responsibly and ethically,

thereby promoting inclusivity and gaming diversity.

Effective application of metaheuristic algorithms in PCG requires collaboration

among experts from diverse fields, including computer science, game design, psy-

chology, and ethics. Bridging disciplinary gaps, effectively communicating complex

concepts, and integrating domain-specific knowledge can be challenging, but essen-

tial, for successful algorithm development and deployment.

Advances in machine learning and artificial intelligence (AI) have provided ex-

citing opportunities to enhance PCG capabilities. Future research could explore the

integration of machine learning models, such as deep learning and reinforcement

learning, into metaheuristic algorithms for PCG tasks. By leveraging AI techniques,

developers can create adaptive, intelligent, and context-aware PCG systems capable

of generating highly immersive and personalized gaming experiences.

Addressing these limitations requires careful consideration of the experimen-

tal design, methodological rigor, transparency in reporting, and ongoing dialogue

among researchers, developers, and stakeholders. Despite these challenges, the

study of metaheuristic algorithms in PCG offers valuable insights into and opportu-

nities for innovation in game development.

9.5 Conclusions

In summary, this study establishes the groundwork for further investigations into

optimization and metaheuristic algorithms. The ongoing improvement and develop-

ment of these algorithms will help solve challenging real-world issues and expand

the optimization field.

This study adds empirical support and understanding of the relative efficacy

of metaheuristic algorithms in the developing field of PCG. Although Genetic Algo-
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rithms have historically dominated the PCG industry, competing strategies such as

ABC and PSO have the potential to broaden and improve the creation of game con-

tent. Game developers may create immersive and fascinating gaming experiences

by utilizing a variety of metaheuristic strategies and embracing a deep understand-

ing of algorithm performance.

The exploration of metaheuristic algorithms in PCG is a continuous process

that offers opportunities for new discoveries, creative solutions, and cooperative ef-

fort. Metaheuristic algorithms are expected to be crucial in determining the direction

of procedural content creation and interactive entertainment as the gaming industry

develops further.

The flexibility and adaptability of metaheuristic algorithms provide game de-

velopers with an effective arsenal for creating compelling and varied game mate-

rial. Metaheuristics such as Artificial Bee Colony (ABC), particle swarm optimization

(PSO), and Genetic Algorithms (GA) offer creative answers to intricate optimization

challenges, ranging from race tracks to map layouts. In the ever-changing world of

game development, their aptitude for navigating complex solution spaces and strik-

ing the right balance between exploration and exploitation makes them priceless as-

sets.

Nevertheless, there are certain restrictions on the success of metaheuristic

algorithms in PCG. The necessity of meticulous experimentation, parameter adjust-

ment, and interdisciplinary collaboration is highlighted by issues such as algorithm

complexity, computer resource requirements, and subjectivity in evaluation mea-

sures. Furthermore, a major obstacle to the generalizability of the results across

various games, genres, and platforms is the need for context-specific analyses and

open reporting.

Despite these difficulties, researching metaheuristic algorithms in PCG pro-

vides insightful information on player experience, game design, and algorithmperfor-

mance. The full potential of metaheuristics in influencing the direction of game con-
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tent creation can be realised by academics and developers by resolving constraints,

encouraging interdisciplinary collaboration, and embracing ethical considerations.

In conclusion, even though metaheuristic algorithms may not be able to solve every

PCG problem, further research and development could lead to advancements in both

the science and art of game production. The gaming industry can harness the rev-

olutionary potential of metaheuristic algorithms to produce immersive, diverse, and

fascinating global gaming experiences for players by embracing innovation, critical

inquiry, and responsible conduct.

In summary, the assessment and comparison ofmetaheuristic algorithms, specif-

ically GA, PSO, and ABC, in game map generation underscored the strengths of ABC

and PSO in terms of convergence speed and content quality. This study advocates

the incorporation of diversemetaheuristic algorithms into PCGmethodologies, open-

ing avenues for elevating content generation and crafting captivating gaming expe-

riences. These findings propel PCG forward and offer valuable insights for game

developers seeking efficient and effective approaches for game content generation.

This thesis concludes by discussing opportunities, challenges, and future re-

search directions in the field of PCG using metaheuristics. This highlights the need

to explore alternative metaheuristic approaches, enhance the quality of fitness func-

tions, integrate algorithms, promote diversity, consider the user experience, and es-

tablish evaluation metrics. Ethical considerations regarding PCG systems have also

been identified as crucial aspects requiring further attention.

In summary, this comprehensive analysis provides valuable insights for re-

searchers and game developers who intend to use optimization techniques to gen-

erate high-quality content in video games and other digital media. It expands the

knowledge of how different algorithms are suited to PCG, lays the groundwork for

further studies to determine the most suitable algorithms for games, and offers prac-

tical recommendations to inform the selection of these methods, ensuring that the

resulting games have the potential to satisfy both the designer and player require-

ments.
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Appendix A

Prelude - Manuscript 4

This study challenges the idea that a single optimal algorithm exists for PCG. This

emphasises the crucial role of task-specific considerations in determining the most

appropriate algorithm for a given task. Through a novel comparative analysis, we

demonstrate the importance of contextual superiority: PSO emerges as highly ef-

fective in generating race tracks, whereas ABC demonstrates superior performance

in map generation. Depending on the time constraints, the rapid exploration capa-

bility of PSO is advantageous for quick results, whereas the detailed search ability

of ABC is preferable for achieving higher quality outcomes over a longer duration.

This study extends beyond the traditional focus on GAs by highlighting the unique

strengths of PSO and ABC. It advocates broader exploration beyond the confines

of GA-centric approaches to PCG. We propose an approach termed ``Context-Aware

Approach'' for algorithm selection, which underscores the importance of analyzing

the complexity of the task, quality requirements, and desired solution speed. By

adopting this context-aware approach and comprehending the interactions between

task characteristics and algorithm capabilities, researchers and developers canmake

well-informed decisions, ultimately leading to the creation of engaging and person-

alized PCG experiences.
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Appendix B

A Context Aware Approach Framework

to Algorithm Selection for Search Based

Procedural Content Generation

(Manuscript 4)
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B.1 Introduction

Procedural Content Generation (PCG) exploits algorithms and mathematical princi-

ples to automate in-game element creation encompassing procedural level, narrative,

asset, and sound generation, thus uniquely enriching player experiences. In addition

to improving the development processes and reducing expenses, PCG stimulate in-

novation and enhance player engagement. Over the past decade, PCG research has

flourished by exploring diverse methods and types of content [1].

One prominent approach is search-based PCG, which utilizes metaheuristic

algorithms, such as the Genetic Algorithm (GA), Particle Swarm Optimization (PSO),

and Artificial Bee Colony (ABC). These algorithms iteratively refine content creation

and offer developers flexibility and efficiency. However, understanding how these

algorithms interact with different PCG tasks remains a challenge [187]. Our goal is

to invite researchers to study more in this area by introducing these algorithms and

to have more discussions on metaherstics in PCG.

This study extends the findings from two of our prior investigations, detailed

in Study#1 [151] and Study#2 [170] to analyze the performance of GA, PSO, and ABC

on two distinct PCG tasks: race track generation and map generation. These studies

employed accurate methodologies to ensure a robust comparison, including con-

trolling variables such as shared variables between algorithms (population size and

iteration count) to isolate the impact of each algorithm on performance, addressing

convergence criteria by running each algorithm 10 times with consistent parame-

ter settings, and using statistical evaluation techniques such as best, mean, worst

values, and standard deviations to achieve a comprehensive picture of algorithmic

performance.

By leveraging these established methodologies and focusing on the results of

previous studies, we aimed to identify generalizable patterns and insights applica-

ble to broader PCG research. This will ultimately improve our understanding of PCG

algorithms and their applications, thereby guiding future research and innovation in
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this field.

The remainder of this paper is structured as follows in order to provide a more

comprehensive understanding. Section B.2 examines the background and concepts

of PCG, focusing on search-based approaches. Section B.3 presents the methodol-

ogy. Section B.4 is the core of our investigation and presents a comparison of the

performances of the three algorithms on selected PCG tasks. Section B.5 discusses

the results, identifies generalizable patterns, and provides valuable insights into our

PCG research. Finlay, Section B.6 summarizes the study's conclusions.

B.2 Related work and Background

PCGencompasses various techniques and algorithms to automate game content cre-

ation and enhance the player experience. One powerful method, search-based PCG,

employs metaheuristic algorithms, such as GA, PSO, and ABC, for iterative refine-

ment. However, evaluating the quality of the generated content remains a significant

challenge, as noted by Togelius (2011) in the search-based PCG domain [23].

Metaheuristic approaches draw inspiration from both natural and computa-

tional processes, and provide efficient solutions for intricate problems in which ex-

act solutions pose challenges. These versatile algorithms find applications across

diverse domains such as optimization, machine learning, and PCG. Metaheuristic al-

gorithms fall under the umbrella of nature-inspired approaches (NIAs) and replicate

natural behaviors to solve optimization problems.

In the PCG domain, metaheuristic algorithms play a pivotal role in automating

the creation of engaging content for video games. A prime example is the application

of Evolutionary Algorithms, with GAs as a notable example. These algorithms mimic

inherited behaviors, starting with a randomized population and evolving over several

generations. GAs have demonstrated success in computer game development, par-

ticularly in enhancing Dungeon game levels through concept-based map generation

[30], [31], [1].
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Our studies #1 and #2 chose the GA, PSO, and ABC for comparison. The first

algorithm is the GA [20] which stands out as a renowned evolutionary algorithm,

drawing inspiration from natural selection processes. It initiates with random gener-

ation of an initial population, assesses the objective function for each individual, and

results in a binary vector. Crossover involves creating new individuals by merging

portions of the chromosomes from two distinct individuals, while mutation alters a

randomly selected gene within an individual. The next generation comprises individ-

uals with the best objective function values, and has found widespread application

in PCG, particularly in domains such as level design for video games [35]. Its ability

to explore a vast search space and discover optimal or near-optimal solutions makes

it well suited for creating diverse and engaging game levels.

However, PSO [36] draws inspiration from the collective behavior of bird flocks

in nature and represents a classic metaheuristic algorithm rooted in swarm intelli-

gence. Unlike traditional populations, PSO focuses on generating location and ve-

locity vectors for individuals at the initial stage. During each iteration, PSO identifies

the best-known position for each particle and the overall swarm by utilizing this in-

formation to calculate new particle velocity values. Consequently, the optimal state

of the swarm serves as a solution to the optimization problem. In the context of PCG,

PSO has demonstrated effectiveness in tasks, such as race track [151]. Its ability to

balance exploration and exploitation within a solution space makes it well suited for

crafting diverse and playable game environments.

The final approach was ABC [37]. It is a metaheuristic algorithm inspired by the

foraging behavior of honeybees. In ABC, the optimization process simulates the ac-

tivities of the employed bees, onlookers, and scouts to discover optimal solutions.

Employed bees exploit food sources, onlookers assess their dances of employed

bees to choose potential sources, and scouts explore new locations. This algorithm

balances exploration and exploitation through distinct roles. In PCG, ABC has been

shown to be effective in tasks such as race track [151] for video games. By lever-

aging the principles of collective intelligence observed in natural bee colonies, ABC
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contributes to creating diverse and engaging gaming environments.

B.3 Method

Procedural content generation (PCG), which includes characters, levels, and story-

lines, has become increasingly important in video games. Traditionally, genetic algo-

rithms (GAs) have been the main optimization methods in this field. However, recent

studies have indicated that other metaheuristic search algorithms may provide no-

table benefits in terms of their effectiveness and speed. This study attempted to

illuminate this potential by thoroughly assessing and analyzing the efficacy of differ-

ent metaheuristics in PCG challenges.

In this study, a computational approach was employed to address the research

objectives. The primary methodology involves the application of GA, PSO, and ABC

to a race track game and map generation. The process involves implementing each

algorithm, collecting relevant data, and systematically comparing their performance.

Given the stochastic nature of the algorithms selected for this study, the evaluation

process involved creating a race track andmap layout. The study employed an exper-

imental design with a primary focus on determining significant differences between

the algorithms. The experimental setup ensured that all variables were held constant,

with the only variable being the different algorithms used. This approach facilitates

the attribution of identifiable differences to the specific algorithm under examination.

To enhance the consistency of the comparison, each algorithm was operated with an

equal population size of 600 individual solutions, and experienced a fixed number of

iterations.

In our initial experiments, we used conventional populations. However, these

experiments did not yield significant performance improvement. Therefore, we inves-

tigated the effects of a larger population of 600 individuals over 200 iterations. This

choice, although seemingly unconventional, was motivated by the inherent complex-

ity of the problem. The problem domain involves discovering diverse race tracks and

maps that feature various curves to enhance player engagement. We hypothesized
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that a larger population would provide broader exploration space, potentially lead-

ing to improved performance. However, it is important to acknowledge the trade-off

between population size and computational cost. Larger populations require greater

computational resources.

Recognizing the inherent stochastic nature of these algorithms, this study ad-

dressed potential performance variations by considering the average performance

over ten runs for each algorithm. This multi-run approach aims to provide a more

robust understanding of algorithm performance, smoothing out stochastic fluctua-

tions, and contributing to a more reliable comparative analysis.

A systematic approach is employed in this study. We applied the chosen al-

gorithms (GA, PSO, and ABC) to well-defined problems to generate racetracks and

maps. Relevant analyses were performed to evaluate their performances. The ex-

perimental design emphasized consistency by controlling the variables across algo-

rithms (e.g., population size and iteration count) to isolate the impact of each algo-

rithm. This focus on algorithmic differences allowed us to gain insights into their

comparative effectiveness in addressing the research question.

The detailed methodologies and specific results of these experiments are pre-

sented in our research papers [151] and [170]. The following section discusses the

general trends observed in the experiments.

B.4 Data Acquisition

In Studies #1 [151] and #2 [170], we examined the effectiveness of three widely used

metaheuristic algorithms in the realm of PCG, namely GA, PSO, and ABC. In GA,

three different selection approaches, Tournament, Biased, and a mix of Tournament

and Biased, were utilized, whereas in PSO, two variations of the PSO algorithms were

implemented with two different values of theC2 acceleration coefficient. For both im-

plementations, the value assigned to C1 was 2. The first implementation, denoted as

PSO#1, uses a C2 value of four, and the second implementation, denoted as PSO#2,
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Table B.1: Algorithms’ performance in race track generation Task

Best Mean Worst SD
PSO#1 106.88 175.5 243.64 38.92

ABC 113.98 125.9 138.67 8.73
PSO#2 115.86 166.4 194.60 23.17

GA(Mix) 121.75 233.09 299.47 52.35
GA(Tournament) 137.74 182.9 225.63 25.28

GA(Biased) 304.30 370.1 443 46.13

uses a C2 value of five.

The following subsections discuss the data obtained from the two prior studies.

Study#1 focuses on applying these algorithms to the task of generating race tracks,

whereas study#2 examines their performance in map layout generation. The results

obtained in both studies offer valuable insights into the strengths and weaknesses

of each algorithm when applied in various PCG applications.

B.4.1 Race Track Application (Study#1)

In Study#1, we analyzed PSO, ABC, and GA in their application to the creation of race

tracks. Our aimwas to assess the strengths and weaknesses of each algorithm to de-

termine which algorithm performs best in terms of solution quality and convergence

speed for this type of game development.

Table B.1 and Fig. B.1 provide a comprehensive overview of the fitness values

obtained by the chosen algorithms, arranged in descending order. The lowest fitness

value represents the optimal solution that is most favorable. According to the data,

PSO#1 achieved the highest optimal fitness based on this criterion.

According to the data presented in Table B.1, PSO#1 demonstrates strong per-

formance, attaining the lowest best fitness value at 106.88 and exhibiting moder-

ate variability at 38.92. This particular iteration of the PSO algorithm shows its ex-

ceptional ability to generate race tracks by locating optimal solutions. Addition-

ally, PSO#1's relatively low standard deviation of 38.92 underscores its consistent

and stable performance throughout the iterations. The efficiency with which PSO#1
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Figure B.1: Algorithms’ performance in race track generation

explores the solution space and converges towards optimal solutions makes it a

promising option for addressing PCG tasks.

Furthermore, ABCachieved a commendable best fitness value of 113.98, demon-

strating its effectiveness in determining near-optimal solutions. The low standard

deviation of 8.73 suggests that ABC maintains a high level of consistency in its per-

formance, with minimal variability across iterations. This stability indicates that ABC

is reliable and robust in its ability to search for optimal solutions, which makes it a

valuable algorithm for PCG applications.

Although PSO#2 achieved a slightly higher best fitness value of 115.86 com-

pared with PSO#1 and ABC, its performance remained competitive. However, the

moderate standard deviation of 23.17 suggests some variability in fitness values

across iterations, indicating slightly less stable performance compared to PSO#1

and ABC. Nonetheless, the ability of PSO#2 to effectively explore the solution space

and converge towards near-optimal solutions makes it a viable choice for PCG tasks.

However, the GA with the ``Mix'' selection approach achieved the best fitness

value of 121.75, of GA variations indicating its ability to find relatively good solutions

for the given task. However, the relatively high standard deviation of 52.35 suggests

considerable variability in fitness values across iterations, indicating less stable per-

formance compared to PSO#1, ABC, and PSO#2. Despite this variability, GA (mix)

still demonstrates the potential for generating diverse and engaging content in PCG

applications.

Move to GA (Tournament), This variant of the GA achieved a best fitness value

of 137.74, which is higher than those of all other selected algorithms in this study.
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Although the standard deviation of 25.28 suggests moderate variability in fitness val-

ues, a higher best fitness value indicates inferior performance compared to PSO#1,

ABC, and PSO#2. The GA (Tournament) may still offer value in certain contexts, but

may require further optimization for optimal performance in PCG tasks.

The last version of GA is GA (Biased) which showed the highest best fitness

value of 304.30 among all algorithms in this research, the GA with the ``Biased'' se-

lection approach demonstrates the poorest performance in finding optimal solutions.

Themoderate standard deviation of 46.13 suggests some variability in fitness values,

indicating a relatively stable but suboptimal performance compared with the other al-

gorithms. Although the GA (biased) may have limitations in its current form, further

experimentation and optimization efforts could potentially improve its performance

in PCG tasks.

The analysis of the results revealed valuable insights into the performance of

various metaheuristic algorithms in PCG. PSO#1 and ABC have emerged as top per-

formers, demonstrating superior performance in finding optimal solutions with high

stability and consistency. Meanwhile, GAs show potential, but may require further

refinement for optimal performance. (PSO) excels in finding optimal solutions by sim-

ulating the behavior of a swarm of particles moving through a solution space. This

algorithm is particularly effective for PCG tasks because of its ability to efficiently

explore the solution space and converge towards optimal solutions.

This finding contradicts established research [171] and lacks sufficient justifi-

cation for the prevalent adoption of GAs in PCG across various domains, particularly

in game-level generation. Search-based PCG, a specific subset within PCG, is com-

monly addressed using generate-and-test methodologies, such as GAs [172]. These

studies collectively validated the utility and efficacy of GAs for PCG, emphasizing

their capability to produce diverse and complex contents.

B.4.2 Map Generation Application (Study#2)

In Study# 2, we performed a thorough examination of the GA by employing various

selection techniques, including hybrid, biased, and tournament, as well as PSO, with

two distinct cognitive parameters (C2). In addition, we investigated the ABC method.
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Figure B.2: The algorithms’ performance in map generation

Table B.2: Algorithms’ performance in map generation task

Best Mean Worst SD
GA(Mix) 7998 6128 5236 807.312

GA(Tournament) 7626 6207.6 5720 535.23
GA(Biased) 7110 5780 5040 631.17

ABC 5110 4519 4095 315.10
PSO#1 3835 2799.87 1128.4 1083.09
PSO#2 3780 2716.93 1156.9 997.53

This subsection presents essential information regarding the effectiveness and suit-

ability of these algorithms in generating PCG maps through precise experimentation

and assessment.

Study#1 demonstrated that PSO is effective for generating race tracks [151].

However, a distinct pattern emerges in the map layout generation results. As de-

picted in Fig. B.2, While PSO and ABC algorithms surpassed other methods in race

track generation, their performance in terms of map quality fell short of expectations.

This observation highlights the varying performance of different methods in different

PCG tasks and underscores the adaptable nature of these algorithms.

Table B.2 lists the essential performance metrics, including the best fitness

value, mean, worst fitness value, and standard deviation (SD). Notably, the highest

fitness value signifies a high-quality map, providing valuable insight into the algo-

rithm’s ability to generate optimal solutions for the selected PCG task. An important

finding from the data in Table B.2 is that GA(Mix) consistently achieved the highest

fitness value in the best-case scenario, demonstrating its efficiency in generating so-

lutions close to the optimal outcome. With an impressive best fitness value of 7998,
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GA(mix) has emerged as a compelling candidate for delivering high-quality PCG solu-

tions. Furthermore, the algorithm's comparatively high standard deviation of 807.312

suggests that the GA(Mix)'s performance might be less consistent across repetitions

than the other algorithms. Further investigation is required to determine the impact

of this inconsistency on the quality of the generated maps and their suitability for

PCG tasks.

GA(tournament) and GA(biased) exhibited excellent performance characteris-

tics. They achieved high fitness values of 7626 and 7110, respectively. Additionally,

their standard deviations of 535.23 and 631.17 indicate relatively stable performance,

suggesting consistency in generating results. This stable performance with good

fitness values suggests a potential balance between exploration (finding new possi-

bilities) and exploitation (focusing on promising areas) within the tournament (GA)

and biased (GA) optimization processes. While neither achieved the highest absolute

fitness value, these algorithms might be well suited for scenarios where consistent

and reliable map generation is crucial.

In contrast, PSO#1 and PSO#2 exhibited lower performances than the other

algorithms. Their best fitness values were 3835 and 3780, respectively, and their

standard deviations were considerably higher (1083.09 and 997.53). These results

indicated that both PSO variants displayed inconsistencies across ten repetitions.

Although PSO has demonstrated effectiveness in other PCG tasks, such as generat-

ing race tracks, its performance in map generation appears to be less efficient and

reliable than the GA variants explored in this study. Further investigation is required

to understand why PSO struggles in this context.

Our findings regarding the performance of PSO in map generation appear to

contradict the previous research on Evolutionary Game-based PSO (EGPSO) by Liu

et al. (2008) [173]. EGPSOeffectively addresses premature convergence and achieves

robust convergence by incorporating an evolutionary algorithm into the PSO frame-

work. However, in this study, we utilized a standalone PSO variant for a direct com-

parison with the GA and ABC algorithms. While ABC's performance resulted in maps

of average quality (fitness value of 5110), it exhibited good stability in terms of stan-

dard deviation. The standard deviation, at its lowest value of 315.10, indicates consis-

tent results when generating map layouts. This suggests that ABC may be a reliable
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choice for applications where consistent map generation is important.

The performance and features of GA, PSO, and ABC used in map layout gener-

ation were thoroughly examined in Study #2 [170]. This analysis helps researchers

and game developers to choose the most suitable algorithm for their specific needs

and goals in different PCG tasks. These results serve as a foundation for further re-

search. Combining these algorithms, each with its unique strengths, holds promise

for the future. By carefully modifying variables, such as crossover frequency, mu-

tation rate, and population size, we can create more effective and adaptable content

creation techniques.

B.5 Implications for Different Applications

According to Shaker(2016) [1] and Sturtevant (2018) [3], the procedural content gen-

eration (PCG) field is defined by a wide range of approaches and strategies. The

main focus of these studies was to highlight the diversity of the available method-

ologies. This is a subject that is also present in our study, highlighting the lack of

a single algorithm suitable for all PCG problems. This alignment is consistent with

the observed variations in algorithms, such as the GAs performance. Although GAs

are effective in many situations, they have drawbacks, particularly when it comes to

tasks such as race tracks. Hence, other approaches such as ABC and PSO should

be investigated. Accepting this diversity of methods can lead to the creation of more

complex and efficient solutions adapted to the specific needs of each PCG situation.

The features of a given task significantly affect the effectiveness of the algo-

rithm. For instance, PSO excels at the exploration stage of building a race track,

whereas ABC focuses on a precise track design. GA is far more adept at navigating

complicated map layouts than PSO when it comes to map creation. These findings

demonstrate the importance of understanding the particulars of quality standards,

complexity of cases, and other distinctive features.

When selecting an algorithm, tradeoffs are always involved. PSO's rapid explo-

ration of PSO may yield results more quickly; however, the quality of the solutions

may suffer. However, development may progress more slowly as a result of ABC's
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meticulousmethodology. A thorough understanding of these trade-offs facilitates an

informed decision-making process customized to the specific priorities of the PCG

task.

As such, a ``Task-Specific Considerations'' approach promotes adopting a context-

aware selection framework in place of a ``one-size-fits-all'' approach. The best algo-

rithmic decisions may be made to produce the desired results by carefully examining

the specifics of each PCG, identifying the advantages and disadvantages of the avail-

able algorithms, and assessing related trade-offs.

Beyond the algorithms discussed, further research efforts could reveal new

metaheuristic or hybrid approaches, thereby expanding the range of possibilities for

various PCG tasks.

Moreover, algorithmic performance is significantly affected by the manner in

which the problem is described and the definition of the evaluation metrics. It is

crucial to ensure that these elements represent the intended goals of the PCG task

precisely.

Finally, utilizing domain knowledge relevant to a particular PCG domain, such

as the genre of games or content type, can provide invaluable insights into relevant

task attributes and possible algorithmic fit.

B.6 Conclusion

Although search-based PCG with metaheuristic algorithms such as GA, PSO, and

ABC demonstrates promise, a crucial gap remains in understanding their interaction

with specific PCG tasks. This study addresses this gap by analyzing the performance

of these algorithms in race track and map generation tasks, based on our prior in-

vestigations. Our study concluded that while various algorithms can be explored for

PCG, selecting the best approach requires careful consideration of the task-specific
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factors.

The optimal choice depends on the unique characteristics of the PCG task, de-

sired outcomes, and the potential trade-offs involved. Our findings offer valuable

insights into the performance of context-dependent algorithms when applied to dif-

ferent optimization tasks.

Although PSO demonstrated exceptional robustness when applied to gener-

ate race tracks, its initial exploration phase frequently produced high-quality tracks,

suggesting potential room for further optimization. This aligns with the observed

performance of the GA(tournament), which effectively balances exploration and ex-

ploitation. However, when time constraints were not a critical factor, the thorough

and consistent exploration of ABC proved advantageous for comprehensively ex-

ploring the search space for potential track configurations.

When the task was shifted to generating maps, PSO displayed poor perfor-

mance in handling the complexities of the map layouts. However, ABC has emerged

as a moderate choice, achieving a faster convergence and generating high-quality

map content. These findings highlight the potential of ABC as an effective tool for

developing complex maps.

These opposing findings raise the question of the assumption that GA domi-

nates PCG universally [50] and motivated us to adopt a context-aware approach to

algorithm selection rather than a single approach. Each algorithm has its advantages

and disadvantages. When faced with time constraints, PSO's quick first investiga-

tion proves helpful; however, ABC's cautious approach excels when faced with strict

quality criteria. Realizing these trade-offs and appropriately adjusting the selection

allows PCG to reach its maximum potential.

This study highlights the significance of a careful study of each PCG task con-

sidering the complexity, quality requirements, and desired solution speed. It rec-

ommends a context-aware framework. Moreover, it promotes research beyond con-
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ventional GAs, and highlights the distinct advantages of ABC and PSO. Concern-

ing exploration, exploitation, consistency, and solution quality, each algorithm has

unique benefits and drawbacks, and wise decisions should be made in accordance

with project-specific requirements.

Context is essential. Every PCG work requires a unique analysis that uses do-

main expertise, such as game genre and content type, to improve the algorithmic fit.

Most importantly, particular algorithmic strengths and weaknesses depend on the

properties of the tasks themselves; therefore, future research should be guided by

limitations within this study, such as the specific tasks investigated.

Through the integration of these perspectives, researchers and developers will

be able tomake knowledgeable choices about algorithms that optimally address their

distinct PCG requirements, finally producing engaging material that is customized to

their particular goals.
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Appendix C

Code Source

This appendix provides access to the source code used in this thesis for various

Procedural Content Generation (PCG) experiments. Each link below corresponds to

a specific algorithm and task combination:

1. Race Track Generation:

• Genetic Algorithm (GA):

https://github.com/AlyaseriSana/PCG-Track-GA-Method

• Particle Swarm Optimization (PSO):

https://github.com/AlyaseriSana/PCG-Track-PSO-Method

• Artificial Bee Colony (ABC):

https://github.com/AlyaseriSana/PCG-Track-ABC-Method

2. Map Layout Generation:

• Genetic Algorithm (GA):

https://github.com/AlyaseriSana/PCG-MapLayout-GA-Method:

• Particle Swarm Optimization (PSO):

https://github.com/AlyaseriSana/PCG-MapLayout-PSO-Method

• Artificial Bee Colony (ABC):

https://github.com/AlyaseriSana/PCG-MapLayout-ABC-Method
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Appendix D

DATA Results Source

This appendix provides access to the source data underlying the results presented

in this thesis. The data generated in the various experiments are organized within

the following GitHub repository:

• Track generation experiments data:

https://github.com/AlyaseriSana/PCG-DATA-ForTracks

• Map generation experiments data:

https://github.com/AlyaseriSana/Metaheuristic-PCG

Repository Contents:

The repository contains excel sheet for each experiment conducted, named accord-

ing to the specific task investigated. The files containing the raw data generated

by the experiments. These files in Excel format and has all ten runs output and the

charts.
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Appendix E

Symposium Presentation - Evaluating Al-

ternative Metaheuristic Algorithms for

Procedural Content Generation in Game

Design

Presented at The Postgraduate Research Symposium, AUT, Septmber 2023

https://www.aut.ac.nz/research/postgraduate-student-support/postgraduate-research-

symposium/presenters-at-the-postgraduate-research-symposium
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Abstract

Procedural Content Generation (PCG) has emerged as a powerful approach for au-

tomating game content creation, offering significant benefits in terms of cost re-

duction and time efficiency compared to traditional game design and development

processes [5]. While Genetic Algorithms (GAs) have been widely used in PCG, al-

ternative metaheuristic algorithms such as Particle Swarm Optimization (PSO) and

Artificial Bee Colony (ABC) have demonstrated their effectiveness in delivering high-

quality solutions and efficient optimization capabilities across different problem do-

mains [15]. However, their application in PCG remains limited. I aim to evaluate the

performance of PSO and ABC inmap layout generation, challenging the conventional

use of GAs. By comparing three metaheuristic algorithms (GA, ABC, and PSO) I seek

to assess the effectiveness of these approaches in generating game levels and iden-

tify any obvious differences in their performance characteristics. Comprehensive

experiments are conducted, applying GA, ABC, and PSO to a map layout generation.

Metrics like convergence speed and content quality are used to evaluate the gener-

ated game content.

My findings reveal that both ABC and PSO demonstrate advantages over tra-

ditional GA implementations when generating game levels, indicating their potential

for enhancing PCG. In this presentation, I will share the results of comparing three

metaheuristic algorithms (GA, PSO, and ABC) in map layout generation for game lev-

els, emphasizing the potential benefits of leveraging diverse algorithmic approaches

to create more captivating and immersive game worlds. Also, I will conclude with a

call for further research in this area to expose new possibilities in content genera-

tion. By considering variedmetaheuristic approaches, game developers can improve

content generation techniques and create more captivating and interactive player ex-

periences.
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