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Abstract 

Aiming is the act of directing an action toward a target object, location, or direction. Many 

activities in games require aiming. In order for players to perform these activities successfully, they must 

be able to aim accurately. When an action is too challenging, the player can become frustrated. Players 

that are not able to aim accurately enough to perform an action well can be helped through in game 

systems called aim assistance algorithms. However, it can be challenging to identify how to appropriately 

assist players. Additionally, it can be difficult to determine how much assistance is required for individual 

players. 

 We have developed a novel taxonomy to classify aimed actions in games. The taxonomy 

classifies an aimed action based on its immediacy, target interaction, and embodiment. The classification 

can be used to inform the design of appropriate aim assistance algorithms. 

 We used this taxonomy to classify aimed actions in three games. Then, based on this 

classification we designed aim assistance algorithms for each game. We ran two experiments to evaluate 

these aim assistance algorithms by simulating players of varying skill levels. Our first experiment 

established a linear relationship between the level of assistance given to a player and their performance of 

an aimed action. This linear relationship allowed us to personalize our aim assistance algorithms for 

different skill levels.  

The second experiment compared the effectiveness of personalized aim assistance algorithms to 

giving all players the same level of assistance. Personalizing the aim assistance algorithms resulted in 

players finishing rounds of games with closer scores.  

This thesis highlights the importance understanding aiming so that players with different abilities 

can receive personalized support. Additionally, it also shows that personalizing assistance algorithms can 

result in more balanced game difficulty. 
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Chapter 1 

Introduction 

Aiming – directing an action toward a target object, location, or direction – is a common 

activity in many digital games. A variety of types of actions in games require aiming, and in 

many cases a player’s success is linked to their ability to aim well. Aiming is often required in 

games where players hit targets with projectiles, such as first-person shooting games. However, 

aiming is also required in avatar movement in digital games, where players must aim their avatar 

to avoid hazards and reach locations in the game world.  

Aiming is a skill, where some players are able to aim more accurately or quickly than 

others. If a player’s skill level is too low to match the difficulty of an aimed action, they may 

become frustrated at their inability to play the game well. If on the other hand the player’s skill 

level is too high, the task may be trivial and boring. Using a novel taxonomy of aimed actions, we 

show examples of how aim assistance algorithms can be designed to help players perform an 

aimed action accurately. Furthermore, we show how aim assistance algorithms can be 

personalized for the player based on their skill level, giving low skilled players more assistance 

than highly-skilled. 

We demonstrate two examples of aim assistance algorithms designed for two separate 

games. We tested these algorithms by comparing giving all players a fixed amount of aim 

assistance, versus personalizing the algorithms based on individual skill level. While 

personalization of aim assistance algorithms did improve balancing, resulting in players having 

closer scores, highly skilled players were still able to win more often than less skilled players.  
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1.1 Problem 

Player skill in carrying out an aimed action in a game depends on the amount of practice 

the player has had with that action and on physiological attributes such as reaction time [22]. A 

player’s success in a game is limited by their skill in carrying out the game’s aimed actions. 

Players that are unable to hit targets to score points or move out of the way of hazards will 

repeatedly fail the game’s challenges. If players perceive the challenge as insurmountable, they 

may become frustrated and abandon the game entirely. Ideally, the challenge of a game will 

match the player’s skill level, leaving the player in a “flow state” [1] where the player feels 

confident in their ability to carry out a task. 

Differences in aiming skill can be problematic in competitive multiplayer games, where 

players of disparate skill levels may compete against each other. If one player is significantly 

better at aiming than the others, this could lead to the more skilled player dominating each round 

of the game. Without a challenge, the winning player may become bored, while the losing player 

may become frustrated at their inability to compete. For a multiplayer game to function, all 

participants must be engaged with the experience. Therefore, each player must be able to perform 

the aimed action at similar levels. 

Aim assistance algorithms can be used to assist players with aimed actions in games. 

These algorithms are methods that are built into games to help players aim more accurately. 

These algorithms reduce the impact of a player’s aiming ability on the aimed action by changing 

the game’s systems. Some assistance algorithms will adjust the path of a projectile to move 

towards a target [33], or alter a player’s input so that they aim towards a target [68]. 

A variety of aim assistance algorithms have been designed for various games. However, 

not all algorithms are appropriate for all aimed actions. Aiming is a part of many actions in 

games, such as firing projectiles at targets and avatar movement. Because aiming is an activity in 
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a broad number of actions, it can be difficult to design assistance algorithms that are appropriate 

to the action, that also provide an appropriate level of support for players. 

In order to design a useful aim assistance algorithm, the designer first needs to 

understand what aiming is, and how to identify an aimed action. Understanding the aimed action 

allows the designer to identify what makes players successful at performing the action. The 

designer must then use this understanding to create an appropriate assistance algorithm. To 

validate the algorithm, the designer should determine if the algorithm allows players to be more 

successful at performing the action. Furthermore, the designer could determine if the level of 

assistance offered has an effect on the player’s success. If a relationship exists between level of 

assistance and player success, the algorithm could be personalized for different players so that all 

players achieve a constant level of success.  

1.2 Solution 

In order to better understand aimed actions, we first present a taxonomy of aiming. The 

taxonomy allows designers to classify an aimed action in terms of three axes: immediacy, target 

interaction, and embodiment. Each axis has a set of discrete states that an aimed action will fall 

on. Immediacy is the time between when a player performs an aimed action, and when the 

consequences of that action are known to the player. An action can either have delayed, instant, 

or on-going immediacy. Target interaction refers to how a player aims at a target. An action either 

has direct target interaction, where the player aligns a reticle over the target, or indirect target 

interaction, where the player points towards the target. Embodiment refers to the entity that is 

being aimed by the player. An action can either have self embodiment, where the player is 

directing their avatar, or other embodiment, where the player directs another entity. 

To demonstrate the taxonomy, we classify aimed actions in three games in the Liberi [35] 

suite of exergames: Biri Brawl, Bobo Ranch, and Gekku Race.  
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Based on the classification, designers can identify key components of an aimed action 

and how an assistance algorithm can interact with the systems in an aimed action. The 

classification of an aimed action exposes how the player aims and what factors affect the result of 

the aimed action. This understanding can show the designer how the game can be changed to 

allow players to be more successful at the action which can then inform the design of new 

assistance algorithms for a game.  

We use the classification of Biri Brawl, Bobo Ranch, and Gekku Race to inform the 

design of aim assistance algorithms for these games. These algorithms use techniques that have 

been used in commercial games, but have been modified to be appropriate for the aimed actions 

in our games. These modifications are informed by the action’s classification. 

To determine whether or not a relationship exists between a player’s skill level and 

performance in a game, we demonstrate a method of calibrating aim assistance algorithms based 

on a player’s hit rate. By repeatedly measuring a player’s hit rate at increasing levels of 

assistance, it is possible to create a linear relationship between the player’s performance in the 

game to the amount of assistance received. Using this formula, the assistance algorithm can be 

personalized to provide an appropriate level of assistance for each player. 

This method of calibration can be time consuming, requiring players to perform110 

rounds of a game. Because of this, it is not necessarily a practical method to calibrate assistance 

algorithms for commercial games. However, this method establishes a relationship between a 

player’s performance in game and their skill level. Using this relationship, each player can be 

given enough assistance to achieve the same level of success in the game. 

1.3 Evaluation 

To test the effectiveness of the designed aim assistance algorithms, we performed two 

experiments on Gekku Race and Biri Brawl. For these two experiments, we had four research 

questions: 
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1. Does adding aim assistance to games increase the likelihood of a player hitting their 

target? 

2. Does adding aim assistance to games result in more balanced competition? 

3. Is it possible to calculate an appropriate amount of aim assistance to give to a player 

based on their skill level? 

4. Are games more balanced when aim assistance is given to players based on their skill 

level compared to when all players receive the same level of assistance? 

In order to repeatedly test both games, a gameplay simulator was developed that allows 

for automated testing of the two games. The simulator can be programmed to play any number of 

rounds of a game and emulates human players in each round. The simulated players can be 

programmed to have varying levels of aiming ability, to compare the effect of assistance 

algorithms on low, moderate, and highly skilled players. 

The first experiment was used to calibrate the aim assistance algorithms for simulated 

players at three different skill levels. The gameplay simulator was programmed to run several 

rounds of both games with three players at different skill levels. The simulator would gradually 

increase the amount of assistance each player received, starting with no assistance, until they 

were receiving the maximum amount of assistance. 

We then compared the amount of times a player successfully hit a target – the hit rate – at 

each level of aim assistance. The resulting linear regression allowed us to create equations for 

each player that told us what level of aim assistance would result in a particular hit rate. Using 

these equations allowed us to calibrate the assistance algorithms in order to achieve a target hit 

rate in the two games. 

The second experiment compared the three simulated players in three conditions: no aim 

assistance, where the assistance algorithms were disabled, fixed aim assistance, where each 

player received a constant level of assistance regardless of skill level, and custom aim assistance, 
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where players received a personalized amount of aim assistance based on the calibration from 

experiment one. The simulator ran 100 rounds of each game in the three conditions. 

As expected, the use of aim assistance algorithms resulted in all players hitting targets 

more often. Additionally, aim assistance algorithms resulted in rounds being much more 

contested than without. Players had scores that were much closer to each other when aim 

assistance algorithms were used. Scores were even closer when these assistance algorithms were 

personalized.  

Even in the custom aim assistance conditions, highly skilled players did win more rounds 

than low skilled players. However, aim assistance algorithms significantly improved the win rate 

of low and moderately skilled players.  

1.4 Contributions 

The main contributions of this thesis are: 

• The taxonomy of aiming: We provide a taxonomy that allows an aimed action to be 

classified based on three axes: immediacy, target interaction, and embodiment. 

• Design of aim assistance algorithms for three games: We demonstrate how custom 

aim assistance algorithms can be designed based on an aimed action’s classification 

on the taxonomy of aiming. Specifically, we design aim assistance algorithms for 

three different exergames that have three different aimed actions. 

• Automated gameplay simulator: We present a tool that can be used to test games by 

simulating human players. Many rounds of a game can be run automatically, 

simulating players of varying skill levels.  

• Evaluation of aim assistance algorithms as tools to improve game balance: We 

confirm through simulation that the use of aim assistance algorithms can improve 

game balance, resulting in players performing at similar levels. We also confirm that 



 

7 

 

using personalized aim assistance algorithms can further improve game balancing 

over just using a constant level of aim assistance. 

The work in this thesis was aided by the contributions of other researchers at the EQUIS 

Lab at Queen’s University. The Liberi suite of games was originally developed by Zi Ye 

[45,36,37,35], and the games have been refined and developed by several developers including 

Dan Moran, Neven Golubovich, and myself. The aim assistance algorithms used in Gekku Race 

are built upon the work done by Susan Hwang et al.’s first investigations of aiming in Gekku 

Race [40,48]. 

The tools used to gather and analyze data from my evaluation are built upon tools created 

by Max Kaos. These tools were originally used to gather data from a long-term study of Liberi 

and have been adapted in order collect data from the gameplay simulator. I modified the tool to 

collect the relevant logs from the simulated players and log them into a database for analysis. The 

software used to analyze the data from the gameplay simulator is adapted from analysis tools 

used in previous studies of aiming. I modified the tool to sort the data from the simulated players 

and compute the metrics we needed to evaluate the aim assistance algorithms. 

This thesis is organized as follows: in chapter 2, we review background information and 

related work on exergames, game balancing, aiming, and existing forms of aim assistance. In 

chapter 3, we investigate aiming in more detail and define aimed actions in games. We then 

introduce the taxonomy and illustrate its axes using examples of existing games. In chapter 4, we 

show how the taxonomy of aiming can influence the design of aim assistance algorithms. We 

detail the aim assistance algorithms that we designed for three games in Liberi: Gekku Race, Biri 

Brawl, and Bobo Ranch. In chapter 5, we detail our investigation of the designed algorithms and 

the study performed using our gameplay simulator. Finally, in chapter 6, we discuss the results of 

this study and the implications for future work. 
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Chapter 2 

Background 

In this chapter, we discuss related work to give context for the contributions of this thesis. 

We begin with a discussion of aiming and early research regarding target acquisition. We then 

review different mechanisms used to aim on a computer. Next, we explore how various 

physiological factors can affect a person’s ability to aim. We look at the effects of old age, lack of 

vision, and neurological conditions on a person’s aiming ability.  We then review aiming in the 

context of digital games, and what systems players use to perform aimed actions in games. Next, 

we review game balancing and how the rules of a game can be tuned to customize the game’s 

difficulty to individual players. We then review aim assistance, a game balancing technique that 

attempts to make aiming easier. Finally, we give some examples of aim assistance algorithms that 

have been developed. 

2.1 Target Acquisition 

Early experiments were performed by Paul Fitts to determine how long it takes to model 

the time required to point at a target area [25]. In his experiment, subjects rapidly moved a stylus 

between two metal plates as fast as possible for 15 seconds. Fitts measured the time it took to 

move between the two plates and compared the times as he changed the distance between the 

plates and the width of the plates. 

These experiments showed that there is a relationship between the distance to the target 

(D) and the size of the target (W). Using this relationship, Fitts created a model of the difficulty 

of aiming called Fitts’ Index of Difficulty (ID): 

ID=log2(2D/W) 

Fitts law has been used to measure the time it takes to aim at a target by pointing with a 

hand or virtually using a mouse pointer or reticle. It has also been shown to apply using other 
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limbs such as feet [39] and a variety of input devices such as lip controllers [42], head tracking 

controllers [63], and eye tracking systems [77]. 

2.2 Virtual Aiming Devices 

Virtual pointing on a computer is most commonly associated with a mouse [14,23]. The 

movement of the mouse is mapped to the 2D position of a pointer on screen. The user then clicks 

a button on the mouse in order to perform various functions on screen such as pressing buttons, 

highlighting text, or moving windows. The mouse is one of the most common input devices as it 

offers users control and a high level of precision. Users are able to perform text selection tasks 

faster using a mouse than with a joystick or keyboard [27]. 

Video game consoles are not traditionally designed for use with a mouse and keyboard 

interface, and instead use game controllers to facilitate aiming. Historically, these controllers had 

buttons that players used to move on-screen objects. However, some early game consoles, such as 

the Magnavox Odyssey [19] used dials instead of buttons. Many game controllers use joysticks in 

place of or in addition to buttons to aim.  

Some game controllers allow players to aim with more physical gestures, such as by 

pointing at the screen. The Nintendo Wii uses the Wii remote device that allows players to aim 

using a combination of gyroscopic controls and reflected infrared light. As well, the Xbox Kinect 

camera captures players’ arm movements, allowing players to aim by pointing their limbs. 

 

Figure 1: Examples of game controllers. The Magnavox Odyssey (left) uses dials for aiming, 

while the Nintendo Entertainment System (middle) uses buttons. The Dualshock 4 

controller for the Playstation 4 (right) uses directional buttons, as well as two joysticks. 

Images from Evan-Amos, marked as public domain 
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More recently, touch has been used as a method for aiming. Modern phones and laptops 

are built with capacitive screens that allows users to point with their fingers. The use of touch 

input can improve the accuracy and speed of aiming tasks [70]. Additionally, users may also find 

this form of pointing more enjoyable and intuitive. However, mouse input is still more effective 

in some cases requiring single point selection [27].   

2.3 Physiological Effects on Aiming 

Performing aiming tasks requires an individual to use sensory information to decide the 

direction in which the action should be performed. Then the individual must be able to physically 

perform the action in the selected direction. Coordination of multiple limbs may be required to 

perform the action accurately [21]. Furthermore, the individual may also need to plan ahead in 

order to coordinate the individual’s brain and body [74]. 

Practicing an aimed action has also been shown to have physiological effects on 

participants [61]. Moore et al.’s showed that consecutive practice of an aiming task resulted in 

muscles contracting less to perform the aiming task, indicating a reduction in unnecessary neural 

activity [52]. Their results indicate that as people practice, they move between two different 

control strategies based on their experience. When the participant first attempts a task, they 

contract their muscles more to slow their arm’s acceleration. As the participant becomes more 

experienced, participants relax their muscles more, allowing their arm to accelerate faster. These 

strategies activate different areas of the brain, indicating that as players practice an action they 

may rely on different areas of the brain to aim. 

The role of the brain’s different hemispheres in aiming tasks has been studied [34]. 

Unilateral stroke patients were studied, comparing subjects with damage in the right and left 

hemispheres. In tests of movement time, accuracy, and reaction time, patients with damage to the 

left hemisphere performed worse than subjects without brain damage. However, performance was 

not impaired for patients with damage to the right hemisphere. 
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Age has been shown to have an effect on aiming ability [29,65]. People over the age of 

40 have been shown to take longer to perform aiming tasks than younger participants. 

Furthermore, when vision of the participants hands was obscured, older participants struggled to 

perform aiming task when compared to younger participants. These participants used more tactile 

cues and adjusted their posture more than younger participants. 

Neurological conditions can have a significant impact on a person’s ability to aim well. 

Conditions that cause tremors, such as Parkinson’s disease, may make it difficult for people to 

keep limbs steady and aim accurately at targets. While elderly subjects with and without 

Parkinson’s disease are able to acquire targets at the same rate, parkinsonian patients have a delay 

in coordinated hand movement [69,26]. Patients with Parkinson’s disease perform aiming tasks 

step by step. These patients must acquire visual confirmation of the target before proceeding with 

subsequent steps of an aiming task. This indicates that parkinsonian patients are not able to plan 

on the basis of upcoming targets [62]. Kerr et al suggest that subjects with Parkinson’s disease are 

not always able to control how much initial force they use when performing an aiming task [62]. 

Additionally, parkinsonian patients struggle to sense the position of their limbs without visual 

cues [60]. Parkinsonian patients are able to use advance information to initiate movements more 

rapidly; however, this ability requires practice [47]. 

There is also evidence to suggest that depression may further lower the ability for precise 

coordinated hand-arm movements in people with Parkinson’s disease [46]. Participants that 

showed major intensity depression performed aiming tasks less accurately than patients with 

minor symptoms of depression. This is potentially explained by a lack of motivation from people 

with depression to perform the aiming task, or impairment of motor functions controlled by the 

frontal lobe. 
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2.4 Aiming in Games 

Many games feature aiming as a primary mechanic in a variety of different forms. 

Aiming tasks can range from shooting a weapon at a moving or stationary target, directing a 

vehicle to stay on a track, or striking another object such as a golf ball towards a destination. 

Digital games often use visual user interface features to help players aim their projectile. In order 

to show where the player is aiming, different visual indicators have been implemented in games.  

In games where players aim at a target from a first-person perspective, a targeting reticle 

is a mechanism to visualize where they are aiming (Figure 10). A targeting reticle appears on the 

screen as a crosshair and indicates the expected direction of the player’s projectile [41]. The 

reticle follows the player’s view as they move around the game environment. In order for the 

player to hit their target, they need to overlap the reticle with their target. 

In studies, Fitts’ law accurately modelled the time required to aim and fire at targets in 

3D environments in first-person shooting games [41,47]. Participants additionally found aiming 

in the game more appealing than the traditional Fitts’ Law tests using a mouse pointer, potentially 

making this a more useful tool for performing Fitts’ Law experiments.   

 

Figure 2: The blue, circular targeting reticle in the centre of the screen shows where the 

rifle will fire in Halo: Combat Evolved [11]. 
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Figure 3: The blue arrow shows the path of a projectile in League of Legends [59]. Any 

units in this path will be hit by the projectile from the player. 

Games with a top-down isometric perspective may also involve aiming. In these games, 

targeting reticles do not always appropriately convey where a player is aiming. Targeting reticles 

are useful for aiming when the projectile’s path aligns with the player’s view such as when the 

player fires a weapon in a first-person shooter (Figure 11). With top-down games, the projectile 

does not align with the player’s view of the world and a targeting reticle may not show the correct 

path of the projectile. This type of aiming is common in Multiplayer Online Battle Arena 

(MOBA) games such as League of Legends [57]. These games use customized targeting 

indicators that show the direction from the player’s avatar that the projectile will fire, and how far 

the projectile can travel (Figure 11). 

 

Figure 4: In Liberi, the silver arrow (directional indicator) shows where the player is 

aiming from their Gekku (their avatar). When the player moves their joystick, the silver 

triangle moves to show where they are aiming. 



 

14 

 

Top-down and isometric games may also use a directional indicator (Figure 12). Unlike 

the targeting indicators used in MOBA’s which show range, distance indicators show just the 

direction from the player the projectile will go. In Liberi [35,75], an arrow shows the direction 

that the player is currently aiming with their controller (Figure 13). When the player fires, the 

projectile moves in the direction that this directional indicator is pointing. 

2.5 Game Balancing 

People are motivated to continue a task when their perceived skill level matches the 

perceived difficulty of the task. When these two components are balanced the person can attain a 

“flow state” [1], where the person is optimally challenged and confident in their ability to carry 

out the task. When a task is too simple, people can become bored with it and if it is too 

challenging they may become frustrated [35]. Either of these outcomes are likely to have the 

player unmotivated to continue with the task. 

Balancing a game’s difficulty involves adjusting the game so that the player is in a flow 

state as they are playing [66,67,40]. If the difficulty of a game’s mechanics (the rules of the game 

and how the player interacts with the game) are not matched to the player’s skill level, then they 

are less likely to continue playing [67]. A player’s ability to be successful in a game can be  

 

Figure 5: The flow model [1]. 
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affected by factors such as reaction time, manual ability, strategy, and pattern matching [43]. 

Because exergames require physical exertion, a player’s physical fitness may have an impact on 

player success in the game. This necessitates balancing physical requirements as well as game 

mechanics in exergames. 

Game balancing algorithms function to match the difficulty of a game’s mechanics with 

the player’s skill level. They can achieve this goal by either helping a player perform a 

challenging task such as aiming or steering or changing the rules of the game to match the 

player’s current skill level. 

2.5.1 Skill Assistance 

By helping a player perform a task in game, it is possible to make a game easier for a less 

skilled player [67]. For example, if a player has difficulty steering, a steering assistance algorithm 

can attempt to detect where the player intended to move and help them move towards their 

desired location. Often these tasks require aiming or directing their avatar using a combination of 

buttons and joysticks on a game controller. Players with deficits in fine motor control may be 

challenged by aiming with a joystick and therefore may not steer or aim well in game. Aim 

assistance can help players aim accurately and has been shown to improve competition where 

players have unequal skill [9].  

2.5.2 Difficulty Adjustment 

Game difficulty can be adjusted by changing the parameters or rules of a game [67]. In 

exergames, difficulty may be measured as how much exertion is required to be successful in 

game. Even small differences in physical abilities can result in one player constantly winning or 

losing [35]. Therefore, it is important to adjust the difficulty of the game so that players are 

exerting with equal effort [64]. If the difficulty of the exercise is set to match the player’s ability, 

a less physically fit player would have a greater chance at winning and reduce frustration due to 

an insurmountable challenge [35].  
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2.5.3 Balancing Around Gross Motor Function 

It can be difficult for people of disparate levels of fitness to play exergames together as a 

less fit player may not be unable to perform the physical tasks with proficiency [76]. Particularly 

in competitive games, repeatedly losing can be demotivating and result in a lack of interest in the 

game [64]. To create a balanced exergame, it is important to measure the player’s performance 

relative to their effort in performing the exercise. One method of measuring this is through heart 

rate scaling [64]. As a player’s heart rate approaches the ideal range for improving cardiovascular 

health, their avatar increases speed. This goal is relative for every person as a more fit person 

would have to work harder to get their heart rate into this range. Therefore, it allows players of 

disparate fitness levels to compete fairly and receive the benefits of exercise. 

Jogging over a Distance [53,54] also uses heart rate to balance play. In this game, players 

jog at the same time in separate locations wearing heart rate monitors. The game uses spatialized 

sound to indicate how close each player is to their target heart rate. This encourages competition 

as each player is motivated to get their heart rate to the target so that they are “in front”; however, 

because each player’s target heart rate is measured relative to their physical fitness, it is possible 

for a less fit person to have a chance against more experienced runners. 

2.6 Aim Assistance Algorithms 

Aim assistance algorithms are used to assist players in performing aimed actions. Aim 

assistance algorithms modify the systems of the game so that a player’s success with an aimed 

action is less dependent on their aiming ability. This can be done in a variety of ways such as 

manipulating the distance to the target or the size of the target [41]. Some algorithms change how 

player inputs affect the game such as by automatically moving the player’s targeting reticle 

towards a target, or by steering a player’s avatar away from hazards.  

There are questions as to whether aim assistance algorithms prevent the improvement of 

less skilled players. The guidance hypothesis [71] suggests that helping players perform an aimed 
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action will slow their learning of that action. However, when given aim assistance, players have 

been shown to improve at the same rate as those without [33]. This indicates that aim assistance 

algorithms can be an effective way to create balanced game difficulty as players learn how to play 

a game. 

In order to support the wide range of aimed actions that exist, many different algorithms 

have been implemented in games. The following are examples of implementations of aim 

assistance algorithms. 

2.6.1 Area Cursor 

The area cursor is a method to increase the size of a user’s pointer to make it easier to 

select a target. It is often used with computer mouse pointers to assist users that have trouble 

selecting objects with the input device [73,18]. When the user presses the mouse button, the 

computer checks an area that surrounds the mouse pointer’s location for any selectable objects. 

When used in first person shooting games, the area cursor increases the physical area that 

is checked for intersection when a shot is fired [67,68]. For the player, their reticle may not 

visually align with their desired target perfectly. However, the assistance algorithm will register a 

hit in a larger area than appears on screen. 

Variations of the area cursor help to resolve issues with aiming at multiple targets at once 

A bubble cursor [32] dynamically resizes based on selectable objects near the mouse pointer so 

that only one item is selectable at a time. This prevents multiple items from being selected 

unintentionally. The adaptive area cursor [44] assigns percentages to objects based on size. The 

algorithm assigns higher values to smaller and harder to select targets. The algorithm then selects 

the object with the highest value. 

2.6.2 Bullet Magnetism 

When bullet magnetism is applied, projectiles bend their path towards a target [67,68,66]. 

This technique is used typically in first-person shooter games where projectiles collide with 
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enemies. It results in a similar effect to the area cursor as bullets will move towards a target, 

effectively creating a larger target to hit. This method of aim assistance can be less intrusive than 

an area cursor [66] as it does not manipulate how the player’s reticle behaves in game. The degree 

to which projectiles’ paths bend can be changed depending on the player’s skill level, with targets 

pulling projectiles more strongly for novice players. 

2.6.3 Sticky Targets 

Sticky targets pull the player’s targeting reticle so that the player is forced to aim at the 

target. [5,49]. When a player aims near a sticky target, their aim is adjusted to point towards the 

target. This is often used to pull a user’s mouse pointer to a selectable object, or to move a 

targeting reticle over a target. 

The stickiness of a target can be adjusted, changing how hard it is for the player to aim 

away from the target. At high levels of stickiness, the effects of this algorithm can be noticeable 

to players [49]. However, lower levels of stickiness, the algorithm is imperceptible and effective 

at balancing game difficulty. 

2.6.4 Steering Assistance 

Steering assistance helps players control their avatar by directing it towards a desired 

location [16]. This is more commonly used in racing games to help players avoid hazards while 

maintaining their speed. In racing games players typically have a target that they are attempting to 

move towards such as a goal line or checkpoint. Players with poor fine motor control may 

struggle to keep their avatar moving towards a target as well as dodging potential hazards 

quickly. 

Gutwin et al. [16] implemented an algorithm that adjusts how a player’s car would react 

to the player’s input. Their system compares the car’s current direction to the direction of the road 

and determines whether the player is moving on the optimum path. The algorithm then adjusts the 
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player’s steering proportionally to their skill level. This allows the algorithm to assist players that 

veer away from the road by directing them back towards the centre. 

2.7 Conclusion 

In this chapter we reviewed target acquisition and how it pertains to computer aiming 

tasks. Next, we reviewed various physiological factors involved in aiming, and how these factors 

can lead to differences in aiming ability. We then reviewed aiming in games and the various 

mechanisms that exist to help players perform aiming tasks. We then described the notion of 

game balancing and how the difficulty of a game can be modified to match the skill level of its 

players. Games that require aiming can be balanced by making it easier for players to perform 

aiming tasks. We reviewed some examples of aim assistance algorithms that can be used to 

balance the difficulty of aiming tasks in games. Because aiming tasks in games are varied, it is 

important to choose an appropriate assistance mechanism for the specific game. This requires an 

understanding of different aiming tasks and a method of identifying how aiming manifests in a 

particular game. 
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Chapter 3 

Designing for Aim Assistance 

Games require players to perform actions. These actions vary depending on the genre of 

game and can include tasks such as shooting a rifle, driving a car, or kicking a ball. Many game 

actions are performed in a direction specified by the player. For example, the player fires their 

rifle at a specific target; the player steers their car towards a checkpoint; or the player kicks a ball 

towards a net to score a point (Figure 6). The act of determining the direction for an action is 

called aiming. Aiming in digital games is supported by systems that help the player determine 

where they are currently aiming and where their target is located. The methods that players use to 

aim in a game are called aiming mechanics. 

In this chapter, we show how aiming is supported in games and how games use visual 

features such as targeting reticles to help players aim accurately. We then introduce a taxonomy 

that allows us to compare different aiming mechanics. Using this taxonomy, we compare 

examples of aiming mechanics. Such mechanics include moving a joystick to direct a car, 

directed teleportation, and firing projectiles using a targeting reticle or a directional indicator.  

 

Figure 6: Three examples of aimed actions: firing a rifle in Call of Duty [2] (left), driving a 

car in a particular direction in Forza Motorsport 7 [51] (centre), and kicking a soccer ball 

at a target (right). 
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3.1 Common Aiming Mechanics 

In games, players aim using aiming mechanics. These mechanics allow the player to 

determine where they are aiming and to perform aimed actions. Typically, aiming mechanics 

have a visual indicator that shows where the player is aiming. 

In the first-person shooter genre of games, a common aimed action is firing a projectile at 

a target. These games use an aiming mechanic known as a targeting reticle to show the direction 

the player is aiming their weapon. A targeting reticle is an on-screen shape that shows where the 

player’s avatar is pointing their weapon and overlaps the location that the projectile will move 

towards when the player fires (Figure 7). For example, in the game Halo: Combat Evolved [11] 

players are tasked with shooting evil aliens with a variety of weapons. Depending on what 

weapon the player is currently using, the targeting reticle changes to best reflect where the 

weapon’s projectile will hit. For example, a single shot rifle with high accuracy has a small 

targeting reticle as the shots will hit a highly precise location, and a rocket launcher has a large 

reticle to reflect the explosion that results from a rocket. Targeting reticles are a widely used 

mechanic in first-person shooter games that allows the player to easily determine where they are 

directing their fire. 

 

Figure 7: In Halo: Combat Evolved [11], the targeting reticle is the four lines arranged in a 

broken circle in the center of the screen. The reticle indicates where the assault rifle is 

aiming and where bullets will hit. 
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In multiplayer online battle arenas (MOBA’s) such as League of Legends, the player 

views their avatar from above. The avatar has a set of actions that the player can aim at other 

entities in the game. For example, a player can use their mouse to aim a projectile from their 

avatar towards another player’s avatar to do damage to it. To support aiming in MOBA’s, a 

directional indicator is used to show the path of the aimed action. A directional indicator is an 

arrow that emanates from the player’s avatar that points towards the player’s mouse pointer 

(Figure 8). The arrow shows the path that the player’s projectile will take. 

A single game may afford multiple types of aimed actions. Some first-person shooters, 

for example, require players to aim their weapon at targets while simultaneously driving a 

vehicle. Therefore, a single game may provide multiple aiming mechanics, supporting a variety of 

different aimed actions. In the previous example, a directional indicator may be used to show 

where the vehicle is moving while a targeting reticle separately displays where the player is 

aiming a weapon mounted on the vehicle. Two different games may feature similar aimed 

actions, supported with different aiming mechanics. For example, first-person shooters like Halo: 

Combat Evolved use targeting reticles and MOBA’s like League of Legends use directional 

indicators to allow players to aim and fire projectiles. In order to support different aimed actions, 

it is important to be able to classify different actions and identify features that make a particular 

aiming mechanic effective. 

 

Figure 8: In League of Legends, players use their mouse to direct their avatar’s actions. The 

blue arrow indicates the path of a projectile. 
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3.2 Taxonomy of Aiming in Games 

In games, there are a great variety of aimed actions. A single game may feature aimed 

actions for different purposes such as aiming a projectile or moving a player’s avatar. Different 

games may also have aimed actions that are visually different but share common features. It is 

important to be able to see the similarities and differences between aimed actions. To do this, we 

propose a taxonomy that can be used to categorize aimed actions. 

We first reviewed how aiming was performed in both commercial and research-based 

games. It is not practical to review the aiming mechanics of every game that has ever been 

produced. To inform the design of the taxonomy, we considered 50 games (see Table 1). In order 

to ensure broad coverage of different styles of games, we drew the games we considered from 

both commercial and research games, and from 9 game genres. 

Games are often divided into genres based on their mechanics and the objectives of the 

game [4]. Examples of genres used to classify games include strategy, role-playing, or action 

games [8]. Genres are often subdivided; for example, action games can be divided into shooting, 

platform, or fighting games [72]. It is common for games to combine different genres or to 

incorporate mechanics found in other genres. For example, Contra is an action game where 

players move through a 2D level and shoot enemies. Players can jump onto terrain similarly to 

how players move in platform games like Super Mario. 

Most genres of games require aiming to perform tasks such as avatar movement or 

selecting objects. In our review, we focused on genres of games that use unique aiming 

mechanics or have aimed actions not found in other genres. As we explored the genres, we 

observed repetition of mechanics and aimed actions between games. We selected a set of example 

games that best illustrated different examples of unique aimed actions within that genre. We used 

this list to identify common properties of aimed actions between genres and create the taxonomy 

of aiming. 
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Table 1: Commercial and Research Games Sorted by Genre 

Genre Commercial Research 
Action League of Legends 

DOTA 2 
The Legend of Zelda 
Contra 

Bobo Ranch [36] 
 

Racing Mario Kart 
Forza 
Diddy Kong Racing 
Snowboard Kids 

Gekku Race [40,36] 
Skiing Mountain [38] 
Swanboat [6] 
 

Puzzle Angry Birds 
Portal 
Bubble Bobble 
Peggle 
Fruit Ninja 

The Multimodal Puzzle Game [15] 
NerdHerder [50] 
GrabApple [28] 

Fighting Street Fighter 
Soul Calibur 
Mortal Kombat 
Super Smash Brothers 

Biri Brawl [36] 
Rumble Robots 3D [31] 

Sports FIFA 
Madden NFL 
NBA 2K17 
Ice Hockey 

 

Target Duck Hunt 
Cabela’s Big Game Hunter 
Archery 

Custom First-Person Shooters [54,20] 

Shoot ’Em Up Asteroids 
Galaga 
Ikaruga 
Spacewar! 

Last Tank Rolling [30] 

Combat or Shooter Call of Duty 
Halo: Combat Evolved 
Doom 
Overwatch 
Robo Recall 

Custom First-Person Shooters [54,20] 

Platformer Super Mario 
Towerfall 
Banjo Kazooie 
Donkey Kong 64 

Dozo Quest [36] 
Gaze Based Platformers [55] 
 

Our taxonomy for aiming categorizes aimed actions based on three axes: immediacy (the 

time between a player performing an aimed action and the result of the action), target interaction 

(how the player aims at a target, either by pointing directly at it or pointing another entity in the 

direction of the target), and embodiment (whether it is the player’s avatar or another entity being  
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Figure 9: The taxonomy of aimed actions in games. Each of the three axes are labelled with 

points to indicate the discrete states. 

aimed). Each axis has a set of discrete states. An aimed action can be classified by its position on 

the three axes. A given game may have several actions that fall on different points in the 

taxonomy. The purpose of the taxonomy is not to classify an entire game, but to classify an 

individual aimed action in a game.   

3.2.1 Immediacy 

Aimed actions differ in the length of the delay between when the player is performing the 

action and the action completing. For example, if a player fires an automatic rifle at close range, 

the bullet will immediately hit or miss the target as soon as the player pulls the trigger. However, 

a golf ball may take several seconds to reach its ultimate destination. Therefore, the player needs 

to wait to see if it reached the hole.  

Immediacy characterizes the delay between the player performing an aimed action and 

the consequences of that action. In the previously discussed example of Halo: Combat Evolved, 

the assault rifle’s bullets have no travel time from when the player pulls the trigger to when the 
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bullets hit their target. This is an example of Instant Immediacy. Another weapon in the game is 

the rocket launcher which uses missiles that move slowly. After the player fires the rocket 

launcher, it may take several seconds for the rocket to arrive at the target and detonate. This is an 

example of Delayed Immediacy. In some cases, the aimed action requires the player to aim 

throughout the aimed action. In racing games, such as Forza, the player must continuously steer 

their vehicle until it has reached its destination. This is an example of On-Going Immediacy. 

3.2.1.1 Instant 

Instant actions have no delay from when the player performs an action to when that 

action affects the target location. This level of immediacy is common in first-person shooters that 

use fast moving projectiles. The projectile from these weapons would have to move so fast that 

players would not be able to perceive the travel time and would not be able to react to the player’s 

input. Therefore, the game simply checks where the player is aiming at the moment of input and 

registers the hit on that area. Some weapons in Overwatch [3], for example, fire high precision 

projectiles that do not have travel time (Figure 10). When the player pulls the trigger, the game 

checks to see what the player’s reticle is overlapping at that moment. The game then determines 

what (if anything) the player’s shot hit and immediately applies the consequences of that hit (for  

 

Figure 10: In Overwatch, firing the sniper rifle has instant immediacy. Immediately after 

the player presses the left mouse button, whatever the targeting reticle (the red cross at the 

centre of the screen) is overlapping will be hit. 
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example, the target loses hit points or dies). In this way, there is no delay between input and 

result. 

Avatar movement often has instant immediacy. In Overwatch, when a player pushes a 

button or moves a joystick, their avatar moves instantly in the direction specified. This movement 

mechanic is common in a variety of genres such as first-person shooters, platforming games, and 

fighting games. Instant immediacy is important in these aimed actions as the player must be able 

to quickly move to avoid hazards and projectiles from other players. 

3.2.1.2 Delayed 

Delayed actions have a period of time between the player performing an action to that 

action affecting the target location. When a player is aiming a slow-moving projectile, it takes 

time for the projectile to reach its target. This behaviour is drawn from traditional sports such as 

baseball, basketball, or football, where a ball takes time to move through the air.  

Delayed aiming actions may also involve charging a weapon before it can fire. In Halo 3 [12], 

when a player first fires the spartan laser it requires a few seconds to prepare, then it fires a fast-

moving projectile at the reticle’s location. There is little to no travel time for the projectile, but  

 

Figure 11: In Halo: Combat Evolved, the rocket launcher fires slow moving missiles at a 

target location as shown by blue crosshair in the middle of the screen. In order to hit a fast 

moving target, the player must predict where they are moving to account for this. 
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there still exists a delay from the player’s input to when the player sees the result of their action. 

 Particularly when aiming at moving targets, a delayed aimed action may require the 

player to aim their shot at where they expect the target to move rather than aiming directly at their 

target. Because there is a delay between the player’s input and the projectile landing, the player 

must predict where the target will be after the delay and aim at the predicted location. 

3.2.1.3 On-Going 

In the examples we have discussed so far, aiming occurs once during an aimed action. 

Even when an action has delayed immediacy, once the player has triggered the action the player 

has no further impact on the action. In the rocket launcher example, once the player fires the 

rocket they are not able to adjust the rocket’s trajectory and can only wait for the rocket to reach 

its destination. In other games, the player must continue to aim throughout an aimed action, 

meaning that the interaction is on-going. 

When a player steers a car, such as in Mario Kart 8, the player is aiming their vehicle 

towards a specific location on the track. In order to get to that destination, the player has to steer 

themselves towards it as their vehicle moves. The aimed action in this example is maneuvering 

the vehicle towards a specific direction. In order to accomplish this, the player must steer the 

vehicle repeatedly until the vehicle finally moves to the destination. When an aimed action 

requires the player to aim continuously throughout the action, the action has on-going immediacy. 

This is exemplified by actions that feature a “charging” mechanic. The railgun in Halo 3 

has a brief delay between when the player pulls the trigger and when the projectile is launched. 

The weapon has to “charge up” enough power to be able to shoot at the target. During this time, 

the player is able to move the weapon and adjust their aim until after the charge up delay has 

passed. After the delay, wherever the player is aiming will be immediately hit by the fast-moving 

projectile.  
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3.2.2  Target Interaction 

Games feature a variety of ways to interact with targets. In first person shooters, players 

aim at their target by overlapping it with a targeting reticle. In these games, the player aims at the 

target directly. In games with a top-down perspective, such as League of Legends, players may 

not be able to interact directly with their target. Instead, players aim in a target direction towards 

their target. Particularly, in top-down games such as multiplayer online battle arena (MOBA) 

games, the player aims by creating a line from their avatar to the target using a directional 

indicator. Many characters in League of Legends fire projectiles from their avatar in the direction 

of the player’s mouse. The player aims by choosing the direction that the projectile will move. In 

billiards and golf, players indirectly interact with their target by aiming through another object, 

such as the cue ball or golf ball. 

3.2.2.1 Direct 

In most first-person shooters, players directly place their targeting reticle over their 

intended target. When the player fires their weapon, the projectile moves towards whatever object 

their reticle is overlapping. Therefore, in order to hit their target, the player must aim by directly  

 

Figure 12: In League of Legends (left) players aim indirectly by choosing a direction 

towards a target. In Halo (right) players directly aim at their target with their reticle. 
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referencing their target with the targeting reticle. This form of target interaction is considered 

direct.  

In Elder Scrolls V Skyrim [10], players interact aim at targets using a targeting reticle, 

like in other first-person shooters (Figure 13). This game features a variety of direct aimed actions 

such as firing arrows from a bow, casting spells on other characters, and swinging melee 

weapons. In each of these actions, players aim directly at their target with their targeting reticle.  

3.2.2.2 Indirect 

Some aiming mechanics do not allow players to directly reference their target. In games 

such as miniature golf, players do not have any mechanics or visual indicators that reference the 

hole specifically. Instead, the player aims at a particular place on the ball so that when they strike 

the ball it moves towards the target. We term this indirect target interaction, as the player is 

aiming without directly referencing the ultimate target. This level of target interaction is also seen 

in MOBA’s such as League of Legends. A player may want to hit a distant location with a long-

range projectile. The player does not place their mouse pointer at the target location, but instead 

moves their avatar’s directional indicator in the direction of the target. 

 
Figure 13: The white circle indicates where the player is currently aiming in Elder Scrolls: 

Skyrim. When the player attacks, they will swing their sword in a line through the circle. 
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3.2.3 Embodiment 

Aimed actions require players to move a game entity to a desired location or in a desired 

direction. This entity often takes the form of a projectile from a weapon or in traditional sports, a 

ball. Some aimed actions involve movement of the player’s avatar. In order for the player to 

move their avatar to a desired location, the game will provide mechanics for the player to aim 

their movement. When investigating an aimed action, it is important to understand what entity is 

being moved by the aimed action. 

Embodiment distinguishes whether the aiming is applied to the player’s avatar or to some 

other entity. When the player’s avatar is the entity that moves in the aimed action, the aimed 

action has self embodiment. Many games feature mechanics to move their avatar in an 

environment, such as steering a car, or moving the player character in a first-person shooter. 

Aimed actions that move another entity in the environment have other embodiment. Typically, 

these aimed actions involve moving a projectile towards a target. 

3.2.3.1 Self 

In Angry Birds [17], players must defeat an army of green pigs by destroying their houses 

(Figure 14). Players control a variety of different birds. Some birds have abilities that the player 

can activate such as causing the bird to explode or drop bombs in flight. In order to attack the 

pigs’ structures, players fire their avatar out of a slingshot. In order to maximize the damage done 

to structures, players must aim the bird’s trajectory accurately and use its abilities at the proper 

time. This example shows an aimed action with self embodiment. 

Many games require players to aim their avatar’s movement.  In racing games such as 

Mario Kart 8, the player must steer their avatar towards a destination, making sure to avoid 

hazards that would harm the player. First-person shooter games also require the player to move 

their avatar in order to dodge enemy fire and also position themselves so they can shoot enemies. 

When an aimed action results in the player’s avatar moving, that action has self-embodiment. 
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Figure 14: Players fire their bird using the slingshot to the left of the level. The black bird 

has the ability to explode when the player presses the screen, causing additional structural 

damage. 

3.2.3.2 Other 

When a player is directing another entity in the game towards a target location or 

direction, the aimed action is other-embodied. In other-embodied actions, the entity being aimed 

is often some form of projectile such as a bullet or ball (Figure 15). In first-person shooters, the 

player controls the direction of a projectile being fired by a weapon. The entity being aimed is 

therefore the projectile and not the player. Similarly, in American Football, when a quarterback 

throws the football towards another player, the entity being aimed is the football. 

 
Figure 15: In Halo: Combat Evolved, when a player throws a grenade, they are controlling 

where an entity other than the player’s avatar will travel. This action has other embodiment. 
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3.3 Applying the Taxonomy 

Games support a wide variety of aimed actions. Different games can have different aimed 

actions that serve similar functions. For example, many games have players firing projectiles at 

targets. However, as we have seen, firing a projectile in a first-person shooter is a different aimed 

action than firing a projectile in a MOBA. Using the taxonomy of aiming it is possible to compare 

similar activities in games and identify the differences between their aimed actions. To illustrate 

this, we have selected two common activities that players perform in games: firing projectiles and 

moving an avatar. We identify different mechanics in games for completing each activity and the 

differences between aimed actions in these games.  

3.3.1 Firing Projectiles 

Projectiles are common in a variety of games, both physical and digital. Sports such as 

baseball, golf, and rugby have players perform various aimed actions involving projectiles, with 

players kicking, striking, and throwing a ball at a target location or player. First-person shooters 

and MOBA’s both require players to be able to aim a variety of projectile weapons at targets in 

order to do damage to opponents. 

Players often use a variety of different weapons in first-person shooters, each of which 

may fire projectiles that move at different speeds. Some weapons fire quickly, with instant level 

immediacy, while other weapons may fire delayed projectiles such as rockets or grenades. How 

players aim a projectile may change depending on their view of the game and the mechanics they 

are given. When a player is aiming with a targeting reticle they are interacting with the target 

directly and given a clear view of where the projectile will go. When firing projectiles in 

MOBA’s, they are viewing the game from above, and aim indirectly at their target through their 

avatar. 
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Figure 16: Three examples of firing projectiles in games and where they fit on the taxonomy 

of aiming. (a) In purple, sports such as football and first-person shooters using slow moving 

projectile weapons such as the rocket launcher in Halo 3 (Delayed, Direct, Other). (b) In 

yellow, first person shooters that use instantaneous projectiles such as Overwatch (Instant, 

Other, Direct). (c) In red, aiming in MOBA’s is shown using a directional indicator 

(Delayed, Indirect, Other).  

Many physical sports require players to throw projectiles at targets. In football for example, 

the quarterback is required to throw the ball long distances to a running player. This requires 

coordination between the receiving player and the quarterback so that the ball reaches the running 

player. Because the football takes time to reach the quarterback’s target, the quarterback must 

account for the travel time and aim where they think the receiver will be. The quarterback must 

account for the delayed immediacy of the aimed action in order to accurately pass the ball. 

Delayed aimed actions are also seen in first-person shooters such as Halo: Combat Evolved. 

The rocket launcher fires a slow-moving projectile that takes time to reach its destination. 

Therefore, the player must account for the delayed movement and predict the enemy’s movement. 

In first-person shooters with slow moving projectiles, the aimed action is classified as having 

Delayed Immediacy (the projectile takes time to arrive at target), Direct Target Interaction (the 
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player lines up a targeting reticle directly with the target), and Other Embodiment (the projectile 

is the entity being aimed). 

In some first-person shooting games, the travel time for some fast-moving projectiles is 

ignored in order to simplify hit registration. When a player is using a sniper rifle in Overwatch, 

the game checks to see if the player’s reticle is overlapping a target when the player pulls the 

trigger. If the reticle overlaps, it is registered as a hit, but no bullet is fired. This creates the effect 

of an extremely fast projectile and gives instant feedback to the player of whether or not they hit 

the target. In this case, the aimed action is classified as having Instant Immediacy (the bullet 

immediately arrives at the target when the player pulls the trigger), Direct Target Interaction (the 

player still overlaps their targeting reticle with the desired target), and Other Embodiment (the 

entity being aimed is the projectile from the rifle). 

Some physical sports involve indirect interaction with the target. Putting in golf requires the 

player to strike the ball in the direction of the hole. The player’s ultimate target is the hole, but in 

order to reach it, they must aim their strike against the projectile. Many factors can influence the 

ball along this path during its travel time to the hole including the slope of the terrain and the 

texture of the grass, which the putting player must predict. 

MOBA’s such as League of Legends also have indirect target interaction. In these games, the 

player aims by pointing directional indicator towards their target. Similar to putting, the player 

does not interact directly with the target, and instead is aiming in the direction of the target 

through their avatar. These aimed actions are classified as having Delayed Immediacy (the ball 

takes time to travel to the target), Indirect Target Interaction (the player chooses a direction to the 

target, but does not have any direct contact with it), and Other Embodiment (the projectile is the 

entity being aimed). 
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3.3.2 Avatar Movement 

Player movement is an important part of how a player interacts with a game. Players may 

need to move to avoid hazards such as projectiles, or position themselves to be able to shoot 

projectiles at a target. Even simple games usually require the player to move some game entity 

from one location to another in order to interact with the game world. This could involve moving 

closer to an entity to communicate with it, or moving to a location to engage enemy units. In most 

games, it is important for players to choose which direction they move in carefully and 

accurately. In order for the player to be successful, the player must be able to aim their own 

avatar effectively. Various mechanics have been designed to help players control their movement. 

 

Figure 17: Three examples of aimed avatar movement in games and where they fit on the 

taxonomy of aiming. (a) In blue, steering in Mario Kart 8 is displayed (On-Going, Indirect, 

Self). The player's wheels move immediately when the player tilts their joystick. This causes 

the vehicle to turn towards a direction. (b) In red, teleporting in VR such as in Robo Recall 

(Instant, Direct, Self). Players aim where they will teleport to using their motion controllers. 

The blue arc indicates where they will teleport to (middle). (c) In green, players fire their 

avatar at structures in Angry Birds (Delayed, Indirect, Self). Players use the arc that 

appears on screen to aim where their avatar will fly. In these three examples, the connecting 

point is the Self Embodiment, while they occupy different points on the other axes. 



 

37 

 

In racing games, the player needs to aim their avatar in order to follow the racetrack and to 

avoid obstacles in their path. In Mario Kart 8 [56], players accomplish this by turning their 

vehicle’s wheels so that they move in a desired direction (Figure 12a). The vehicle’s turning is 

mapped to the player’s controller so that when the player tilts their joystick, the wheels 

immediately turn. In order for the player to move their kart to a desired location they must steer 

the wheels in the direction of their target and accelerate forward. The player must continuously 

aim until they arrive at their destination. This aimed action is classified as On-Going Immediacy 

(the player steers the vehicle throughout aiming), Indirect Target Interaction (the player aims 

towards their destination through their kart), and Self Embodiment (the player’s kart is the entity 

being aimed). 

Some VR games have adopted a different style of movement. Simulator sickness is an issue 

caused when player’s perceived movement in the virtual environment does not match with their 

actual movement in the physical world [13,57]. This can result in players feeling nauseous or 

experiencing vertigo. Typically, in first-person shooter games, players move their avatars 

continuously towards a location by tilting an analogue stick. The avatar walks to that location at a 

set speed. However, this continuous movement can result in simulator sickness in a virtual 

environment. Therefore, there needs to be a mechanism to move the player larger distances. Some 

VR games use a teleportation mechanic to accomplish this. In Robo Recall [24] players move 

large distances by pressing a button on their controller and pointing where they want to go 

(Figure 12b). The desired location is selected by pointing a targeting reticle. The player clicks a 

button and their avatar is instantly teleported to the desired location. It is important that players 

carefully aim the teleportation in order to dodge enemies and avoid environmental hazards such 

as fire. This aimed action is classified as Instant Immediacy (the teleportation happens 

instantaneously), Direct Target Interaction (the targeting reticle directly shows where the player 

will move), and Self Embodiment (the avatar itself is moved). 
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The game Angry Birds [68] is another form of player movement, where the player avatar 

functions like a projectile (Figure 12c). Players control small birds by launching themselves at 

enemy structures to gain points and defeat enemy pigs. The player pulls a slingshot to the left, 

which draws an arc in the air to show where their projectile bird will fly. At each stage of the 

game, the player may control a different type of bird that may fly at a slightly different speed. 

These birds may also have different abilities that the player can control such as dropping bombs 

or boosting upwards. In order for the player to guide their avatar into the target, they must 

carefully aim themselves in the correct arc, and make sure they wait for the right time to fire to 

maximize the damage their abilities can do. In this case, avatar movement is classified as Delayed 

Immediacy (the player’s bird flies through the air after being fired), Indirect Target Interaction 

(the player aims by using an arc in order to determine trajectory and must approximate the path to 

the target), and Self Embodiment (the entity being aimed is the player’s avatar).    

 In this chapter, we examined the different components of aimed actions, and how they 

can be used to compare aiming in games. Identifying these components allows us to create a 

taxonomy for aimed actions that can be applied in a variety of games. Using the taxonomy, we 

can see that even in common activities such as avatar movement and firing projectiles, there are 

great differences in how players aim and what mechanics exist to support aiming. Understanding 

aimed actions allows us to identify the significant features of them and may allow designers to 

identify sources of difficulty in aimed actions. Once the aimed action is understood, it is possible 

to design aim assistance algorithms that can reduce the difficulty of aiming. 
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Chapter 4 

Aim Assistance in Liberi 

Aiming is important in the play of many digital games. A player that is unable to 

accurately hit targets will be less successful than a player who consistently hits targets. Therefore, 

players with lower aiming ability may find a game more difficult. In some cases, a player’s 

progress in the game will be completely blocked if they cannot aim accurately. For example, in 

many first-person shooter games, players cannot advance through stages in a game unless they 

defeat enemies by shooting them. Many games require players to quickly hit targets in order to 

maximize points. For example, Halo: Combat Evolved features a competitive multiplayer mode 

where players can shoot and kill each other’s avatars to score points. In order to score the most 

points, the player must be able to accurately and quickly hit as many targets as possible. Players 

that take too long to aim or are unable to aim accurately will not be able to compete with players 

that have a higher aiming ability.  

Many games employ assistive algorithms to adjust the difficulty of performing an aimed 

action to match a player’s skill level. Bullet magnetism, for example, causes projectiles to be 

pulled towards the target, allowing the player to hit a target as long as they are aiming close to it 

[9,28]. Alternatively, an area cursor increases the area of a target that counts as a successful hit 

[9,28]. Both of these algorithms help players that have difficulty firing a projectile by making the 

target easier to hit. Assistance algorithms are also used for other aimed actions, such as avatar 

movement. In racing games, players may struggle with following a racetrack or steering their 

avatar away from environmental hazards. A steering assistance algorithm can be used to help 

players steer accurately by correcting their avatar’s path if it moves too far from the middle of the 

track. These examples show that different aimed actions require different forms of assistance and 

in order to effectively assist the player, it is important to understand the aimed action. 
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Using the taxonomy of aiming presented in chapter 3, we are able to express what makes 

up an aimed action. Designers can use the taxonomy to compare assistance algorithms, and based 

on the action’s placement, determine which algorithm is most helpful. In this chapter, we use the 

taxonomy to classify aimed actions in three games in the Liberi suite of exergames. Based on 

their classifications, we then present the design of assistance algorithms for those games.  

4.1 Liberi 

Liberi is a collection of exergames that are played using a PC controller and recumbent 

bicycle. Players control their avatars using buttons and joysticks on the controller, as well as 

pedaling their bicycle. As a player increases their pedaling speed, their avatar is able to move 

faster in game.   

Liberi features seven mini-games including racing, fighting, and arcade games. Each 

mini-game features multiple aimed actions including avatar movement to firing projectiles. Liberi 

uses a directional indicator to help players aim (Figure 18). When a player moves their joystick, a 

small chevron beside their character points in the direction that the player has moved their 

joystick. This mechanic allows the player to direct their avatar and to aim projectiles. 

 

Figure 18: The chevron (circled in red) is pointed to the right of the avatar to indicate that 

the player is pointing right with their joystick 
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Five of Liberi’s mini-games are competitive multiplayer games, requiring players to aim 

at targets quickly in order to score points or catch up to an opponent. As will be shown in chapter 

5, it can therefore be difficult for players with lower aiming ability to perform as well as 

opponents with higher aiming ability. 

We review aimed actions in three of Liberi’s games: Gekku Race, Bobo Ranch, and Biri 

Brawl. Gekku Race is a competitive racing game where players race lizards known as “gekkus” 

towards the finish line of a vertical race track. Players are able to fire cashews at other players to 

briefly stun them. Bobo Ranch is a competitive arcade game where players fly birds called 

“woopees” in order to scare flying sheep known as “bobos” into a barn. Players compete to see 

how many bobos they can scare into the barn in one-minute rounds. Biri Brawl is a top-down 

fighting game where players control squid-like “biris” and attempt to punch each other to score 

points.  

 

Figure 19: The three games and their respective placement on the taxonomy. In red, Gekku 

Race (A), in green, Bobo Ranch (B), and in blue, Biri Brawl (C) 
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These three games were chosen in order to illustrate three different points on the 

taxonomy. Each game features an aimed action with a unique classification., This allows us to 

show how aim assistance algorithms can be designed for different types of aimed actions. We 

also selected these games because we had access to their source code, allowing us to modify them 

to include novel aim assistance algorithms.  

The mini-games in Liberi are designed to be easy to learn [35]. Originally, they were 

designed to be played by children with disabilities. For this population, differences in aiming 

ability can make it difficult for children to play together [40]. These games were selected as they 

would benefit from the addition of aim assistance algorithms to help balance game difficulty. 

For each of these three games we first introduce the game and explain the rules in detail. 

Then, we identify the primary aimed action in the game and show how it fits into the taxonomy of 

aiming. Using this, we then identify the need for assistance and present the design of an 

assistance algorithm appropriate for the aimed action. 

4.2 Gekku Race 

Gekku Race is a top down racing game where players move lizards called “gekkus” along 

a vertical race track. Gekku Race is a competitive multiplayer game, where players attempt to get 

to the finish line first. In order to move their gekku, players must pedal while aiming their 

joystick in the direction they want to move. A gekku’s speed increases as the player pedals 

harder, so in order to move faster than their opponents to the finish line, the player must pedal 

vigorously. 

Players can also fire cashews from the head of their gekku. Cashews travel in a straight 

line until they hit a wall or another player. If the cashew hits an opposing gekku, it becomes 

briefly stunned and unable to move.  
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Figure 20: A round of Gekku Race. The yellow meter at the bottom left shows when a 

player has pedaled enough to fire a cashew. The small chevron (circled in red) near the 

green-shirted gekku shows where the player is aiming. 

A small chevron appears near the gekku to show the direction in which the player is 

tilting their joystick (Figure 3). When the player presses a controller button to fire a cashew, it 

moves in a straight line in the direction that the chevron is pointing. The player aims by moving 

the joystick and adjusting the direction the chevron points in. 

The cashew is subject to a brief travel time, resulting in delayed immediacy. The cashew 

moves at a set speed in the direction that the player is aiming. Therefore, the player must consider 

the travel speed of the projectile when aiming. Furthermore, the opposing player can dodge the 

cashew and this movement must also be considered when aiming. 

Gekku Race has indirect target interaction, as the player aims by orienting their targeting 

chevron and, consequently, their gekku towards the target. The player does not directly interact 

with the target such as with a reticle or a mouse pointer. Instead, the player aims indirectly by 

pointing in the direction of the target. 

Firing cashews in Gekku Race has other embodiment as the player is controlling the 

direction in which the cashew will move. When aiming, the player considers the path that the 
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cashew will take. Once the cashew is fired, the player no longer has any control over the outcome 

of the aimed action.  

It can be challenging to determine where to aim in order to hit a moving target. Players 

must understand how fast a cashew will move when fired in order for them to be able to hit a 

target. They must also predict where their target is moving so that they can determine the correct 

location to aim at. This problem is made more difficult in the case of children with CP, as some 

children may not be able to move a joystick quickly. In order to adjust the difficulty of target 

acquisition, Gekku Race uses an area cursor (adapted from Vicencio-Moreira et al.’s algorithm 

[67,28]) that adjusts the trajectory of the cashew towards a desired target. 

4.2.1 Adapted Area Cursor in Gekku Race 

Cashews move in a straight line from the gekku in the direction that the player is tilting 

their joystick until they hit a wall or another player. The player can fire a cashew after filling an 

energy meter by pedaling. The energy meter takes time to fill, limiting the number of 

opportunities a player has to fire cashews in a race. If a player consistently misses their target 

because they cannot aim at the other players precisely, they will miss opportunities to catch up to 

leading opponents. 

To assist with target acquisition and precise aiming, Gekku Race uses an area cursor to 

help players hit their targets. An invisible cone extends from the head of the player’s gekku in the 

direction that they point their joystick. The closest target in the cone is set as the main target. 

Whenever the aiming player fires a cashew, the cashew’s trajectory is corrected to hit the main 

target. The player does not need to aim as precisely at the target, since as long as the target is 

within the cone, the cashew will fire towards the target. 
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Figure 21: The aim assistance cone is displayed in blue (this is not visible to the player). 

When another gekku enters the range of the triangle, that player is highlighted in red. 

When the player fires, their cashew will fire towards the highlighted player. 

If there is more than one player, the aim assistance algorithm determines the closest 

target in the cone and chooses it as the main target. This gives the aiming player the greatest 

chance that they will hit a player that they can overtake. This will change dynamically as the 

other gekkus move around so that the closest target is the one that the cashews will target. 

The width of the cone can be adjusted in order to adjust how much assistance is given to 

each player. More skilled players may not require much assistance. Therefore, these players will 

have a narrow cone, only giving a small area where the algorithm will assist the player. Likewise, 

a less skilled player may have a wider cone, only requiring the aiming player to point in the 

general direction of the target. The level of assistance scales from 0 to 1, with 0 being no aim 

assistance at all and 1 indicating a cone that covers the entire track. Any shot a player makes at 

aim assistance level 1 will move towards a target. 

Traditionally, area cursors are designed for aimed actions with direct target interaction. 

Typical area cursors check a circular area near where the player is aiming for possible targets. If a 

target is in this circle, the action is applied to that target. This lends itself well to aiming tasks 

where players directly interact with targets using a pointer or reticle. However, firing cashews has 
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indirect target interaction, and players aim in a direction towards targets. The cone shape is more 

useful than the circle because as it extends away from the player, the area that the algorithm 

checks for targets becomes wider. Since it is more difficult to aim in the direction of distant 

targets, the cone shape offers more assistance the further it reaches. 

Additionally, the area cursor is traditionally used for actions with instant immediacy. 

When an area cursor is applied to mouse pointers, clicking near a target will apply the user’s click 

to the target as if they had clicked directly on it. In Gekku Race, firing cashews has delayed 

immediacy, and the cashew takes time to arrive at the target. Therefore, the assistance algorithm 

must consider the speed of the cashew when determining which direction to fire. The cone shaped 

area cursor does not guarantee a hit in Gekku Race, but it does make it more likely. The direction 

that the algorithm fires the cashew is determined based on the travel speed of the cashew. 

Cashews move quickly, making it unlikely that the target could move out of the way. However, 

the likelihood of the target dodging the projectile would increase if the cashew were made slower.     

4.3 Bobo Ranch 

Bobo Ranch is a top down arcade game where players control flying chickens called 

“woopees” in a barnyard arena. Players can make their woopees shout in order to scare the flying 

sheep or “bobos” away from them. In the middle of the arena, on the ground, there is a barn. 

When a player scares a bobo into the barn, they receive a point. At the end of a one-minute round, 

the player with the most points is the winner. 

Any bobos that a player shouts at are temporarily marked with the player’s colour. That 

bobo is then unable to be scared by any other player, until the mark fades after a few seconds. 

This prevents players from stealing points from other players who move sheep close to the barn. 
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Figure 22: A round of Bobo Ranch. The player's woopee in the center is attempting to move 

the bobo's to the right into the barn at the right side of the screen. When a bobo is in range 

of the player it is highlighted in yellow. 

Players need to pedal hard in order to quickly get into position around the bobo before 

other players can shout at it. The bobo moves in a straight line away from the shouting player. To 

be successful, players must be able to determine where to shout from so that the bobo will move 

to the barn. Furthermore, small tornados that move across the arena move the bobos upward and 

players must take this environmental feature into consideration while aiming. 

The object being aimed is the bobo, as it is the object that the player is attempting to 

knock it into a barn. Therefore, the aimed action in Bobo Ranch has other embodiment. The 

player aims where the other entity will move by changing their woopee’s position. 

The aimed action of moving a bobo into the barn is composed of a sequence of sub-

actions, including moving the avatar, shouting, moving the avatar again, and shouting again until 

the bobo is driven into the barn. Each time the player shouts, the bobo moves at a set speed, 

starting at a higher velocity and eventually slowing down. Depending on the distance from the 

bobo to the barn, a single shout may not move the bobo far enough for the player to score a point. 

Furthermore, tornados that move around the environment displace the bobo up away from the 
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barn, forcing the player to adjust the movement of the bobo down towards the barn. Therefore, 

the aimed action has on-going immediacy, as the player must aim repeatedly until the bobo 

reaches the player’s target. 

Like in the previous games, Bobo Ranch has indirect target interaction. The player 

chooses the direction of the bobo by positioning the woopee. The target of the aimed action is the 

barn, and the player aims by choosing where they will shout at the bobo. The player does not 

interact with the barn. 

Players may find it difficult to determine the correct position to shout from. Players must 

be able to quickly figure out where they must position themselves relative to their target in order 

to move the bobo accurately towards the barn. More experienced players may be able to knock 

multiple bobos at once towards the barn allowing them to score more points than less skilled 

players. Furthermore, after determining the best position, the player must also move to that 

position before another player can displace the target bobo. In order to assist players with 

shouting at bobos, Bobo Ranch uses a bullet magnetism algorithm to move bobos towards the 

barn. Whenever a player shouts at a bobo, it is pulled towards the barn, making it easier for the 

player to score points even if slightly out of position. 

4.3.1 Adapted Bullet Magnetism in Bobo Ranch 

Bobo Ranch uses a form of bullet magnetism to assist players with scoring. Whenever a 

player shouts at a bobo, the direction from that bobo to the barn is determined. When the bobo is 

pushed, it is also pulled slightly towards the barn.   

The amount of assistance can be increased or decreased depending on the player’s ability. 

Bobos are pulled more directly towards the barn, while more skilled players must more carefully 

determine their position. The level of assistance, henceforth referred to as the assistance value, 

scales from 0 to 1, with 0 specifying no magnetism (bobos move in a straight line away from the  
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Figure 23: The blue line (A) shows the vector that the bobo would follow without aim 

assistance. The yellow vector (B) shows the direction from the bobo to the barn. 

shouting woopee) and 1 indicating full magnetism (bobos move in a straight line towards the 

barn, regardless of woopee position). 

The bullet magnetism algorithm first determines the vector A, pointing from the woopee 

to the bobo. It then determines the vector B, that points from the bobo to the barn. B is multiplied 

by the custom aim assistance value, and added to A. The direction the bobo moves is the resulting 

vector, normalized (Figure 6). 

Bobo Direction = ||(A * (1 – Assistance Value) + (B * Assistance Value)|| 

With each shout, the player is attempting to move the bobo closer to the target. This 

requires the player to take repeated actions to steer the bobo into the barn. Because Bobo Ranch 

has on-going immediacy, the player is aiming continuously, meaning that the assistive algorithm 

must help the player make progress towards the barn with each shout. Bullet magnetism is useful 

for the steering of bobos, as it corrects the path of the bobo after each shout. By pulling the target 

towards the barn with each shout, it assists the player by making sure that each action results in 

some progress. 
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4.4 Biri Brawl 

Biri Brawl is a top-down fighting game, where players move squid-like “biris” around a 

circular arena. Each biri has a small fist that can be fired out a short distance to punch opponents. 

A successful hit with this punch awards the punching player a point. Each round of Biri Brawl 

lasts for one minute, at which point the player with the most points is the winner. 

Players have a health bar that is depleted whenever they are hit by a punch. Running out 

of health results in the player’s biri being temporarily knocked out, able to move but unable to 

interact with other players until their health is regenerated. Players can regenerate their biri’s 

health by pedaling. 

A player’s biri is controlled by tilting the player’s joystick in the desired direction. The 

targeting chevron appears adjacent to the biri when the player moves the joystick in order to 

indicate the player’s desired direction. Biri’s cannot abruptly change direction, instead steering 

similarly to a car. As the biri moves forward, it will turn in an arc in the direction that the player 

tilts the joystick. Unlike in Gekku Race where the player’s avatar instantaneously moves in the 

specified direction, in Biri Brawl the biri takes time to steer. 

The primary aimed action for Biri Brawl is punching an opponent. In order to punch a 

target, the player must steer their avatar and fire their fist when it is lined up with an opponent. 

Difficulty can arise when the player is pursuing a fast target and cannot keep pace with it.  

Aiming in Biri Brawl has on-going immediacy. The player aims continuously throughout the 

aimed action, following a target as they navigate around the arena. The player punches as they 

follow the target along their path. In order to make sure that the player is within range of the 

target, the player must repeatedly aim match the target’s movements. 

The aimed action has self embodiment, as the player must steer their avatar towards the 

opposing targets. The punch is a short-range attack that extends from the front of the player’s 

avatar, and the player needs to align their path to follow the target.  
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Figure 24: A round of Biri Brawl. Players are coloured in order to be easily identified. The 

player punches their opponents with a fist at the front of the biri. 

Steering has indirect target interaction, as they are orienting their biri towards the target. 

The player interacts with their target through their avatar by orienting it towards the target. Much 

like in Gekku Race, the player is aiming in a direction towards a target as opposed to directly 

selecting a target. 

Because of the short range of the punch, they must be able to steer quickly and accurately 

follow moving targets. If pursuing an opposing biri, the player must be able to consistently 

correct their steering to orient themselves towards the target whenever they make a move to 

dodge. Furthermore, when being pursued the player must be able to dodge quickly in order to 

escape the opponent. This can cause problems for less skilled players or players with low manual 

dexterity as they may not be able to react as quickly as someone at a higher skill level. In order to 

assist with this issue, Biri Brawl uses a steering assistance algorithm to help a less skilled player 

pursue a fast-moving target. 

 



 

52 

 

4.4.1 Steering Assistance in Biri Brawl 

Pursuing targets in Biri Brawl can be a challenging task for players. In order to stay in 

range to punch another biri, the player must pedal hard to maintain their speed and accurately 

predict where their target may turn. Furthermore, if a target suddenly stops or abruptly changes 

direction, it takes time to reacquire that target because of the biri’s wide turning radius.  

Biri Brawl uses a steering assistance algorithm in order to help players follow opponents 

when they change direction. Like in Gekku Race, a cone extends ahead of the player’s avatar in 

the direction that the player’s joystick is pointing. When another biri enters that cone, it becomes 

the player’s target. As long as that biri remains in range, the player is steered towards the target as 

it moves. Because the punch extends in a straight line from the front of the biri, this steering 

assistance helps the player stay aligned with the target. 

The length of the cone is approximately double the range of the biri’s punch. This prevents the 

assistance algorithm from directing the player towards a target that is not currently on screen. The 

width of the cone can be configured to control how much assistance is offered. Additionally, the 

strength of the steering assistance can be configured, so that less skilled players are pushed more 

Figure 25: The target detection for a player's biri is displayed in blue (this is hidden from 

the player). When an opposing biri becomes the target it is highlighted in red. The red line 

(J) indicates where they player is pushing their joystick and the yellow line (T) indicates the 

vector pointing to their target. The pink line is the player direction. 
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towards their target, and more skilled players have to control their steering more actively. The 

level of assistance is measured by a number that ranges from 0 to 1, with steering assistance 

scaling from no steering assistance at 0, to perfect steering assistance at 1. At an assistance level 

of 1, the player would not need to input any steering commands to follow a target.  

The assistance algorithm computes the player’s direction of travel by blending the 

direction that the player is pointing their joystick with the direction of the target. We can 

represent the direction that the player pushes their joystick with a normal vector J, and the 

direction that the current target is located with a normal vector T. To determine the direction in 

which the player moves, we blend the vector T multiplied by the assistance value and the vector J 

multiplied by one minus the assistance value (Figure 8). 

Player Direction = || (1 – Assistance Value) * J + Assistance Value * T || 

If another biri enters the cone while a player already has a target, the steering assistance 

algorithm still attempts to steer the player towards the original target. This prevents other biris 

from abruptly changing a player’s direction and allows the player to continue chasing their target. 

However, if the target leaves the assistance cone while another biri is in range, the assistance 

algorithm will correct and steer the player towards the in-range target. 

Like moving bobos in Bobo Ranch, steering in Biri Brawl has on-going immediacy, 

requiring players to repeatedly steer their biri and follow targets. Players need to continuously 

correct their direction in order to follow targets that repeatedly change direction. Therefore, the 

steering assistance algorithm in biri is designed to continuously adjust and interpolate the correct 

direction to move in. As the player aims their biri, the algorithm recalculates where their target 

has moved and adjusts the player’s path accordingly.  

In both Biri Brawl and Bobo Ranch, the entity is repeatedly moved towards a target. 

However, the self-embodiment of Biri Brawl requires that the algorithm influence the position of 

the player. However, overriding the direction the player has selected could potentially be 
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frustrating. In order to address this, the steering assistance algorithm blends the direction that the 

player points their joystick with the vector towards the player’s target, balancing the player’s 

control over their character with the need to help helping the player pursue targets quickly.  

4.5 Using the Taxonomy of Aiming to Design Aim Assistance Algorithms 

 The taxonomy of aiming reveals important information that must be considered when 

designing aim assistance algorithms. The immediacy of the action indicates how often an 

algorithm must intervene in order to be effective. When an action has delayed immediacy such as 

in Gekku Race, aiming only occurs once. Therefore, the assistance algorithm only needs to make 

a single correction to assist the player. With on-going actions, the player is repeatedly aiming 

throughout the action and the assistance algorithm must provide repeated corrections in order to 

help the player hit their target.  

Determining an action’s embodiment shows what entity the algorithm is manipulating. 

When an action has self embodiment, such as in Biri Brawl, the assistance algorithm must help 

the player control the movement of their avatar. However, when an action has other embodiment 

such as in Gekku Race or Bobo Ranch, the position of the player’s avatar is not a factor and the 

algorithm must help the player aim the relevant entity. In order to be effective, the algorithm must 

control the path of what is being aimed. 

In addition to the embodiment, when designing assistance algorithms one must also 

consider how the player interacts with the entity being aimed. The indirect target interaction in 

Gekku Race is helped greatly by the aiming cone, as it offers helps players aim at distant targets 

more easily. However, in Bobo Ranch, this algorithm would not be useful as the player does not 

fire their projectile in straight lines. Instead, when a player shouts they move all bobos in an area 

around them. In this case, bullet magnetism is more effective at pulling projectiles towards a 

target. 
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The goal of using aim assistance algorithms is to create more balanced game difficulty 

for players. Therefore, it is important to test to see if these algorithms are designed effectively. To 

do this, in the next chapter we compare the performance of these algorithms in the games that 

they are implemented in.   
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Chapter 5 

Evaluating Aim Assistance 

The goal of an aim assistance algorithm in a competitive multiplayer game is to improve 

game balance by reducing the effect of a player’s aiming ability on the game’s outcome. 

Assuming both players are putting in equal effort, usage of an assistance algorithm should result 

in less skilled players achieving similar levels of success in games as highly-skilled players. 

Other factors in a game can cause variance in outcomes; however, effective aim assistance 

algorithms will on average result in closer game outcomes.  

Player aiming ability can vary widely and different players may not require the same 

level of assistance. To accommodate this, assistance algorithms may be personalized for 

individual players based on their ability. By personalizing an assistance algorithm, a less skilled 

player can receive more help in game without giving more skilled players an unintended 

advantage.   

This chapter outlines our validation of the aim assistance algorithms used in two games in 

Liberi: Gekku Race and Biri Brawl. We investigate how effective the designed algorithms are at 

balancing game difficulty. We then personalize the algorithms to players of different skill levels 

and investigate the degree to which personalization of the designed algorithms contributes to 

game balancing. 

We begin the chapter with a description of the simulation tool used to test the aim 

assistance algorithms in Liberi. There can be variance in the outcome of games due to player 

behavior. Players may create unexpected strategies that may make it difficult to evaluate the 

effectiveness of a specific algorithm. To reduce variance, our evaluation is performed with a 

gameplay simulator. The simulator eliminates extraneous gameplay factors and allows a 

controlled evaluation between simulated players of different aiming ability. 
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We then investigate how aim assistance algorithms should be calibrated for players of 

different aiming ability. It is important to give each player an appropriate level of aim assistance 

based on their aiming ability so that more skilled players do not receive an even greater advantage 

compared to less skilled players. We end the chapter by evaluating the aim assistance algorithms 

by comparing how effective they are at balancing game difficulty. We compare the performance 

of simulated players in three conditions: no aim assistance provided, using aim assistance with no 

personalization (each player is given an equal amount of assistance), and using personalized aim 

assistance.    

5.1 Gameplay Simulator 

 Game outcomes can vary for a variety of reasons. Players may employ unpredictable 

strategies that the designer may not have intended. For example, in a racing game a player may 

move away from the goal in order to engage more with opposing racers or disrupt their play with 

projectiles. Furthermore, a player’s performance may be affected by their emotional state. A 

player that is not interested in the game may not engage with the intended mechanics and their 

performance may suffer. These factors may make it difficult to measure the success of a 

mechanic or algorithm, as player performance may be impacted by exogenous factors. 

In order to measure the effectiveness of various aiming conditions, it is important to 

reduce variance from such exogenous factors. One method of doing this is to create constrained 

games that limit player behaviour. In an earlier study [40], aiming was evaluated in a limited 

version of Gekku Race, where players were unable to move freely around the race. Instead, 

players moved linearly upward as they shot at each other to gain points. 

 An alternative method to control variance in games is to use a large sample size. Long-

term studies allow for large numbers of participants [36]. Over time, it is possible to identify 

patterns and draw conclusions regarding conditions in a study. 
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Figure 26: The gameplay simulator running a round of Gekku Race. On the right, three 

simulated players play through the game. On the left, a monitor client controls which game 

is simulated and in which condition. 

In our evaluation we chose a third approach: a gameplay simulator. The gameplay 

simulator plays games in real time using automated game clients. The simulator runs multiple 

instances of the game client simultaneously, as well as controlling a server to connect them 

together. 

The gameplay simulator uses simulated players controlled by simple AI to play rounds of 

games across various conditions. The simulator can be programmed to control how many rounds 

are played in a given condition of a game and the skill level of the simulated players. The 

simulated players are programmed to play the game using the same mechanics as a human 

participant and can be configured to emulate varying levels of player ability. 

Using the simulator allows us to evaluate the conditions of the study with a large sample 

size. Because the gameplay is automated, the simulator can run any number of rounds in order to 

reduce the effects of variance in games. Furthermore, the simulator eliminates play behaviours 

that can make it difficult to measure the effectiveness of the assistance algorithms. Simulated 
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players do not have a risk of becoming bored and can have scripted behaviour that forces them to 

engage with the game’s mechanics.  

The game simulator can be configured to run any number of rounds of a game with any 

number of simulated players. The simulator runs the set number of rounds in three conditions (no 

aim assistance, fixed aim assistance, and personalized aim assistance). Each round is a real game 

that is played in real time by simulated players. Each of these simulated players has the same 

abilities as a human player, and replicate physical controller input through software. Originally, 

these bots were designed for automated testing of the games and have been repurposed for this 

evaluation. 

5.1.1 Simulated Players 

 In order to automate the evaluation of aim assistance algorithms, computer-controlled 

players are designed to play similarly to human players. For each game, the simulated players 

execute simple strategies. In Gekku Race, the simulated player moves towards the finish line with 

random variations in side to side movement. In Biri Brawl, the simulated players move around 

the arena seeking out opponents. Once they find an opponent, they pursue that target attempting 

to score points. In both cases, when the simulated player is able to fire a projectile (a cashew in 

Gekku Race and a punch in Biri Brawl), the computer identifies targets that are within range and 

attempts to fire at a target. The simulated players have configurable levels of accuracy. 

 The simulator calculates the direction from a simulated player to a target referred to as 

the “target vector”. Once the computer has determined what angle it must aim at, an error angle is 

generated and added to their current trajectory. The error angle is generated randomly using a 

Gaussian distribution. Using this distribution, the error angle is more likely to be closer to an 

accurate shot, and the likelihood of the computer missing can be controlled by adjusting the 

standard deviation of the distribution. Given a standard deviation σ, the error angle will be  
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Figure 27: The simulator determines the target vector (blue arrow). Then, based on a 

Gaussian Distribution, the computer generates an error angle. The red triangle indicates 

the range of angles that occur within one standard deviation. Then, by adding the error 

angle to the direction, the simulator fires in the direction of the shooting vector (green 

arrow). 

between -σ and σ degrees approximately 68.3% of the time [58]. The final direction that the 

simulated player fires in is referred to as the “shooting vector”. The shooting vector is defined as: 

ShootingVector = ||TargetVector + < sin(errorAngle), cos(errorAngle) >|| 

5.2 Evaluation 

Using the game simulator, we performed a study of aim assistance to answer the 

following research questions: 

RQ1: Does adding aim assistance to games increase the likelihood of a player hitting 

their target? 

RQ2: Does adding aim assistance to games result in more balanced competition? 

RQ3: Is it possible to calculate an appropriate amount of aim assistance to give to a 

player based on their skill level? 



 

61 

 

RQ4: Are games more balanced when aim assistance is given to players based on their 

skill level compared to when all players receive the same level of assistance? 

To answer these questions, we ran two experiments on Gekku Race and Biri Brawl. In 

Experiment 1, we compared how often simulated players hit their targets at increasing levels of 

aim assistance. The simulator runs ten rounds of both games under 11 conditions, beginning with 

no aim assistance and incrementally increasing the aim assistance value by 0.1 to a maximum 

value of 1. In each round, the simulator uses three simulated players that have low, moderate, and 

high skill levels respectively. This experiment addresses RQ3, as it allows us to calculate what 

level of aim assistance is required to allow a simulated player to achieve a certain hit rate.  

In Experiment 2, we investigate the impact of aim assistance on game balancing in 

Gekku Race and Biri Brawl. The simulator runs rounds of each game under three conditions: no 

aim assist (aim assistance algorithms are not used), fixed aim assist (all players receive the same 

amount of aim assistance regardless of skill level), and personalized aim assist (players receive a 

level of aim assistance appropriate for their skill level based on the results of experiment 1). As 

with Experiment 1, the simulator uses three simulated players in each round, each with a different 

skill level. This experiment addresses RQ1 by comparing how often players hit their targets in 

each condition. It also addresses RQ2 and RQ4 by comparing the final score of each game at each 

condition. 

5.3  Experiment 1: Comparison of Hit Rate vs. Aim Assistance Level  

In this experiment we compared the hit rate of simulated players at three ability levels 

(low, moderate, and high) with increasing levels of aim assistance. As the level of aim assistance 

was increased, we compared each player’s hit rate, allowing us to see how much aim assistance is 

required for each skill level to achieve a certain hit rate. RQ3 asks if it is possible to calculate 

how much assistance is required for a player of a certain skill level. This experiment allowed us 
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to answer this question by showing how much aim assistance is required to improve a player’s 

performance of an aimed action. 

5.3.1 Participants 

 In each round of the game there were three set skill levels, corresponding to low (σ = 60 

degrees), moderate (σ = 45 degrees), and high aiming abilities (σ = 30 degrees). As the standard 

deviation increases, the more likely it is that the simulated player will miss its target. 

5.3.2 Setup and Apparatus 

The gameplay simulator runs on a single computer that locally controls a server and three 

client games. Each one of these clients represents a simulated player. The server runs instances of 

the two games as the simulated players play through them. 

5.3.3 Conditions 

In Experiment 1, we compared player performance with different levels of aim 

assistance. The simulator was configured to run ten rounds in 11 different conditions 

corresponding to increasing levels of aim assistance. Starting at 0, the aim assistance value was 

increased by 0.1 for each simulated player until it reaches 1 (0, 0.1, 0.2, …, 0.8, 0.9, 1). An aim 

assistance value of 0 indicates that no assistance is provided, while a value of 1 guarantees a hit 

with every shot. 

5.3.4 Metrics 

The metric of interest in this experiment is hit rate. A simulated player’s hit rate for a 

given game round is calculated as follows: 

Hit Rate = Number of Hits / Number of Shots 

We played the games in order to find a target hit rate that provided a sense of 

achievement and made the game sufficiently challenging. For Biri Brawl the target hit rate is 60% 

and for Gekku Race the target hit rate is 70%. The hit rates for each simulated player in each 
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condition are plotted in a linear regression comparing the simulated player’s hit rate at each level 

of aim assistance. Using the regression equation, we can calculate what aim assistance value will 

result in the target hit rate for the game. 

5.3.5 Results 

A linear regression was calculated to predict hit rate based on aim assistance value for 

each simulated player. In each equation, the aim assistance value is referred to as A. 

5.3.5.1 Gekku Race 

For low-skilled simulated players, a significant regression equation was found 

(F(1,9)=165, p<0.001), with an R2 of 0.948. Simulated player’s predicted hit rate is equal to 

0.287+0.502A. For moderately-skilled simulated players, a significant regression equation was 

found (F(1,9)=207, p<0.001), with an R2 of 0.958. Simulated player’s predicted hit rate is equal 

to 0.390+0.431A.For highly-skilled simulated players, a significant regression equation was 

found (F(1,9)=46.2, p<0.001), with an R2 of 0.837. Simulated player’s predicted hit rate is equal 

to 0.662+0.199A.  

 

Figure 28: The hit rate in Gekku Race compared to their aim assistance value. 
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Based on the regression analysis, we are able to generate equations for each simulated 

player to determine what aim assistance value is required to obtain a specific hit rate. For Gekku 

Race, our target hit rate was 70%. The equations to get our aim assistance values are as follows: 

Low:  A = (0.7-0.287) / 0.502 

     A = 0.823 

Moderate: A = (0.7-0.390) / 0.431 

     A = 0.720 

High:  A = (0.7-0.662) / 0.199 

     A = 0.191 

5.3.5.2 Biri Brawl 

For low-skilled simulated players, a significant regression equation was found 

(F(1,9)=89.1, p<0.000), with an R2 of 0.908. Simulated player’s predicted hit rate is equal to 

0.281+0.425A. For moderately-skilled simulated players, a significant regression equation was 

found (F(1,9)=33.0, p<0.000), with an R2 of 0.786. Simulated player’s predicted hit rate is equal 

to 0.376+0.361A. For highly-skilled simulated players, a significant regression equation was 

found (F(1,9) = 5.39, p=0.045), with an R2 of 0.374. Simulated player’s predicted hit rate is equal 

to 0.579+0.094(A).  

 
Figure 29: The hit rate of in Biri Brawl compared to their aim assistance value. 
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Based on the regression analysis we are able to generate equations for each simulated 

player to determine what aim assistance value will give us a specific hit rate. For Biri Brawl, our 

target hit rate was 70%. The equations to get our aim assistance values are as follows: 

Low:  A = (0.6-0.281) / 0.425 

      A = 0.751 

Moderate: A = (0.6-0.376) / 0.361 

     A = 0.620 

High:  A = (0.6-0.587) / 0.094 

     A = 0.138 

5.3.6 Experiment 1: Discussion 

The goal of this experiment is to address RQ3 by demonstrating a method for calculating 

how much aim assistance is required for a player based on their skill level. By measuring player 

performance as they play repeated rounds of these games, we are able to find an aim assistance 

value that allows that player to achieve a desired hit rate. The relationship between a player’s hit 

rate and the requisite aim assistance value can explained using a function derived through linear 

regression. 

In some cases, the R2 value of the linear regression was low. In particular, moderate and 

highly-skilled players in Biri Brawl and highly-skilled players in Gekku Race had values that did 

not precisely fit the model. As a result, aim assistance values may give higher or lower hit rates 

than expected based on the derived functions.   

Though this experiment does show a method for calibrating aim assistance algorithms, it 

is not necessarily practical for real world applications. In order to determine the regression line 

for an individual in this experiment, that player needed to play 110 rounds of a game (ten rounds 

at 11 different levels of aim assistance). In real world applications, it may not be practical or 

possible for players to play large numbers of rounds for calibration before playing competitive 
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games. This approach is effective for simulated players that will not become bored of calibration. 

However, human players may not be willing to participate in this process. 

In future experiments, it may be possible to reduce the number of rounds required to 

calibrate an aim assistance algorithm. By reducing the number of aim assistance values measured, 

the number of rounds an individual player must play is reduced. Because this experiment has 

established a linear relationship, it may be possible to calibrate the aim assistance value for a 

player without testing as many aim assistance values. However, since R2 values are already low 

in some cases, using fewer values could reduce the accuracy of calibration. Other aim assistance 

algorithms may not have as many possible aim assistance values. An algorithm may only have 

three aim assistance values, requiring fewer rounds to calibrate the algorithm. 

The next experiment determines how effective the designed aim assistance algorithms are 

at balancing game difficulty. Using the calibration data from this experiment, we will also 

compare the effectiveness of personalized aim assistance algorithms to using a constant level of 

assistance for all players, regardless of skill level. 

5.4 Experiment 2: Measuring Spread and Hit Rate with and without Aim Assistance 

 In this experiment we compared how simulated players perform in Gekku Race and Biri 

Brawl with and without aim assistance to evaluate how assistance algorithms affect game 

balancing. This experiment answers RQ1, whether or not aim assistance improves player hit rate. 

We did this by comparing the hit rate of simulated players with and without aim assistance. Our 

hypothesis was that the presence of hit rate would increase hit rate for all simulated players, and 

that personalizing the algorithms would bring hit rate close to the target hit rate used for 

experiment 1’s calibration (70% for Gekku Race, and 60% for Biri Brawl). 

It also addresses RQ2, what effect aim assistance has on game balancing. We did this by 

comparing the final score of each player to the other players in the round. This shows whether or 

not aim assistance reduces the effect of a player’s aiming ability on the outcome of a game, and 
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consequently more balanced gameplay. This experiment also addresses RQ4, whether or not 

personalizing aim assistance algorithms is more effective at balancing game difficulty than giving 

all players equal assistance. We did this by comparing the results of rounds using a fixed level of 

aim assistance to rounds using personalized aim assistance values. Our hypothesis was that game 

balance would improve with the usage of aim assistance, and improve further when the 

algorithms were personalized. This would be shown by players scoring more closely together, 

and winning an equal amount. 

5.4.1 Participants 

In each round of the game there are three set skill levels, corresponding to low (σ = 60 

degrees), moderate (σ = 45 degrees), and high aiming abilities (σ = 30 degrees). As the standard 

deviation increases, the more likely it is that the simulated player will miss its target. 

5.4.2 Setup and Apparatus 

The gameplay simulator is used in the same manner as experiment 1, with a single 

computer running a server instance, as well as three clients to control the simulated players. 

5.4.3 Conditions 

Each game is run in three conditions. The first condition is No Aim Assist, where 

simulated players receive no aim assistance. Simulated players shots are unaffected by any 

assistive algorithms and they will aim according to their programmed aiming ability. In Fixed 

Aim Assist, all three players receive the same level of aim assistance, regardless of aiming ability. 

This level is the average value of the three personalized aim assistance values. For Gekku Race 

the aim assist value is 0.578 and for Biri Brawl the aim assist value is 0.503. The final condition, 

Custom Aim Assist, uses the personalized aim assistance values that were calculated in 

experiment 1. The game simulator was run for 100 rounds in each condition for each game. 
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5.4.4 Metrics 

As in experiment 1, the hit rate for each condition is compared. It is calculated in the 

same manner as in experiment 1. 

The next metric of interest is spread. Spread measures how close players scored to each 

other in a round. In Gekku Race, spread is measured by a player’s distance from the finish line in 

world units. In Biri Brawl, spread is measured by the number of points the player has at the end 

of the round. A lower spread value indicates that players had scores that were closer together and 

higher spreads indicate that there are greater differences in player performances. Spread is 

calculated each round using the final score of all 3 players. Spread is calculated as follows: 

Σ (Player Score – Average Score) / Number of Players 

Win rate is the percentage of rounds that a player wins. While the other metrics indicate 

whether or not rounds are having closer results, this measurement reveals whether or not players 

of lower aiming ability are able to overtake those of greater aiming ability. It is calculated as 

follows: 

Number of rounds won / Number of rounds played 

 The goal of the aim assistance algorithm is to increase player hit rate. Increasing the level 

of assistance for a player should improve the number of times that the player hits the target. The 

goal of the aim assistance algorithm is to decrease spread. Lower spread values indicate that the 

outcome of the game is closely contested. The goal of the aim assistance algorithm is to have 

players win at approximately the same rate, i.e., to have similar win rates. 

5.4.5 Results 

We first report the hit rate, spread, and win rate from Gekku Race and Biri Brawl. In the 

following section, we interpret these results with respect to our three research questions. 
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Table 2: Hit rate in Gekku Race 

Player Skill Level Condition Hit Rate Standard Deviation 
Low No Aim Assistance 0.22 0.12 

Fixed Aim Assistance 0.50 0.11 
Custom Aim Assistance 0.65 0.14 

Moderate No Aim Assistance 0.36 0.14 
Fixed Aim Assistance 0.60 0.12 

Custom Aim Assistance 0.75 0.15 
High No Aim Assistance 0.75 0.15 

Fixed Aim Assistance 0.86 0.08 
Custom Aim Assistance 0.81 0.12 

 

 

Figure 30: Hit rate in Gekku Race. The horizontal bars denote significance between pairs at 

the a=0.05 level. 

5.4.5.1 Gekku Race: Hit Rate 

We summarize the hit rate results for Gekku Race from experiment 2 in Table 1. We 

graphically represent these results in Figure 30. 

A two-way analysis of variance was conducted on the influence of aim assistance and 

simulated player skill level on hit rate. The aim assistance condition consisted of three levels (no 

aim assistance, fixed aim assistance, and custom aim assistance) and simulated player skill level 

consisted of three levels (low, moderate, and high). All effects were statistically significant at the 

0.05 significance level. The main effect for the aim assistance condition yielded an F ratio of 
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F(2,98)=400.8, p<0.001, indicating a significant difference between no aim assistance, fixed aim 

assistance, and custom aim assistance conditions. The main effect for simulated player skill 

yielded an F ratio of F(2,98)=762.6, p<0.001, indicating a significant difference between low, 

moderate, and high skill levels. The interaction effect was significant, F(4,96)=53.4, p<0.001. 

A post hoc Tukey LSD test was performed to compare the hit rate of each of the three 

types of simulated player. The hit rate of the low-skilled player in the no aim assistance condition 

(M=0.22) is significantly different from the hit rate in the fixed aim assistance condition 

(M=0.50, p<0.001) and the hit rate in the custom aim assistance condition (M=0.65, p<0.001). 

The hit rate in the fixed aim assistance condition is also significantly different from the hit rate in 

the custom aim assistance condition (p<0.001). The hit rate of the moderately-skilled player in 

the no aim assistance condition (M=0.36) is significantly different from the hit rate in the fixed 

aim assistance condition (M=0.60, p<0.001) and the hit rate in the custom aim assistance 

condition (M=0.75, p<0.001). The hit rate in the fixed aim assistance condition is also 

significantly different from the hit rate in the custom aim assistance condition (p<0.001). The hit 

rate of the highly-skilled player in the no aim assistance condition (M=0.75) is significantly 

different from the hit rate in the fixed aim assistance condition (M=0.86, p<0.001) and the hit rate 

in the custom aim assistance condition (M=0.81, p<0.001). The hit rate in the fixed aim assistance 

condition is also significantly different from the hit rate in the custom aim assistance condition 

(p<0.001). 

An additional post hoc Tukey LSD test was performed to compare the hit rate of each 

simulated player in the custom aim assistance condition. The hit rate of the low-skilled player 

(M=0.65) is significantly different from the hit rate of the moderately-skilled player (M=0.75, 

p<0.001) and the hit rate of the highly-skilled player (M=0.81, p<0.001). The hit rate of the 

moderately-skilled player is significantly different from the hit rate of the highly-skilled player 

(p=0.007). 
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Table 3: Spread in Gekku Race 

Condition Spread Standard Deviation 
No Aim Assistance 33.72 6.02 

Fixed Aim Assistance 4.68 1.32 
Custom Aim Assistance 3.37 0.91 

 

 

Figure 31: Spread in Gekku Race. The horizontal bars denote significance between pairs at 

the a=0.05 level. 

5.4.5.2 Gekku Race: Spread 

We summarize the spread results for Gekku Race from experiment 2 in Table 2. We 

graphically represent these results in Figure 31. 

A one-way between subjects ANOVA was conducted to compare the effect of aim 

assistance on spread in the no aim assistance, fixed aim assistance, and custom aim assistance 

conditions. There is a significant effect on spread at the p<0.05 level for the three conditions 

[F(2,98)=1208.7, p<0.001]. A post hoc Tukey LSD test was performed to evaluate the differences 

between the conditions. The spread of rounds in the no aim assistance condition (M=33.72) is 

significantly different from the spread of rounds in the fixed aim assistance condition (M=4.68, 

p<0.001) and the spread of rounds in the custom aim assistance condition (M=3.37, p<0.001). 
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Table 4: Win rate in Gekku Race 

Player Skill Level Condition Win Rate Standard Deviation 
Low No Aim Assistance 0.00 0.00 

Fixed Aim Assistance 0.17 0.38 
Custom Aim Assistance 0.26 0.44 

Moderate No Aim Assistance 0.06 0.24 
Fixed Aim Assistance 0.36 0.48 

Custom Aim Assistance 0.30 0.46 
High No Aim Assistance 0.94 0.24 

Fixed Aim Assistance 0.47 0.50 
Custom Aim Assistance 0.44 0.50 

 

 

Figure 32: Win rate in Gekku Race. The horizontal bars denote significance between pairs 

at the a=0.05 level. 

5.4.5.3 Gekku Race: Win Rate 

We summarize the win rate results for Gekku Race from experiment 2 in Table 3. We 

graphically represent these results in Figure 32. 

A two-way analysis of variance was conducted on the influence of aim assistance 

condition and simulated player skill level on win rate. The main effect for the aim assistance 

condition yielded an F ratio of F(1,99)=0.000, p=1.000, indicating no significant difference 

between conditions. The main effect for simulated player skill yielded an F ratio of F(2,98)=73.6, 
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p<0.001, indicating a significant difference between low, moderate, and high skill levels. The 

interaction effect was significant, F(4,96)=30.3, p<0.001. 

A post hoc Tukey LSD test was performed to compare the win rate of each simulated 

player. The win rate of the low-skilled player in the no aim assistance condition (M=0.00) is 

significantly different from the win rate in the fixed aim assistance condition (M=0.17, p<0.001) 

and the win rate in the custom aim assistance condition (M=0.26, p<0.001). However, the win 

rate in the fixed aim assistance condition is not significantly different from the win rate in the 

custom aim assistance condition (p=0.106). The win rate of the moderately-skilled player in the 

no aim assistance condition (M=0.06) is significantly different from the win rate in the fixed aim 

assistance condition (M=0.36, p<0.001) and the win rate in the custom aim assistance condition 

(M=0.30, p<0.001). However, the win rate in the fixed aim assistance condition is not 

significantly different from the win rate in the custom aim assistance condition (p=0.320). The 

win rate of the highly-skilled player in the no aim assistance condition (M=0.94) is significantly 

different from the win rate in the fixed aim assistance condition (M=0.47, p<0.001) and the win 

rate in the custom aim assistance condition (M=0.44, p<0.001). However, the win rate in the 

fixed aim assistance condition is not significantly different from the win rate in the custom aim 

assistance condition (p=0.650). 

An additional post hoc Tukey LSD test was performed to compare the win rate of each 

simulated player in the custom aim assistance condition. The win rate of the low-skilled player 

(M=0.26) is not significantly different from the win rate of the moderately-skilled player 

(M=0.30, p=0.566). The win rate of the moderately-skilled player is not significantly different 

from the win rate of the highly-skilled player (M=0.44, p=0.070). The win rate of the low-skilled 

player is significantly different from the win rate of the highly-skilled player (p=0.031). 
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Table 5: Hit rate in Biri Brawl 

Player Skill Level Condition Hit Rate Standard Deviation 
Low No Aim Assistance 0.12 0.09 

Fixed Aim Assistance 0.40 0.12 
Custom Aim Assistance 0.55 0.15 

Moderate No Aim Assistance 0.25 0.15 
Fixed Aim Assistance 0.49 0.11 

Custom Aim Assistance 0.66 0.14 
High No Aim Assistance 0.63 0.13 

Fixed Aim Assistance 0.75 0.08 
Custom Aim Assistance 0.67 0.10 

 

 

Figure 33: Hit rate in Biri Brawl. The horizontal bars denote significance between pairs at 

the a=0.05 level. 

5.4.5.4 Biri Brawl: Hit Rate 

We summarize the win rate results for Biri Brawl from experiment 2 in Table 4. We 

graphically represent these results in Figure 33. 

A two-way analysis of variance was conducted on the influence of aim assistance 

condition simulated player skill level on hit rate. All effects were statistically significant at the 

0.05 significance level. The main effect for aim assistance condition yielded an F ratio of 

F(2,98)=445.1, p<0.001, indicating a significant difference between no aim assistance, fixed aim 

assistance, and custom aim assistance conditions. The main effect for simulated player skill 
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yielded an F ratio of F(2,98)=532.7, p<0.001, indicating a significant difference between low, 

moderate, and high skill levels. The interaction effect was significant, F(4,96)=102.0, p<0.001. 

A post hoc Tukey LSD test was performed to compare the hit rate of each of the three 

types of simulated player. The hit rate of the low-skilled player in the no aim assistance condition 

(M=0.12) is significantly different from the hit rate in the fixed aim assistance condition 

(M=0.40, p<0.001) and the hit rate in the custom aim assistance condition (M=0.55, p<0.001). 

The hit rate in the fixed aim assistance condition is also significantly different from the hit rate in 

the custom aim assistance condition (p<0.001). The hit rate of the moderately-skilled player in 

the no aim assistance condition (M=0.25) is significantly different from the hit rate in the fixed 

aim assistance condition (M=0.49, p<0.001) and the hit rate in the custom aim assistance 

condition (M=0.66, p<0.001). The hit rate in the fixed aim assistance condition is also 

significantly different from the hit rate in the custom aim assistance condition (p<0.001). The hit 

rate of the highly-skilled player in the no aim assistance condition (M=0.63) is significantly 

different from the hit rate in the fixed aim assistance condition (M=0.75, p<0.001) and the hit rate 

in the custom aim assistance condition (M=0.67, p<0.001). The hit rate in the fixed aim assistance 

condition is also significantly different from the hit rate in the custom aim assistance condition 

(p<0.001). 

An additional post hoc Tukey LSD test was performed to compare the hit rate of each 

simulated player in the custom aim assistance condition. The hit rate of the low-skilled player 

(M=0.55) is significantly different from the hit rate of the moderately-skilled player (M=0.66, 

p<0.001) and the hit rate of the highly-skilled player (M=0.67, p<0.001). The hit rate of the 

moderately-skilled player is not significantly different from the hit rate of the highly-skilled 

player (p=0.833). 
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Table 6: Spread in Biri Brawl 

 

 

Figure 34: Spread in Biri Brawl. The horizontal bars denote significance between pairs at 

the a=0.05 level. 

5.4.5.5 Biri Brawl: Spread 

We summarize the spread results for Biri Brawl from experiment 2 in Table 5. We 

graphically represent these results in Figure 34. 

A one-way between subjects ANOVA was conducted to compare the effect of aim 

assistance on spread in the no aim assistance, fixed aim assistance, and custom aim assistance 

conditions. There is a significant effect on spread at the p<0.05 level for the three conditions 

[F(2,98)=2241.127, p<0.001]. A post hoc Tukey LSD test was performed to evaluate the 

differences between the conditions. The spread of rounds in the no aim assistance condition 

(M=6.23) is significantly different from the spread of rounds in the fixed aim assistance condition 

(M=2.77, p<0.001) and the spread of rounds in the custom aim assistance condition (M=2.22, 

p<0.001). 
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Table 7: Win rate in Biri Brawl 

Player Skill Level Condition Win Rate Standard Deviation 
Low No Aim Assistance 0.01 0.10 

Fixed Aim Assistance 0.19 0.39 
Custom Aim Assistance 0.27 0.44 

Moderate No Aim Assistance 0.09 0.30 
Fixed Aim Assistance 0.26 0.44 

Custom Aim Assistance 0.29 0.46 
High No Aim Assistance 0.90 0.31 

Fixed Aim Assistance 0.56 0.50 
Custom Aim Assistance 0.44 0.50 

 

 

Figure 35: Win rate in Biri Brawl. The horizontal bars denote significance between pairs at 

the a=0.05 level. 

5.4.5.6 Biri Brawl: Win Rate 

We summarize the spread results for Biri Brawl from experiment 2 in Table 5. We 

graphically represent these results in Figure 35. 

A two-way analysis of variance was conducted on the influence of aim assistance 

condition and simulated player skill level on win rate. The main effect for the aim assistance 

condition yielded an F ratio of F(1,99)=0.000, p=1.000, indicating no significance between 

conditions. The main effect for simulated player skill yielded an F ratio of F(2,98)=68.9, p<0.001, 
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indicating a significant difference between low, moderate, and high skill levels. The interaction 

effect was significant, F(4,96)=15.9, p<0.001. 

A post hoc Tukey LSD test was performed to compare the win rate of each simulated 

player. The win rate of the low-skilled player in the no aim assistance condition (M=0.01) is 

significantly different from the win rate in the fixed aim assistance condition (M=0.19, p<0.001) 

and the win rate in the custom aim assistance condition (M=0.27, p<0.001). However, the win 

rate in the fixed aim assistance condition is not significantly different from the win rate in the 

custom aim assistance condition (p=0.171). The win rate of the moderately-skilled player in the 

no aim assistance condition (M=0.09) is significantly different from the win rate in the fixed aim 

assistance condition (M=0.26, p<0.001) and the win rate in the custom aim assistance condition 

(M=0.29, p<0.001). However, the win rate in the fixed aim assistance condition is not 

significantly different from the win rate in the custom aim assistance condition (p=0.642). The 

win rate of the highly-skilled player in the no aim assistance condition (M=0.90) is significantly 

different from the win rate in the fixed aim assistance condition (M=0.56, p<0.001) and the win 

rate in the custom aim assistance condition (M=0.44, p<0.001). However, the win rate in the 

fixed aim assistance condition is not significantly different from the win rate in the custom aim 

assistance condition (p=0.078). 

An additional post hoc Tukey LSD test was performed to compare the win rate of each 

simulated player in the custom aim assistance condition. The win rate of the low-skilled player 

(M=0.27) is not significantly different from the win rate of the moderately-skilled player 

(M=0.29, p=0.688). The win rate of the moderately-skilled player is not significantly different 

from the win rate of the highly-skilled player (M=0.44, p=0.063). The win rate of the low-skilled 

player is significantly different from the win rate of the highly-skilled player (p=0.023). 
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5.4.6 Analysis 

From the computed metrics in the second experiment, we are able to draw conclusions 

regarding the effect of aim assistance on game balancing. 

5.4.6.1 Hit Rate 

RQ1 asks if the presence of aim assistance increases the hit rate of simulated players in 

games. Our hypothesis was that in the fixed aim assistance condition, hit rate would increase for 

each simulated player. We also hypothesized that in the custom aim assistance condition, hit rate 

would be close to the target hit rate used for experiment 1 (70% for Gekku Race and 60% for Biri 

Brawl).  

As shown in tables 1 and 4, hit rate increased in the fixed aim assistance condition, and 

increased again in the custom aim assistance condition. For low and moderately-skilled players, 

hit rate was higher in the custom aim assistance condition than in the fixed aim assistance 

condition. This is as expected, as players at these two skill levels receive a greater level of 

assistance in the custom aim assistance condition than in the fixed aim assistance condition. On 

the other hand, the hit rate of highly-skilled players is lower in the custom aim assistance 

condition than with fixed aim assistance. In this case, the custom aim assistance condition gives 

highly-skilled players less assistance than players in the fixed aim assistance condition. 

Therefore, we can see that a player’s hit rate can be controlled by changing the amount of 

assistance they are given. Furthermore, this also shows the importance of customizing the aim 

assistance amount based on skill level. If given the same amount of assistance, highly-skilled 

players hit more often than low and moderately-skilled players.  

We see that in the custom aim assistance condition, hit rates are not equal to the expected 

target hit rates. Low-skilled players have hit rates below the target hit rate in both games, while 

highly-skilled players have hit rates above the target. If we consider the results from experiment 1 

(Figure 4), we can see that the R2 for the regression is low for moderately and highly-skilled 
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players. This indicates that values are likely to be distant from the regression line. Because of 

this, the calibrated aim assistance values may differ greatly from the predicted heart rate.  

The results expose an additional problem in this approach. In both games, the highly-

skilled player achieved higher than the target hit rate without any aim assistance. Therefore, 

assisting them in any way will push them even further above the target hit rate. In this case, the 

assistance algorithm would need to somehow punish the player to bring their hit rate closer to the 

target. Alternatively, the target hit rate could be set higher so that less skilled players could 

receive additional assistance. 

5.4.6.2 Spread 

RQ2 asks if aim assistance can improve game balancing in our two games. RQ4 expands 

this question to ask if personalizing aim assistance algorithm further improves game balancing. 

Spread is one metric that is used to assess how balanced a round was in a game. When spread is 

lower, players end the round with closer scores, indicating that the outcome of a round is more 

closely contested. We expected that spread would decrease with the usage of aim assistance, and 

decrease further in the custom aim assistance condition. 

As we have shown, spread does decrease with aim assistance, and reaches its lowest level 

in the custom aim assistance condition in both games. The presence of fixed aim assistance 

resulted in great improvement in spread in both games. This can be possibly explained by the 

vastly improved hit rate for low and moderately-skilled players between these two conditions. 

Since players hit their targets more often, they were more likely score more points in Biri Brawl, 

and were better able to catch up to leading players in Gekku Race. 

When comparing spread in the custom aim assistance condition to the fixed aim 

assistance condition, the effect is smaller. Although spread is improved by customizing aim 

assistance, the presence of aim assistance alone is enough to improve game balancing 

significantly. Therefore, using fixed aim assistance may be good enough to create a reasonably 
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balanced game in some cases. Calibration of the aim assistance algorithms can be time 

consuming, requiring 110 rounds of play to determine the equation used for calibration. Since 

using fixed aim assistance improves game balancing significantly, game designers could forego 

personalization when there is no time to calibrate and still have balanced game difficulty.  

5.4.6.3 Win Rate 

Win rate is the second metric that we used to measure game balancing. If players are 

evenly matched, they should theoretically win an equal amount of the time. We hypothesized that 

in the custom aim assistance condition, players would have win rates that were approximately 

equal. 

For low and moderately-skilled players, we saw win rate improve in the fixed aim 

assistance condition, and increase again in the custom aim assistance condition. As a 

consequence, the win rate of highly-skilled players decreased in each condition. This indicates 

that aim assistance is successful in allowing lower-skilled players more opportunities to win. This 

is most evident when comparing highly-skilled players to low-skilled players. Without aim 

assistance, the low-skilled players were unable to win more than once in Biri Brawl, and not at all 

in Gekku Race. 

In the custom aim assistance condition, highly-skilled players had a higher win rate than 

low-skilled players. This can possibly be explained by looking at hit rate. As we saw, highly-

skilled players hit their target significantly more than less skilled players, even in the custom aim 

assistance condition. Both highly-skilled players and moderately-skilled players achieved hit rates 

higher than the target for the respective games, indicating that they were overperforming. 

Because higher skilled players were hitting targets more often than their opponents in the custom 

aim assistance condition, this could result in them winning proportionally more often. 

The gameplay simulator allowed us to reduce factors that cause variance in game 

outcomes. However, with human players there could be additional reasons for differences in win 
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rate. As we have discussed, there is a great deal of variance in game outcome due to extraneous 

factors such as player strategy or interest. Even with personalized aim assistance algorithms, 

highly-skilled players may be able to win more often than less skilled players by using alternative 

strategies in addition to aiming. 

Additionally, we saw that even without aim assistance, highly-skilled players were able 

to exceed the target hit rate for both games. Even by giving low-skilled players a great deal of 

assistance, they performed worse than highly-skilled players with no assistance. Therefore, aim 

assistance algorithms may need to punish highly-skilled players in order to reduce their hit rate to 

that of less skilled players.  

Furthermore, in both games, low-skilled players did not reach the target hit rate in the 

custom aim assistance condition. The results from experiment 1 did not yield a perfect regression 

line for players at any skill level, with low R2 values. Because of this, the equation used to 

calibrate may not be precise enough to allow low-skilled players to reach the target hit rate. In 

order to create a more accurate equation, it may be required to run even more rounds of each 

game. However, considering the calibration already takes a great deal of time, this may not be a 

practical way to calibrate games with human players. 

Ultimately, for commercial games, this difference in win rate may not be important. By 

measuring spread, we can see that aim assistance made competition closer, with all players 

achieving close scores. Players may expect the highly-skilled player to win more often, and it 

could be sufficient that they have a greater chance of winning. 

In this chapter, we have begun the investigation into personalization of aim assistance 

algorithms. Our first experiment allowed us to determine if there was a relationship between the 

degree of assistance given to the player and the player’s performance in game. This experiment 

allowed us to create equations to solve how much aim assistance was required to achieve a 

specific hit rate in game. Using these equations, we personalized our designed aim assistance 
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algorithms for simulated players at three skill levels. We then compared the personalized aim 

assistance algorithms to using a fixed amount of assistance in terms of game balance. Overall, we 

could see that personalized aim assistance was more effective at decreasing spread than using 

fixed aim assistance. However, highly-skilled players were still able to win more often than low-

skilled players with both fixed and personalized aim assistance. When we look at the initial 

calibration of the aim assistance algorithms performed in experiment 1, we see that values can be 

quite distant from the resulting regression line, meaning that the resulting equations are unable to 

precisely predict what aim assistance value will result in a specific hit rate. We conclude that 

personalization of aim assistance is effective at improving game balance; however, more work is 

required to make calibration more accurate and less time consuming. 
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Chapter 6 

Conclusion 

In this thesis, we reviewed aiming in games, and the impact of aiming ability on game 

balance. We presented a novel taxonomy of aiming that can be used to classify aimed actions. 

The taxonomy classifies actions based on three axes: immediacy (the time between when a player 

performs an aimed action, and when the consequences of that action are known to the player), 

target interaction (how a player aims at a target), and embodiment (the entity that is being aimed 

by the player). We illustrated the taxonomy by classifying aimed actions that exist in commercial 

games. The classification of aimed actions can be used to inform the design of appropriate aim 

assistance algorithms.  

We demonstrated the process of designing aim assistance algorithms by first using the 

taxonomy of aiming to classify aimed actions used in the play of three games, Biri Brawl, Bobo 

Ranch, and Gekku Race. The classification of these aimed actions informed the design of three 

aim assistance algorithms. Each of these algorithms can be personalized to offer different levels 

of assistance depending on a player’s skill level.  

We have also presented a pair of experiments that evaluate the effectiveness of aim 

assistance algorithms. The first experiment established a linear relationship between the degree of 

assistance given to a player and their performance of an aimed action. This illustrates a process 

for calibrating aim assistance algorithms based on a target hit rate for a game. The second 

experiment compared the effects of giving players personalized aim assistance algorithms to 

giving them fixed aim assistance algorithms. This experiment showed that aim assistance 

algorithms are effective at improving game balancing. Players finished rounds with closer scores 

when given fixed levels of aim assistance, and finished with even closer scores when given 

personalized aim assistance algorithms. 
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6.1 Limitations 

Our evaluation of aim assistance was performed using simulated players instead of using 

human participants. This allowed us to validate the design of the algorithms using a large sample 

size without recruiting human participants. Furthermore, it made player behaviour more 

predictable, which reduces variance of game outcomes. Specifically, the simulated players vary in 

their aiming ability, but all use the same gameplay strategy. Human players may use unexpected 

strategies in games which could affect results. 

The results from our experiments may not reflect the outcomes of games with human 

participants. While the simulated players were able to represent different skill levels, they all used 

the same strategy. This allowed us to measure their performance of a specific aimed action in 

each game. However, games are often composed of a variety of activities that humans may 

perform in many different ways. Human participants may create different strategies that can 

impact their success in the game. In Gekku Race, for example, a human participant may elect to 

not fire any cashews in a round. A player may be consistently more successful at a game than 

equally skilled opponents if they use a better strategy. Furthermore, highly-skilled players may 

intentionally perform an aimed action poorly in order to give less skilled players a chance to 

compete. 

The simulation was ultimately effective at capturing what we wanted to measure. Our 

goal was to evaluate the effectiveness of aim assistance algorithms, and player performance of 

aimed actions. Measuring differences in strategy would have made it difficult to isolate 

differences in aiming in these games. While differences in strategy will have an effect on game 

balance, we were concerned only in the effect of aiming skill level. 

 An additional limitation is the amount of games evaluated in our experiments. We 

designed aim assistance algorithms for three games in the same suite of exergames. These games 

share common elements. All three games use the same top-down, 2D perspective. In terms of the 
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taxonomy, all three games have indirect target interaction. Furthermore, all three games use the 

same mechanics to control and perform aimed actions. The controls are simple, and players do 

not have a great deal of actions available to them. The results from our experiments may not be 

applicable to games that involve more complicated actions or games that have aimed actions that 

fall on other points of the taxonomy. 

 However, these games do have three distinct classifications on the taxonomy of aiming. 

Each game highlights how the game’s classification informs the design of an appropriate aim 

assistance algorithm. These examples illustrate the process of designing an aim assistance 

algorithm and what role the taxonomy plays in this process. 

 Designers can follow this process with other games. The action’s classification informs 

the designer how they can change the game in order to allow the player to be more successful 

with an aimed action. The designer then uses this understanding to develop an algorithm that 

makes these changes. The objective is to create an algorithm that allows players to successfully 

perform an action, regardless of that action’s complexity or classification. 

 Furthermore, the algorithms that we designed are not necessarily the only algorithms that 

could be appropriate for these aimed actions. We designed algorithms that work within the 

mechanics of the three games. Actions with the same classification may require different 

assistance algorithms when they appear in different games, as those games may use a different set 

of mechanics.  

6.2 Future Work 

Additional work is required to reduce the number of rounds required to calibrate aim 

assistance algorithms for an individual player. The method proposed in this thesis is not practical 

for use with human participants, as it requires 110 rounds of each game to determine the 

relationship between aim assistance value and player performance. This method of calibration 

may require additional rounds with human players due to the increased variance brought on by 
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human participants. Human participants may become bored or frustrated having to participate in 

large numbers of calibration rounds. 

A method to combat this would be to have aim assistance algorithms that can 

dynamically adapt as players perform the aimed action. In our method of calibration, the 

relationship between hit rate and aim assistance value had to be determined after all rounds of 

play had been completed. However, if the algorithm could analyze the player’s performance 

during gameplay, the algorithm could be personalized more quickly. Furthermore, this would 

allow the system to adapt as a player gained more experience with an aimed action. As the player 

practices the action, their skill level will increase. A dynamic algorithm could decrease the level 

of assistance as the player improved. 

Additional work is required to determine how to handle highly-skilled players that 

achieve hit rates above the target hit rate, even without assistance. These players will outperform 

less skilled opponents that are calibrated around the target hit rate consistently. One solution is to 

increase the target hit rate to match the hit rate of the highly skilled player without aim assistance, 

and not give the highly skilled player any assistance. This may result in giving low-skilled players 

a high amount of aim assistance in order to achieve high hit rates, which may not be appropriate 

for different games. Another solution would be to have the assistance algorithm punish highly-

skilled players. In Gutwin et al.’s work on racing games [16], their steering assistance algorithm 

made it more challenging for highly-skilled players to stay on the track. It would be interesting to 

determine whether this would be appropriate for aimed actions with additional classifications. 

Additional future work would be to validate the process of personalizing aim assistance 

algorithms for other classifications of aimed actions. In this thesis, we designed assistance 

algorithms for three different classifications of aimed actions. By classifying other aimed actions 

and designing aim assistance algorithms for them, it may reveal commonalities between 
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assistance algorithms based on an action’s classification. This could lead to heuristics for the 

design of aim assistance algorithms.  

Over all, we conclude that the personalization of aim assistance algorithms can result in 

more balanced game difficulty. Our work has provided a tool to better understand aimed actions 

in games, which can inform the design custom aim assistance algorithms. In addition, our work 

has provided a method to relate a player’s performance level to the amount of assistance required, 

allowing designers to personalize their assistance algorithm. 
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