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ABSTRACT
Modern facial feature tracking techniques can automatically extract and accurately track multiple
facial landmark points from faces in video streams in real time. Facial landmark points are
defined as points distributed on a face in regards to certain facial features, such as eye corners and
face contour. This opens up for using facial feature movements as a hands free human-computer
interaction technique. These alternatives to traditional input devices can give a more interesting
gaming experience. They also open up for more intuitive controls and can possibly give greater
access to computers and video game consoles for certain disabled users with difficulties using
their arms and/or fingers.
This research explores using facial feature tracking to control a characters movements in a
platform game. The aim is to interpret facial feature tracker data and convert facial feature
movements to game input controls. The facial feature input is compared with other hands free
input methods, as well as traditional keyboard input. The other hands free input methods that
are explored are head pose estimation and a hybrid between the facial feature and head pose
estimation input. Head pose estimation is a method where the application is extracting the angles
in which the user’s head is tilted. The hybrid input method utilises both head pose estimation and
facial feature tracking.
The input methods are evaluated by user performance and subjective ratings from voluntary participants playing a platform game using the input methods. Performance is measured by
the time, the amount of jumps and the amount of turns it takes for a user to complete a platform
level. Jumping is an essential part of platform games. To reach the goal, the player has to jump
between platforms. An inefficient input method might make this a difficult task. Turning is
the action of changing the direction of the player character from facing left to facing right or
vice versa. This measurement is intended to pick up difficulties in controling the character’s
movements. If the player makes many turns, it is an indication that it is difficult to use the input
method to control the character movements efficiently.
The results suggest that keyboard input is the most effective input method, while it is also
the least entertaining of the input methods. There is no significant difference in performance
between facial feature input and head pose input. The hybrid input version has the best results
overall of the alternative input methods. The hybrid input method got significantly better
performance results than the head pose input and facial feature input methods, while it got results
that were of no statistically significant difference from the keyboard input method.
Keywords: Computer Vision, Facial Feature Tracking, Head Pose Tracking, Game Control

SAMMANFATTNING
Moderna tekniker kan automatiskt extrahera och korrekt följa multipla landmärken från ansikten
i videoströmmar. Landmärken från ansikten är definerat som punkter placerade på ansiktet
utefter ansiktsdrag som tillexempel ögat eller ansiktskonturer. Detta öppnar upp för att använda
ansiktsdragsrörelser som en teknik för handsfree människa-datorinteraktion. Dessa alternativ till
traditionella tangentbord och spelkontroller kan användas för att göra datorer och spelkonsoler
mer tillgängliga för vissa rörelsehindrade användare.
Detta examensarbete utforskar användbarheten av ansiktsdragsföljning för att kontrollera en
karaktär i ett plattformsspel. Målet är att tolka data från en appliktion som följer ansiktsdrag
och översätta ansiktsdragens rörelser till handkontrollsinmatning. Ansiktsdragsinmatningen
jämförs med inmatning med huvudposeuppskattning, en hybrid mellan ansikstdragsföljning
och huvudposeuppskattning, samt traditionella tangentbordskontroller. Huvudposeuppskattning
är en teknik där applikationen extraherar de vinklar användarens huvud lutar. Hybridmetoden
använder både ansiktsdragsföljning och huvudposeuppskattning. Inmatningsmetoderna granskas
genom att mäta effektivitet i form av tid, antal hopp och antal vändningar samt subjektiva
värderingar av frivilliga testanvändare som spelar ett plattformspel med de olika inmatningsmetoderna. Att hoppa är viktigt i ett plattformsspel. För att nå målet, måste spelaren hoppa
mellan plattformar. En inefektiv inmatningsmetod kan göra detta svårt. En vändning är när
spelarkaraktären byter riktning från att rikta sig åt höger till att rikta sig åt vänster. Ett högt antal
vändningar kan tyda på att det är svårt att kontrollera spelarkaraktärens rörelser på ett effektivt sätt.
Resultaten tyder på att tangentbordsinmatning är den mest effektiva metoden för att kontrollera plattformsspel. Samtidigt fick metoden lägst resultat gällande hur roligt användaren hade
under spelets gång. Där var ingen statisktiskt signifikant skillnad mellan huvudposeinmatning
och ansikstsdragsinmatning. Hybriden mellan ansiktsdragsinmatning och huvudposeinmatning
fick bäst helhetsresultat av de alternativa inmatningsmetoderna.
Nyckelord: Datorseende, Följning av Ansiktsdrag, Följning av Huvud, Spelinmatning
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INTRODUCTION

Facial feature trackers extract and track landmarks on faces by analysing frames of input videos.
By using the extracted landmarks and measuring distances between them, it is possible to know
the states of facial features such as the mouth, eyes, and eyebrows. By mapping a facial feature
state to a gamepad button, it could be possible to control applications and games. In a similar
way, head pose trackers analyses video frames to extract the rotation of a head. The head rotation
can also be mapped to gamepad buttons in a similar fashion as facial feature landmarks. In this
research, the possibility to control games using a facial feature tracker and head pose tracker is
explored by designing an application that converts facial feature states and head poses into game
input.
The rest of this chapter starts by giving an introduction and background to the research.
Following that, the objectives and delimitations are stated. Finally the research questions are
presented.
The rest of the thesis is divided into the following chapters:
Chapter 2 presents previous related works within the subject of facial feature extraction.
Chapter 3 presents the implementation of the software that converts facial feature states and
head poses into game input. It also presents the procedure of the user evaluations.
Chapter 4 presents the results of the experimental evaluation.
Chapter 5 presents a discussion of the results of the experiments and some social aspects.
Chapter 6 presents the conclusions made.
Chapter 7 presents proposed future work.

1.1

Introduction

Traditionally interaction has been done by using joysticks, gamepads, and mouses and keyboards.
These types of interaction methods offer high accuracy; however, they differ highly from natural
human-human interaction, and they cannot be used effectively by people with limb paralysis or
other handicaps that hinder arm or finger control.
To make human-computer interaction more natural, methods like speech recognition, touch
interfaces, and gesture based interaction have been developed and commercialised in recent years.
Using Computer Vision (CV) and motion detection, devices able to recognise gestures as a game
controller has been made popular by Nintendo Wii, PlayStation Move, and Microsoft Kinect [1,
2, 3]. Nintendo Wii [4], and PlayStation Move [5] senses motion by tracking infra-red light
which is sent out from a hand-held pointing device. By using two cameras, they can detect the
position, motion, and pointing direction of this hand-held pointing device in three dimensions.
Microsoft Kinect is also using two cameras to detect three dimensional movement and positions,
but instead of tracking infra-red light from a pointing device, they are using movement detection
and pattern recognition algorithms to find players and their body parts in the space in front of the
Kinect device. Microsoft Kinect, Nintendo Wii, and PlayStation Move still require the user to be
able to move their arms in many applications, which makes the products less suitable for certain
disabled users.
Truly hands free interfaces includes eye-tracking interfaces, brain-computer interfaces, speech
recognition, and facial recognition. This research project presents and evaluates three alternative
input methods using facial feature tracking and head pose tracking.
1

1.2

Background

As of today, there has been little research for using facial feature movements as input for video
games. Most of the current research, which is presented in Chapter 2, has been focused on
emotion recognition and face recognition. Only recently, stable real-time facial feature extraction
and tracking methods have been developed. Current input methods have some problems and
limitations. Traditional input methods can not be used by people with difficulties moving their
arms and fingers. speech recognition can not be used by those who are mute. Eye-tracking have a
limited efficiency on people with glasses. Facial feature tracking do not have these limitations. It
provides a new hands free interface that opens up new computer interaction possibilities, making
computers more accessible. Facial feature tracking also has a potential use as an interface for
facial muscle training feedback applications in rehabilitation techniques such as mime therapy [6].

1.3

Objectives

This study aims to create an application that uses a facial feature tracker and converts the status of
individual facial features to input for a platform game. The facial feature tracker is able to extract
and track multiple facial landmarks from a user’s face in real time. The application will analyse
the facial landmark points in order to determine the statuses of facial features such as the eyes,
eyebrows, and mouth. The status of a facial feature is determined by its position and/or form.
The platform game that is controlled using the input method requires input for horizontal
movement and jumping. The facial feature tracking interface is compared in regards of performance and efficiency with three other input methods: keyboard, head pose estimation, and a
hybrid of facial feature tracking and head pose estimation. Head pose estimation is a method
that extracts the yaw, pitch, and roll angles of a head from a video stream in real time. The
hybrid input method uses both facial feature tracking and head pose estimation. Performance and
efficiency is in this study measured by three factors: the time it takes to complete a platform
game level, how many jumps the player makes, and how many turns the player makes. A short
completion time, and low amounts of jumps and turns indicate a more efficient input method.
The input methods are also rated subjectively by experiment participants. The subjective ratings
include entertainment, accuracy, and intuitiveness.
The control mapping of the facial features to game input will be developed by choosing
facial feature movements that most people are able to perform. With control mapping, we mean
a facial feature movement or combinations of such movements that correspond to a game input.
Two examples of control mappings are lifting eyebrows to jump, and opening mouth to walk left.
Facial feature movements such as lifting one eyebrow might be hard for most people, and might
therefore be a bad facial feature movement to include in a configuration in this kind of interface.
Facial feature interfaces can potentially offer a large range of controls and control combinations. With an accurate facial feature tracker, many individual facial feature movements and
combinations of such movements can be used as separate inputs. This might make it suitable for
use as input in games and computer interaction for those people who are not able to use traditional
controllers. Head pose tracking offers a smaller range of control events. There are only three
axes which are measured in a 3D space, and there are a total of six angular directions. But head
movements might feel more natural and have better accuracy for movement than facial feature
movements. By comparing head pose tracking and facial feature tracking with the traditional
methods, it might be possible to find a good alternative to traditional input that can be used by a
2

large range of people when playing platform games.
Using facial feature tracking we hope to avoid that users need to perform loud facial expressions, for example unnaturally big smiles, to register inputs. Since the system is evaluating
individual facial features, it removes the issue of which emotion expression evaluators have.
Emotion expression evaluators may confuse similar looking emotion expressions. The emotions
have a tendency to look even more similar when they are weak. This is why emotion detection
often need loud expressions to work efficiently. Emotions are hard to interpret, since people have
their individual way of expressing them, which can be seen in the figure in [7, p. 177]. Using
facial features as input only requires the evaluation of which state an individual feature is in, and
there is no need for the system to try to interpret the state of the whole face, therefore there are
no confusion between facial feature states. Facial feature states are highly uniform. Separation of
the lips means that the mouth is opening, which will be the same calculations in this system on
all faces, this is also the idea behind the facial action coding system [8].
The interface should require minimal manual configuration of the facial tracking in order
to make it usable by people without initial training. The facial tracking software should be able to
trigger commands that translates to a game controller event, which will become the input to the
game. The facial feature controller has to be able to recognise a sufficient amount of individual
feature states or combinations of these to be able to perform all required game control events.
The control mappings that will be tested should not result in any inconveniences for the user, such
as having both eyes closed while moving the player character, which would result in the player
not seeing the screen. Facial movements that many people are not able to perform, also has to be
considered when designing the control mappings. If it is evident that a large percentage of people
are not able to perform a facial feature movement, including it in a control mapping will be avoided.
The proposed methods should be able to control a platform game, to be considered a successful alternative to traditional methods. Platform games are popular and does not use many
different controls. It can still be a challenge since timing and accuracy is important for players to
successfully clear jumps between platforms. The software system interpreting the facial features
and head poses should run in real-time while simultaneously running a game application on the
same computer.

1.4

Delimitations

The research is limited to a platform game where the main controls are walking left, walking
right, and jumping. The research is limited to three types of alternative input types which is being
compared against one traditional input. The alternative input methods are: head pose estimation,
facial feature tracking, and one hybrid of facial feature tracking and head pose estimation. The
traditional input method that is used is keyboard input. Each input type has one input mapping
each. The system uses a consumer grade web camera as the video input device to make the
resulting system more accessible for people who might benefit from it. A web camera is cheaper
and more available than the alternatives such as Microsoft Kinect.

3

1.5

Thesis Questions

This research will answer the following research questions.
1. How does facial feature input, head pose input, and a hybrid between the two compare to
keyboard input in regards of efficiency as input methods for platform games?
2. Is facial feature input a valid alternative to keyboard input in platform games?
3. Is head pose input a valid alternative to keyboard input in platform games?
4. Is a hybrid of facial feature and head pose input a valid alternative to keyboard input in
platform games?
To answer these questions, experiments are run with participants that plays a platform game using
the alternative methods as well as a traditional keyboard input method. To compare the different
input methods with each other, the player performance is measured. Performance is measured by
the time it takes to complete the game, the amount of jumps the participant performs in the game,
and the amount of turns the participant performs in the game. Participants will also perform a
user evaluation, where the participant can subjectively evaluate their performance, efficiency,
accuracy, etc. whicle using the different input methods. The evaluation form that is used can be
found in Appendix C. In the experiment, landmark positions of the participants’ neutral faces
are recorded. They can be used to find any differences in facial layout of the participants that
perform well and the participants that do not perform well.

4

2

THEORETICAL FRAMEWORK

Current research applications of CV related to facial capture are mostly focused on recognition and
classification of facial expressions, facial recognition algorithm optimisation, and motion capture
in model animation. Using facial feature tracking as computer game input and what techniques
that are most efficient for this purpose is less researched. Only recently, stable automatic real-time
facial feature tracking methods such as the dlib [9] and CLM-framework [10] have been developed.
Facial recognition applications for video games has up until now focused on reflecting the
player’s face on an avatar, mimicking facial expressions, or integrating the player’s emotions in
game play scenarios. There is currently a gap in the research of using facial feature tracking as a
direct input method, and exploring what facial feature combinations efficiently can be used as
input for games.

2.1

Games and Applications Using Computer Vision as Input Methods

This section presents games that uses CV interfaces as input. The games presented here are using
head tracking, facial expression recognition, and eye-tracking methods.

2.1.1

EmoFlowers

The game EmoFlowers [11] is a part of the research by Lankes et al. The game uses CV and
emotion recognition algorithms as game input. In the game there are flowers that grow if
the correct weather conditions are met. To change the weather, the player performs different
emotional facial expressions. A smile will make the sun shine, and a frown will make it rain.
The player needs to match his or her facial expression with a target emotion, representing the
best weather condition for the flowers to grow. When the player’s facial expression matches the
target emotion, the weather in the game changes, and the flowers start to grow. EmoFlowers can
distinguish the two emotions happiness and sadness as well as two intensity levels of each (i.e.
little sad, very sad, little happy, very happy). The input method in this game is facial expression
recognition. The game automatically locates faces, and processes the image of the face to get
histograms of the brightness levels in the image. The histograms are compared to a histogram of
a known emotion. This known emotion histogram is generated by using a training algorithm that
analyses the images of many faces performing different facial expressions. This method requires
the facial expressions of the user to be similar to the faces that was used in the training set. Some
facial expressions that share some similar features are often confused using this method. It works
best when using few emotions that are very different from each other, like sad and happy. It
differs from facial feature tracking in that it recognises the state of the whole face rather that the
states of individual facial features.

2.1.2

Feed the Fish

Obaid et al. [12] developed a game where the difficulty is increased or decreased depending
on the emotional feedback a player gives in form of facial expressions. In this game the player
controls a fish. The player has to avoid being eaten by bigger fish, while eating all the smaller fish
to get points. The player controls the fish by using traditional controllers, and while playing the
game, the player’s emotional state is classified using a facial expression recognition algorithm.
The algorithm measures the ratios of mouth width, eye width, and the distance between eyes
and mouth to determine if the player is expressing a generally happy emotion, negative emotion
5

or neutral emotion. If the system is detecting a happy emotion, the difficulty of the game will
increase. A negative emotion will decrease the difficulty. The player entertainment of playing
with the CV solution is compared to the player entertainment of playing without CV. In the
version without CV there is no adaptive change in difficulty. The results indicates that it was
more enjoyable to play the game with adaptive difficulty using CV. The research measures the
enjoyability of such a system, rather than the effectiveness compared to using traditional controls.
The system in this research uses facial feature extraction, but in contrast to this research project,
the algorithm measures the emotion for an affectionate input rather than a direct input method.

2.1.3

Take Drunkard Home

Ilves et al. [13] created a game controlled by a combination of head movements and emotion
recognition. The game objective is to guide a drunkard home without falling down or hitting
obstacles on the road. By moving the head to the left and right, the drunkard will lean towards
the corresponding direction and start moving this same way. The player has to avoid objects
such as walls and non-player characters on the way home. Emotions are used to interact with
Non-Player Characters (NPCs) in the game. A smile will make moving NPCs stand still, while a
frown will make static NPCs scared and run away. When doing user experiments, the participants
gave positive feedback on the entertainment level of using facial expressions as an input method.
Using emotion recognition as a way to interact with NPCs might be a good way to make the
interaction more natural. Emotional input for emotional feedback might make a game feel more
immersive. However, using emotional input methods is less suitable for other more general
controls, such as moving a character or jumping, which is the reason for Ilves et al. to use
head movement for player movement. The facial expression recognition method that Ilves et
al. used is similar to the one used by Lankes et al. in Section 2.1.1 above. A limitation of
the chosen face tracker that was used, was that it was not able to detect faces that were leaning.
Many participants automatically leaned the head towards the direction they wanted to move the
character. The head tracking algorithm, was not able to detect any heads that were leaning, this
caused the head tracker to lose track of the head. To solve this, a second head tracking algorithm
was implemented to take care of the cases where the primary head tracker failed. This secondary
head tracker implementation was slower (15 Frames Per Second (FPS) compared with 25 FPS
using the original algorithm), which could cause important frames, including facial expressions,
in the video stream to be missed.

2.1.4

Rabbit Run

O’Donovan et al. [14] created Rabbit Run to research gaze and voice interfaces for games. The
game used a Tobii T60 eye-tracker to obtain the gaze data, and Microsoft Speech SDK 5.1 to
obtain voice recognition. In the game, the player is trapped in a maze inhabited by evil rabbits.
The player has to escape the maze in as short time as possible while collecting coins and avoiding
the rabbits. To control the rabbit, the player uses gaze to navigate a first person perspective
camera left or right. To move in the camera direction, the player used voice commands: "Walk"
would make the player move forwards and "Run" made the player move faster. To halt, the player
used the command "Stop". The method was shown to perform significantly worse than using
traditional controls, but players reported on higher immersion when using gaze and voice over
using traditional controls.
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2.1.5

Painting With Gaze and Voice

Kamp et al. [15] used eye-tracking and voice recognition as an alternative input method for
a drawing application. Voice commands were used for menu navigation, tool selection and
activating drawing. Eye-tracking was used for cursor positioning. Using voice recognition for
tool selection and tool activation makes the otherwise time consuming menu navigation possibly
quicker than previous menu navigation methods where eye-tracking has been used for both
drawing and menu navigation [16].

2.1.6

Enhancing Presence, Role-Playing and Control in Video Games

Wang et al. [17] used head tracking as an input method in their research about enhancing
presence, role-playing and control in video games. They tracked the position of the head while
the user played a first person shooter game. The player could move and lean the head from side
to side to dodge bullets or peek out from a hiding position. The design is motivated by a typical
behaviour pattern that players automatically dodge attacks in First Person Shooter (FPS) games
and fighting games, and lean while steering a car in racing games. With this in mind, they decided
to make this automatic player motion into a game feature where the automatic leaning motion
actually is meaningful. Comparisons were made between playing an FPS game where the player
in one case dodges by moving their head and another case dodges using a traditional controller.
The experiments showed that the immersion sensation were greater in the case where the player
dodges by moving their head. There were no significant performance difference between head
tracking control and traditional controller. This research is a good example that head tracking can
be used for direct control in some video games in order to increase immersion without decreasing
the player efficiency. In this research, head pose tracking is used as a direct input in a platform
game and it can be found whether head pose tracking is a good input method for many types of
games or if there exist a subset of games that are suitable for head pose tracking. Our research
also differ from the work of Wang et al. since we are also researching facial feature tracking as
game input.

2.2

Facial Feature Extraction and Emotion Recognition Methods

This section explains some of the state-of-the-art methods for facial emotion recognition and
facial feature extraction as well as explains some advantages and disadvantages with the different
methods.

2.2.1

CLM-Framework

CLM-framework was developed by Baltrušaitis et al. [10]. The framework uses a so called
Constrained Local Model (CLM) based method. The method has a face model consisting of 68
facial feature landmark points. It can fit the 68 landmark points to a face in real-time. Figure 2.1
shows the model consisting of 68 landmarks. In order to correctly place each landmark point
onto a face, the framework has been trained on many images and videos of faces in various poses
and view angles. After the training, the framework knows what the area around a landmark point
should look like, and can search for similar looking areas in new face images.
After the facial feature landmarks has been successfully extracted, the landmarks can be
tracked in all subsequent frames by searching the area around an extracted landmark for the
new positions in the subsequent frames. This method works well even with faces partially
covered by glasses or hair, since the method estimates what position the landmarks should
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be in by looking at the surrounding landmarks. As the name implies, the method is using a
constrained model. This means that the model cannot be unlimitedly deformed. This can cause
problems when facial expressions, and facial feature movements are too loud. The framework
needs no manual configuration, faces and landmarks are detected fully automatically. It works
on many types of faces and is not very light sensitive, which is good for environments where
the light changes over time. The framework shows very good potential for being used in
real-time applications for facial expression detection and facial feature tracking. The CLM
framework can also be used for head pose estimation. By using the detected landmarks and calculate distances and ratios between them, it is possible to get an accurate estimation of the head pose.
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Figure 2.1: This figure is a visualisation of the landmarks that can be fitted onto a detected
face using CLM-framework. The 68 landmarks are distributed around the face contours,
along the eyebrows, around the eyes, along and under the nose as well as around the mouth.

2.2.2

Dlib

Dlib [9] is a library collecting algorithms of Machine Learning, Computer Vision Image
Processing and more. One of the software components is a facial landmark detector. The detector
can extract and track multiple landmark positions on a face in real time. The method works in a
similar way as the CLM-framework described in Section 2.2.1 above.
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2.2.3

Piecewise Bézier Volume Deformation

Piecewise Bézier Volume Deformation (PBVD) [18, 19] can also extract individual facial features.
PBVD uses a 3D wire-frame model of a face. The model is constructed in the initial frame of a
sequence where landmark facial features such as eye corners and mouth corners are manually
selected in an interactive environment. A generic face model is then deformed to fit the extracted
landmark points, similarly to the CLM method explained above. A facial expression can then be
classified by using the deformation of the model. By tracking the selected facial feature points
and deforming the facial model to fit the new location of these points, this method can be used
to continuously classify facial expressions in a video sequence. Since there is no automatic
extraction of facial feature points, the method is not well suited for real-time applications. The
user would have to sit completely still during the initialisation phase, otherwise the tracking
would not be accurate. The method is suitable for facial feature tracking in videos.

2.2.4

Automatic Face Analysis

Another method is Automatic Face Analysis (AFA) [20] by Tian et al. AFA uses multi-state
facial component models for permanent facial features (mainly mouth, nose, eyes and eyebrows).
Multi-state means that there are different models for different conditions. The mouth has a
three-state model: opened, closed and tightly closed. Eyes have a two state model: opened and
closed. Depending on the facial feature, the extracting and tracking method is different, since
the facial features are different in structure and amount of deformability. When extracting the
mouth, the approximate position of the lips are automatically detected in the first frame of a video
sequence. In the subsequent frames, the position is adjusted while tracking the positions of mouth
corners using colour, shape and motion [21]. To track the eyes, the position of six key points
for each eye are manually selected in the initial frame of a sequence. The eye model is fitted to
the selected points and is used to determine the state of the eyes. In the subsequent frames the
key points are tracked automatically. Since the AFA method requires manual initialisation of
the eyes, it is not suitable for a real-time application. If the user is moving during the manual
initialisation, the position of the eyes will be wrong and cannot be correctly tracked. The method
therefore is suitable for video recordings.

2.2.5

Local Binary Patterns

Local Binary Patterns (LBP) [22, 23, 24, 25, 26, 27] has been proven to be an efficient method
for facial recognition and facial expression classification. An image is divided into several cells
with for example 16x16 pixels in each cell. Each pixel is compared to its eight surrounding
neighbour pixels. When a pixel value is greater than a neighbour, there will be a one, otherwise
there will be a zero. The ones and zeros are put in a eight-digit binary number, where each digit
represents a neighbour. Each eight-digit binary number can be converted into a decimal number.
A histogram is then computed of the frequency of each number in the cell. All histograms are
put in a vector after each other. Then the resulting histogram vector can be compared with
different histogram vectors of known expressions to classify what expression is shown in the image.
This method requires a machine learning algorithm to evaluate a big database for each expression in order to be accurate. This is not very efficient when evaluating individual facial
features, since it would need a big number of examples of each individual facial feature status,
and all combinations of facial feature statuses that it should be able to recognise. There would
still be some confusion, since the algorithm often confuses the expressions where the mouth is
open. When the mouth is opened, there is a large change in the facial expression compared to an
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eye opening or closing, which can result in the system confusing the different expressions where
the mouth is opened, for example happy and surprised.

2.2.6

Facial Feature Detection Using Gabor Features

Vukadinovic and Pantic [28] have proposed a method that can extract facial features automatically
from images. The method divides the face into upper, lower, left and right parts. From these
regions of interest they use statistical data of face ratios to predict where the facial features should
be located. Then they use a Gabor filter to find edges, like eye corners and mouth corners to place
the facial feature landmark points within the predicted area. Gabor filtering is a method where
a wavelet with an orientation and frequency is passed over an image and returns a frequency
result. A wavelet with a vertical orientation gives out high amplitude responses on vertical lines
in the image, horizontal wavelets gives high responses on horizontal lines. To find edges and
corners in a facial image, several wavelets of different orientations are used. The responses are
then combined and analysed by an algorithm to find the correct positions for the facial feature
landmark points. This method has proven to have good results in experiments with faces not
covered by glasses or facial hair.

2.3

Head Pose Estimation Methods

There are several robust methods for tracking and accurately estimating head poses. In this
section some of the available methods will be presented.

2.3.1

Appearance Template Method

The appearance template method [29, 30] utilizes a database of faces in many different orientations.
To find the pose of a head in an image or video stream, the head can be compared to the images
in the database to find the image that best matches the input. The orientation of the head in
the most similar image in the database is returned as the head pose estimate. The accuracy of
this method is highly dependent on the size of the database. The fewer images in the template
database, the rougher is the estimation. Higher amount of templates makes the algorithm slower,
since there is a need for more comparisons. The most significant problem with the method is
that the comparison method is looking for matching images, this means that the same face in
two different poses may give higher similarity than two different faces in the exact same pose.
Similarity in the image might therefore not be due to similarity in pose, but rather similarity in
face structure, making the method unreliable.

2.3.2

Flexible Models

Flexible models fits a non-rigid model to a face in an image or video frame [29, 31, 32]. The
model can then be compared to a database of face models in different poses. This method is
similar to the appearance template method, but by comparing face model instead of images,
the problem of confusing a similar face or similar pose is eliminated. CLM-framework uses a
flexible model method to calculate the head pose from the detected landmark data.

2.3.3

Infra-Red Lights

Another method to estimate head pose is by using infra-red lights attached to the head to be
tracked. The camera can detect the infra-red lights, and the software can track the lights in an
image of video sequence. Examples of products that use infra-red light for head tracking is
10

TrackIR [33] and FreeTrack [34]. The software track lights that are fastened on the users head or
on a cap worn by the user. To acquire the highest accuracy, three lights in the form of a triangle
are needed. The positions of the lights relative each other are then used to calculate an estimation
of the head pose. The drawback of this method compared to the methods above is that it needs
extra equipment and extra calibrations of the systems.

Yaw Axis

Pitch Axis

Roll Axis

Figure 2.2: This figure shows the yaw, pitch and roll axis of a face.

2.4

Real-Time Face Extraction Methods

Two stable and widely used methods to detect a face in a video frame are the Viola-Jones
algorithm [35] and Histogram of Oriented Gradients (HOG) [36]. The Viola-Jones algorithm
uses Haar features to locate faces in images. Haar features are similar properties in human faces,
for example the bridge of the nose, and eyes. The face detector is searching in a grey scale
video frame for features that matches the features of a face. If faces are found, bounding boxes
surrounding the detected faces are returned. The Viola-Jones algorithm is very fast, which is
good for real-time applications, it however requires a face to be upright and facing the camera.
When doing head pose tracking, the face detector needs to be able to find faces even when they
are leaning to the left, right, upwards, and downwards. The other method, HOG, divides the grey
scale frame into small connected regions called cells. Using the pixels in each cell, the gradient
directions and magnitude is computed and is put into a histogram of gradient directions. The
histogram can then be compared with histograms that are known to be faces in order to detect if
a face is present in the frame. HOG has the ability to detect faces invariant to their rotation by
transforming the histogram that is compared, which makes it a better option when the detector
should be able to detect a leaning head.
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3

METHOD

This chapter describes the implementation of the proposed input methods and the user evaluation
of the method. The first section describes how the facial feature tracker and head pose tracker
were chosen and implemented. In the second section the experimental procedure is described.

3.1

Facial Feature Input System Implementation

The facial feature input system includes the detection of facial features and head pose estimation
and converting them into game input.

3.1.1

Finding the Most Suitable Facial Feature Tracking Method

This section explains the procedure for finding a suitable facial feature tracking method for our
system.
There are several methods able to extract and track facial features in real-time. Some of
them are presented in Section 2.2. To reach the objectives with our system, the facial feature
tracking method that is used has to be able to extract and track facial features fully automatically.
There are three methods that fits well into the category: CLM framework, dlib, and the method
proposed by Vukadinovic and Pantic.
The method proposed by Vukadinovic and Pantic has two disadvantages against the other
two methods. Firstly, it has a known problem with faces partially covered by beards and glasses.
Secondly, there is no publicly available implementation of the proposed method, which could
possibly require a lot of time to implement. Since there are already finished implementations of
the other two methods, dlib and CLM framework, it was decided that one of these two would be
the method used for this research project.
To decide which of the two methods to use, simple demo applications using these methods were developed. The demo applications took a webcam feed as input and tracked facial
features in real-time. Both methods showed great performance, extraction, and tracking results.
In the end, the CLM framework was chosen due to the fact that it also had a built in head pose
estimation method. This means that there would be no need for a second software for head pose
estimation. Most head pose estimation software using webcam input requires infra-red lamps
attached to the head to be tracked. The CLM framework does not need this, which gives it an
advantage. Having head pose estimation and facial feature tracking in the same software also
makes hybrid input system implementations easier.

3.1.2

Implementation of the Facial Feature State Recogniser

This section describes the system for detecting facial feature states and the conversion of these
into game input.
This system uses a video stream from a web camera as input. From the video frame, a
face is first extracted using the HOG algorithm. HOG is used since it is necessary to detect tilted
faces in our implementation. The video frame is converted into grey scale and sent into the HOG
algorithm which will return bounding boxes for all faces present in the frame. If several faces are
detected in the video frame, the smaller faces will be thrown away and only the largest will be
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kept. It is assumed that this face belongs to the active user and are only interested in this.
The video frame and the bounding box is sent into CLM framework where the facial feature landmarks are extracted in the first frame, and tracked in all subsequent frames. The
landmark positions are fetched from the CLM-framework and are analysed by a function that
calculates distances and ratios between different landmarks. In the first frame, where the user is
asked to maintain a neutral face, the distances and ratios are stored. In the subsequent frames,
the new distances and ratios are compared against the neutral face distances in order to interpret
what states the facial features are in. This technique is inspired by the work of Ekman et
al. [8]. They have proposed an action unit system which defines faical feature states depending on their shapes and relative positions. The facial feature states are paired with a gamepad
button which gets activated through a virtual gamepad driver when a facial feature state is changed.
When doing the measurements one has to be aware of the distance between the camera and
the user. When the user is far away from the camera, all distances between landmarks will
automatically decrease. When the user is closer the camera, the distances will increase. To
compensate for this, a scaling variable is used. The scaling variable is found by comparing the
size of the face found in the frame, with a fixed face size. This makes the comparisons more
invariant to distance differences to the camera during a session.
Another consideration to be taken is that all faces are different. Some people have wider
mouths or larger eyes, and some people’s neutral facial expression appear more grumpy-looking
or more happy-looking than others [37]. To simply measure distances and have the same
thresholds for all people would force some people to make louder expressions and some people
would have to be very careful not to activate facial state events by mistake. To counter this
problem, the system is calibrated for each user in the beginning of a session by saving the
distances and ratios between landmarks in a user’s face while the user is performing a neutral
facial expression. A neutral facial expression is performed by looking straight forward while
relaxing the face, trying not to stretch any facial muscles. The distances and ratios are in
subsequent frames compared with this neutral face to determine the states of the facial features.
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Figure 3.1: This is the system flowchart. The user is asked to maintain a neutral facial
expression and head pose during the calibration step. The system starts by trying to detect a
face in the video stream. If it is successful, the system will do an initial landmark detection.
The neutral facial expression is saved and used in the interpretation step. After successfully
detecting a face and landmarks, the system continuously tracks the facial landmarks. In the
interpretation step, the current frame’s landmarks are compared with the neutral face to
detect facial feature state changes. If a state change included in the control mapping is
detected, it is converted into a gamepad event and sent to the game.

3.1.2.1

Mouth State Recognition

In the extraction stage, 20 landmark points are fitted around the mouth, as seen in Figure 3.2(a).
The distances between different landmarks changes depending on which state the mouth is in.
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To detect if the mouth is in an opened state as in Figure 3.2(b), the most interesting landmarks
are in the horizontal centre of the mouth. The distance between the upper lip and lower lip is
calculated by measuring the distance between the interest points. The mouth can have at least
three states of openness, wide open, a little open and closed.

(a) Mouth in neutral state

(b) Mouth in opened state

(c) Mouth in half-smile with left
mouth corner stretched

(d) Mouth in half-smile with right
mouth corner stretched

Figure 3.2: This figure shows some of the different mouth states that exists.
To determine if the mouth corners are moving, the orientation of the head has to be considered.
One way to measure if a mouth corner is stretched, is to measure the distance between the mouth
corner and the side of the face. However this measurement is very sensitive to face orientation.
When the player is looking towards either side as in Figures 3.5(e) and 3.5(f), the distance will
change. The solution is to look for distances that changes less with small head movements. Telling
the user to try to look straight will partially help, but there are many involuntary movements of
the head that might affect the distance of interest. Like when a player is following the movement
of a game character, or exploring a game level. A distance that seem to be more invariant
to head pose changes, are mouth corners to the point under the nose (l33, l48, and l56 in Figure 2.1).
In Table 3.1, the mouth states that are possible to detect can be found, and in Figure 3.2
some of the mouth states can be seen visualised with the extraction points from the facial tracking
system.
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Mouth State

Description

Points of interest

Open mouth

Lips separates, making a gap between the
lower lip and upper lip. The distance of
the interest points increases. This state
can have different intensity levels
depending on the distance of the lips.

l63 and l66

Pucker

Forming the mouth to a kissing mouth.
The distance between the mouth corners
decreases.

l48 and l56

Smile

Distance between the mouth corners
increases.

l48 and l56

Left half-smile

Left mouth corner is stretched, forming a
half smile. Distance between left mouth
corner and point under nose increases

l33 and l48

Right half-smile

Right mouth corner is stretched, forming a
half smile. The mirroring movement of
the left half-smile

l33 and l56

Move mouth to left

Move the whole mouth towards the left.
Both mouth corners will be stretched
towards the left side of the face.

l48, l56, and face
centre

Move mouth to right

Move the whole mouth towards the left.
Both mouth corners will be stretched
towards the left side of the face.

l48, l56, and face
centre

Table 3.1: This table is showing mouth states that can be detected, and their descriptions.
The points of interest are referring to the landmarks that can be found in Figure 2.1. Some
of these states can potentially be used together, like smile and open mouth.

3.1.2.2

Eye State Recognition

To determine if an eye is opened or closed, the distance between the lower eye lid and the upper
eye-lid is measured. When the distance is close to zero, the eye is considered closed. In Figure 3.3
the landmark points of an open eye and a closed eye can be seen. It is also possible to detect
when the eyes open wide, but this is not as accurate since the difference between an open eye and
a wide open eye is very small.
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(a) Eye in the neutral, or open, state

(b) Eye in the closed state

Figure 3.3: This figure shows how the state of an eye is measured. The average distance
from the bottom lid of the eye and the upper lid of the eye is compared with the average
distance in the neutral face.

3.1.2.3

Eyebrow State Recognition

To determine if the eyebrows are raised or lowered, the average distance between the eyebrow and
the eye is used. The distances that are measured and averaged can be seen in Figure 3.4. It would
be possible to measure and assign events for each eyebrow individually, but in this research, the
eyebrows are regarded as lifted if either one or both eyebrows are over the threshold. This is
because not everyone are able to lift one eyebrow individually.

(a) Eyebrow in the neutral state

(b) Eyebrow in the lifted state

Figure 3.4: This figure shows how the state of an eyebrow is measured. The average
distance from the eye to the eyebrow of the current frame is compared with the average
distance in the neutral face. The lines represents the distances that are measured.

3.1.2.4

Head Pose Tracking

In this application, the head orientation that can be detected are if the head is tilted left, right,
upwards or downwards, or if the user is looking to the left or right. These movements can be
represented by yaw, roll, and pitch rotations seen in Figure 2.2.
The rotation of the head can be calculated by using the detected landmark positions. By
using some of the landmark positions and comparing them with an upright face, it is possible
to estimate the head pose. It can be seen in Figure 3.5(a) and Figure 3.5(b) that when leaning
the head left or right, the height of the eyes differ. When looking towards the side, as seen in
Figure 3.5(e) and Figure 3.5(f) the eyes stay at the same level, but the weight of the landmark
positions move more towards one side, and the face contour gets another shape. When looking
upwards and downwards, the nose become shorter and longer respectively as seen in Figure 3.5(c)
and Figure 3.5(d), while the height of the face become smaller. The CLM-framework has a built
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in head pose estimation that do these calculations and also returns an estimated angle of each
rotation.

(a) Head tilted towards the left(b) Head tilted towards the(c) Head tilted to look upwards
right

(d) Head tilted to look down-(e) Head looking leftwards
wards

(f) Head looking rightwards

(g) Head in neutral pose

Figure 3.5: This figure shows the different poses that can be detected by the head pose
interface. (a), (b) and (c) are used as input for the platform game in this research.
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3.1.3

Control Mapping

After detecting head movements and facial feature state changes, some or all of the events should
be converted to gamepad inputs. A gamepad button or gamepad axis is mapped to a facial feature
state and a threshold value. When a facial feature state is detected, a list of all the mappings is
searched. If the facial feature state is found in the list and has a higher intensity than the specified
threshold value, the paired up gamepad button or axis will be sent to a virtual gamepad driver.
This makes it possible to control all games and applications that are able to receive gamepad input.
The control mapping is saved in a configuration file that can be customised for different
control patterns. The configuration file can quickly be loaded and reloaded in run-time if the user
wants to change control mapping or threshold values. It is possible to have facial feature states in
combination with head pose tracking events. It is also possible to use the system in combination
with a traditional controller if the user wish to do so. The control mapping also supports a button
press to be performed in several different ways, for example using either head tilt or mouth
movement for steering a character. It is also possible to have a combination of head or facial
feature movements to correspond to a button press, for example tilt the head right and open the
mouth to correspond to pressing the X-button on a gamepad. Another possible mapping is to have
the same head or face movement to correspond to several buttons in order to perform complicated
button combinations with a simple facial feature movement, for example pucker mouth to
correspond to pressing the right direction, Y-button, and right trigger on the gamepad. This is
mostly useful when using the facial recognition system in combination with a traditional controller.
Table 3.2 shows the control mappings used for the different input methods in this research. For
the facial feature input method, the mouth and eyebrows are used to control the character. To
move the character left and right, the author hypothesises that the most natural input method
would be a facial feature movement that has physical movement towards the left and right or using
the right and left side of the face. The different facial movements that falls under this category
is winking the eye corresponding to the walking direction, lifting the eyebrow corresponding
to the walking direction or moving the mouth or mouth corners towards the walking direction.
Moving the mouth or mouth corners is chosen because it is it thought that more people are able
to perform mouth or mouth corner movements than there are people able to lift one eyebrow or
wink one eye. Winking one eye would also partially obstruct the view for a player, which is not
preferable. For jumping, an upward motion is preferred. The easiest way to perform an upwards
motion with the face is to lift the eyebrows. For the head pose input method, tilting the head was
chosen over looking towards the sides. Looking up was chosen for jumping since it is a natural
upwards motion. For the hybrid method, tilting the head was chosen for walking while lifting the
eyebrows were chosen for jumping. The last input type, traditional input method, was chosen to
be a traditional input mapping using the keyboard arrows to steer the character and jump.
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Input method

Walk left
Stretch left mouth
corner

Walk right
Stretch right mouth
corner

Head pose input

Tilt head to the left

Tilt head to the right

Tilt head
backwards

Hybrid input

Tilt head to the left

Tilt head to the right

Lift eyebrows

Keyboard input

Left arrow

Right arrow

Up arrow

Facial feature input

Jump
Lift eyebrows

Table 3.2: This table shows how the different input controls are mapped in the different
input methods.

3.2

Platform Game Implementation

To test the proposed input methods, it was decided to create a platform game. It was decided on
platform games because of its scalability of controls and complexity. A simple platform game
uses three controls, walking left, walking right and jumping. More controls, such as crouching
and shooting, can add to the complexity of the game and can be used for testing more complex
control mappings.
The platform game was implemented in Unity Engine 2D, using C# scripting. The game
works with keyboard input as well as gamepad input. The input events sent from the alternative
input methods are recognised as gamepad input.
Two levels were designed for the experiment. The first level is a practice level containing
one platform. On this level, the user can practice and get used to the input controls by walking and
jumping up on the platform, see Figure 3.6. When designing the platform game level that is used
for testing the input methods, it has to be taken into consideration that the users are unfamiliar
with the alternative input methods. This means that the game level cannot be designed to be too
difficult. At the same time, in order to properly test the accuracy, efficiency, responsiveness, and
controllability of the input methods, there has to be challenging elements in the level that will
make obvious insufficiencies easy to recognise. The platform level can be seen in Figure 3.7. The
platform level includes places where the user has to perform accurate and well timed jumps to
complete the level. The jump that require the most timing and accuracy is seen in Figure 3.7(b),
at the end of a downhill slope. The downhill slope make the character a little bit faster. If the
input controls are inaccurate or if the player miss-times the jump, it is easy to fall down.
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Figure 3.6: This is the practice level where the user can get used to the controls.

(a) First screen of the game level

(b) End of the game level

Figure 3.7: This figure shows the platform game that was used for testing the different input
methods. The robot character is a standard asset in the Unity Engine, the rest of the assets
are made by the author. At the top of the screen are icons, showing what input method that
is currently used. Arrows can be seen at the end of the board, pointing towards the goal
helping to guide the player.
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Figure 3.8: This is the game flowchart.

3.3

User Evaluation

This section presents the evaluation method used to measure the efficiency of the proposed
input methods. The experimental setup and the procedure of the experiments is described in the
following text.
After finishing the facial feature input system, the head pose input system, and designing
the different input mappings, it is necessary to test the efficiency of the different methods and
evaluate their performance and usability. An experiment was designed in which a group of
participants tested the input methods and gave their evaluations of them.

3.3.1

Participants

It was decided that each participant is performing all of the input methods in a repeated measures
test. To eliminate systematic order dependency errors, the participants were assigned a random
order in which to use the input methods. The random orders were generated by listing all the
possible orders and assign them randomly to each of the participants. Since there are four different
input methods, there are 24 different possible play orders. Each participant were assigned a
unique order. To get at least one result in each play order, there is a need for at least 24 participants.
Participants were selected from students of Blekinge Institute of Technology, mainly from
the software engineering and game development programs in order to get participants with a
similar experience level of playing video games. The participants were required to be over
18 years old in order to give consent for participation. They were all informed that they were
participating as volunteers, and had the right to quit the experiment at any time without any
penalty or consequence. In total 28 participants were recruited, so each possible play order has
at least one valid result. Out of the 28 participants 25 were male, 23 participants were 25 years
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old or younger and all participants were experienced in playing video games. Table D.1 shows
the participant data.

Figure 3.9: Experiment setup. The webcam was placed on top of the computer screen. The
experiment participant was seated on a chair with approximately one meter distance to the
webcam. The height of the chair was adjusted for each participant while the webcam was
turned on, so that their head could be centred in the video frame.

3.3.2

Procedure

The participants were asked to sit by a computer with approximately one meter distance between
their head and the computer screen, as seen in Figure 3.9. On top of the screen a webcam was
attached. The distance to the webcam was approximately the same for all participants. The
participants began the test by answering a questionnaire where they stated their gender, age,
experience with playing video games, and how tired they felt at the start of the session. This
data was recorded in order to be able to compare different user groups if there were a sufficient
amount of participants. Tiredness was recorded in order to track any change in tiredness after
using the different input methods.
The participants then played the platform game four times in a row. Each time they were
using a different input method, in the previously assigned order. Before using any of the
alternative input methods, there was a quick calibration, where the neutral head pose and facial
expression was recorded. The calibration take less than a second to perform once the participant
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is in a neutral pose. This neutral state were used to calculate the current state of the facial features,
as explained in Section 3.1.2. Before each round they had the chance to practice using the input
method so that they knew how to control their character. After each round, they filled in an
evaluation sheet where the participant could subjectively evaluate the performance of the input
methods. The experiment took approximately 20 minutes to perform for each person.
Out of the 28 participants, four did not complete the trial due to the facial tracker not being able to correctly recognise their facial feature movements. Because of this, their results have
been scratched and has not been used for any statistical analysis. The remaining 24 participants
all have different play orders and there are therefore one result for each of the 24 possible orders.
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4

RESULTS

This chapter presents the results obtained from tests of the proposed input system by 24 voluntary
participants. The results are divided into two main parts. Measured performance includes the
time, amount of jumps and amount of turns the participants took to clear the platform level.
Subjective evaluation includes the results from an evaluation sheet that each participant filled in
after using each input method. The evaluation includes accuracy, effectiveness and entertainment.

4.1

Measured Performance

In this section, the measured results are presented. The measured results includes the time it took
for the participants to clear the platform level, the amount of jumps the participants performed
while playing a level and the amount of turns the players took while playing the platform game
level. The different input methods are analysed using repeated measures ANOVA since there are
have multiple samples from each experiment participant [38, 39]. The graphs in this section
shows the mean values of the 24 valid results, the error bars show the standard error of the means
(SEM). The probability value should be less than 0.05 for any difference to be significant with a
95

4.1.1

Time Performance

There was a statistically significant effect on time performance using different input methods,
F(3, 92) = 13.40, p < 0.001.

Figure 4.1: This graph shows the average time to complete the game using the different
input methods.
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Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
5.94
27.72
44.95
33.66
50.89
17.23

t-value
0.644
3.004
4.872
3.648
5.516
1.868

Significance?
(p < 0.05?)
No
Yes
Yes
Yes
Yes
No

Table 4.1: Comparison of time performance.

4.1.1.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that the facial feature input method and the head pose input method has the
same time performance cannot be rejected. The difference was statistically insignificant (facial
feature input mean = 71.46; head pose input mean = 77.40) in a post hoc analysis (t = 0.644; p >
0.05).

4.1.1.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that the facial feature input method and the hybrid input method has the same
time performance can be rejected. The difference was statistically significant in favour of the
hybrid input method (hybrid input mean = 43.74; facial feature input mean = 71.46) in a post hoc
analysis (t = 3.004; p < 0.05).

4.1.1.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that the facial feature input method and the keyboard input method has the
same time performance can be rejected. The difference was statistically significant in favour of
the keyboard input method (keyboard input mean = 26.50; facial feature input mean = 71.46) in a
post hoc analysis (t = 4.872; p < 0.05).

4.1.1.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that the head pose input method and the hybrid input method has the same
time performance can be rejected. The difference was statistically significant in favour of the
hybrid input method (hybrid input mean = 43.74; head pose input mean = 77.40) in a post hoc
analysis (t = 3.648; p < 0.05).

4.1.1.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that the head pose input method and the keyboard input method has the same
time performance can be rejected. The difference was statistically significant in favour of the
keyboard input method (keyboard input mean = 26.50; head pose input mean = 77.40) in a post
hoc analysis (t = 5.516; p < 0.05).

4.1.1.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that the hybrid input method and the keyboard input method has the same
time performance cannot be rejected. The difference was statistically insignificant (keyboard
input mean = 26.50; hybrid input mean = 43.74) in a post hoc analysis (t = 1.868; p > 0.05).
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4.1.2

Jumping Performance

There was a statistically significant effect on jumping performance using different input methods,
F(3, 92) = 17.64, p < 0.001.

Figure 4.2: This graph shows the average amount of jumps the participants performed
using the different input methods.

Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
23.33
16.58
28.33
39.92
51.67
11.75

t-value
3.093
2.198
3.756
5.292
6.849
1.558

Significance?
(p < 0.05?)
Yes
No
Yes
Yes
Yes
No

Table 4.2: Comparison of jumping performance.

4.1.2.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that the facial feature input method and the head pose input method has the
same jumping performance can be rejected. The difference was statistically significant in favour
of the facial feature input method (facial feature input mean = 44.67; head pose input mean = 68)
in a post hoc analysis (t = 3.093; p < 0.05).

4.1.2.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that the facial feature input method and the hybrid input method has the same
jumping performance cannot be rejected. The difference was statistically insignificant (hybrid
input mean = 28.08; facial feature input mean = 44.67) in a post hoc t-test (t = 2.198; p > 0.05).

4.1.2.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that the facial feature input method and the keyboard input method has the
same jumping performance can be rejected. The difference was statistically significant in favour
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of the keyboard input method (keyboard input mean = 16.33; facial feature input mean = 44.67)
in a post hoc analysis (t = 3.756; p < 0.05).

4.1.2.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that the head pose input method and the hybrid input method has the same
jumping performance can be rejected. The difference was statistically significant in favour of
the hybrid input method (hybrid input mean = 28.08; head pose input mean = 68) in a post hoc
analysis (t = 5.292; p < 0.05).

4.1.2.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that the head pose input method and the keyboard input method has the same
jumping performance can be rejected. The difference was statistically significant in favour of the
keyboard input method (keyboard input mean = 16.33; head pose input mean = 68) in a post hoc
analysis (t = 6.849; p < 0.05).

4.1.2.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that the hybrid input method and the keyboard input method has the same
jumping performance cannot be rejected. The difference was statistically insignificant (keyboard
input mean = 16.33; hybrid input mean = 28.08) in a post hoc analysis (t = 1.558; p > 0.05).

4.1.3

Turning Performance

There was a statistically significant effect on turning performance using different input methods,
F(3, 92) = 14.55, p < 0.001.

Figure 4.3: This graph shows the average amount of turns the participants performed using
the different input methods.
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Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
2.58
16.42
21.5
13.83
18.92
5.08

t-value
0.666
4.232
5.542
3.566
4.876
1.310

Significance?
(p < 0.05?)
No
Yes
Yes
Yes
Yes
No

Table 4.3: Comparison of turning performance.

4.1.3.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that the facial feature input method and the head pose input method has
the same turning performance cannot be rejected. The difference was statistically insignificant
(facial feature input mean = 28.75; head pose input mean = 26.17) in a post hoc analysis (t =
0.666; p > 0.05).

4.1.3.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that the facial feature input method and the hybrid input method has the same
turning performance can be rejected. The difference was statistically significant in favour of the
hybrid input method (hybrid input mean = 12.33; facial feature input mean = 28.75) in a post hoc
analysis (t = 4.232; p < 0.05).

4.1.3.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that the facial feature input method and the keyboard input method has the
same turning performance can be rejected. The difference was statistically significant in favour
of the keyboard input method (keyboard input mean = 7.25; facial feature input mean = 28.75) in
a post hoc analysis (t = 5.542; p < 0.05).

4.1.3.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that the head pose input method and the hybrid input method has the same
turning performance can be rejected. The difference was statistically significant in favour of the
hybrid input method (hybrid input mean = 12.33; head pose input mean = 26.17) in a post hoc
analysis (t = 3.566; p < 0.05).

4.1.3.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that the head pose input method and the keyboard input method has the same
turning performance can be rejected. The difference was statistically significant in favour of the
keyboard input method (keyboard input mean = 7.25; head pose input mean = 26.17) in a post
hoc analysis (t = 4.876; p < 0.05).

4.1.3.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that the hybrid input method and the keyboard input method has the same
turning performance cannot be rejected. The difference was statistically insignificant (keyboard
input mean = 7.25; hybrid input mean = 12.33) in a post hoc analysis (t = 1.310; p > 0.05).
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4.2

Subjective Evaluation

In this section, the results of the subjective ratings of the input methods are presented. Each
rating is on a scale between one and seven. The ratings for each input method was collected from
the participants after they had played the platform game using the input method. The different
input methods are, like the measured results above, analysed using repeated measures ANOVA
since there are multiple samples from each experiment participant [38, 39]. The graphs in this
section shows the mean ratings from the 24 valid participants results, the error bars show the
standard error of the means (SEM).

4.2.1

How entertained do you feel?

The participants were asked to answer the question "How entertained do you feel?" on a scale
between one and seven. One means "Not at all entertained" and seven means "Very entertained".
There was a statistically significant effect on the rating of the question "How entertained do you
feel?" between the different input methods, F(3, 92) = 18.99, p < 0.001.

Figure 4.4: Mean ratings of "How entertained do you feel?".

Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
0.13
0.13
1.63
0.25
1.50
1.75

t-value
0.470
0.470
6.115
0.941
5.645
6.586

Significance?
(p < 0.05?)
No
No
Yes
No
Yes
Yes

Table 4.4: "How entertained do you feel?".

4.2.1.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How entertained do you feel?" cannot
be rejected. The difference was statistically insignificant (facial feature input mean = 5.25; head
pose input mean = 5.13) in a post hoc analysis (t = 0.470; p > 0.05).
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4.2.1.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How entertained do you feel?" cannot be
rejected. The difference was statistically insignificant (hybrid input mean = 5.38; facial feature
input mean = 5.25) in a post hoc analysis (t = 0.470; p > 0.05).

4.2.1.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How entertained do you feel?" can be
rejected. The difference was statistically significant (keyboard input mean = 3.63; facial feature
input mean = 5.25) in a post hoc analysis (t = 6.115; p < 0.001).

4.2.1.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "How entertained do you feel?" cannot be rejected.
The difference was statistically insignificant (hybrid input mean = 5.38; head pose input mean =
5.13) in a post hoc analysis (t = 0.941; p > 0.05).

4.2.1.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How entertained do you feel?" can be
rejected. The difference was statistically significant (keyboard input mean = 3.63; head pose
input mean = 5.13) in a post hoc analysis (t = 5.645; p < 0.001).

4.2.1.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How entertained do you feel?" can be
rejected. The difference was statistically significant (keyboard input mean = 3.63; hybrid input
mean = 5.38) in a post hoc analysis (t = 6.586; p < 0.001).

4.2.2

How challenging was the game?

The participants were asked to answer the question "How challenging was the game?" on a scale
between one and seven. One means "Not at all challenging" and seven means "Very challenging".
There was a statistically significant effect on the rating of the question "How challenging was the
game?" between the different input methods, F(3, 92) = 30.96, p < 0.001.
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Figure 4.5: Mean ratings of "How challenging was the game?".

Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
0.83
1.42
3.42
0.58
2.58
2.00

t-value
2.254
3.832
9.242
1.578
6.988
5.410

Significance?
(p < 0.05?)
No
Yes
Yes
No
Yes
Yes

Table 4.5: "How challenging was the game?".

4.2.2.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How challenging was the game?" cannot
be rejected. The difference was statistically insignificant (facial feature input mean = 5; head
pose input mean = 4.17) in a post hoc analysis (t = 2.254; p > 0.05).

4.2.2.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How challenging was the game?" can be
rejected. The difference was statistically significant (hybrid input mean = 3.58; facial feature
input mean = 5) in a post hoc analysis (t = 3.832; p < 0.01).

4.2.2.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the keyboard input method on the question "How challenging was the game?" can
be rejected. The difference was statistically significant in favour of the hybrid input method
(keyboard input mean = 1.58; facial feature input mean = 5) in a post hoc analysis (t = 9.242; p <
0.001).
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4.2.2.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "How challenging was the game?" cannot be rejected.
The difference was statistically insignificant (hybrid input mean = 3.58; head pose input mean =
4.17) in a post hoc analysis (t = 1.578; p > 0.05).

4.2.2.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the keyboard input method on the question "How challenging was the game?" can be rejected.
The difference was statistically significant (keyboard input mean = 1.58; head pose input mean =
4.17) in a post hoc analysis (t = 6.988; p < 0.001).

4.2.2.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the hybrid input method
and the keyboard input method on the question "How challenging was the game?" can be rejected.
The difference was statistically significant (keyboard input mean = 1.58; hybrid input mean =
3.58) in a post hoc analysis (t = 5.410; p < 0.001).

4.2.3

How well did you perform?

The participants were asked to answer the question "How well did you perform?" on a scale
between one and seven. One means "Very badly" and seven means "Very well". There was a
statistically significant effect on the rating of the question "How well did you perform?" between
the different input methods, F(3, 92) = 26.22, p < 0.001.

Figure 4.6: Mean ratings of "How well did you perform?".
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Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
0.04
1.04
2.58
1.08
2.63
1.54

t-value
0.123
3.063
7.595
3.185
7.718
4.533

Significance?
(p < 0.05?)
No
Yes
Yes
Yes
Yes
Yes

Table 4.6: "How well did you perform?".

4.2.3.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How well did you perform?" cannot be
rejected. The difference was statistically insignificant (facial feature input mean = 4.08; head
pose input mean = 4.04) in a post hoc analysis (t = 0.123; p > 0.05).

4.2.3.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How well did you perform?" can be rejected.
The difference was statistically significant (hybrid input mean = 5.13; facial feature input mean =
4.08) in a post hoc analysis (t = 3.063; p < 0.025).

4.2.3.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the keyboard input method on the question "How well did you perform?" can be
rejected. The difference was statistically significant (keyboard input mean = 6.67; facial feature
input mean = 4.08) in a post hoc analysis (t = 7.595; p < 0.001).

4.2.3.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "How well did you perform?" can be rejected. The
difference was statistically significant (hybrid input mean = 5.13; head pose input mean = 4.04)
in a post hoc analysis (t = 3.185; p < 0.025).

4.2.3.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the keyboard input method on the question "How well did you perform?" can be rejected.
The difference was statistically significant (keyboard input mean = 6.67; head pose input mean =
4.04) in a post hoc analysis (t = 7.718; p < 0.001).

4.2.3.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the hybrid input method
and the keyboard input method on the question "How well did you perform?" can be rejected.
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The difference was statistically significant (keyboard input mean = 6.67; hybrid input mean =
5.13) in a post hoc analysis (t = 4.533; p < 0.001).

4.2.4

How efficient were you playing the game?

The participants were asked to answer the question "How efficient were you playing the game?"
on a scale between one and seven. One means "Very inefficient" and seven means "Very efficient".
There was a statistically significant effect on the rating of the question "How efficient were you
playing the game?" between the different input methods, F(3, 92) = 20.58, p < 0.001.

Figure 4.7: Mean ratings of "How efficient were you playing the game?".

Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
0
0.96
2.42
0.96
2.42
1.46

t-value
0
2.693
6.790
2.693
6.790
4.097

Significance?
(p < 0.05?)
No
No
Yes
No
Yes
Yes

Table 4.7: "How efficient were you playing the game?".

4.2.4.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How efficient were you playing the
game?" cannot be rejected. The difference was statistically insignificant (facial feature input
mean = 4.25; head pose input mean = 4.25) in a post hoc analysis (t = 0; p > 0.05).

4.2.4.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How efficient were you playing the game?"
cannot be rejected. The difference was statistically insignificant (hybrid input mean = 5.21; facial
feature input mean = 4.25) in a post hoc analysis (t =2.693; p > 0.05).
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4.2.4.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the keyboard input method on the question "How efficient were you playing the
game?" can be rejected. The difference was statistically significant (keyboard input mean = 6.67;
facial feature input mean =4.25) in a post hoc analysis (t = 6.790; p < 0.001).

4.2.4.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "How efficient were you playing the game?" cannot
be rejected. The difference was statistically insignificant (hybrid input mean = 5.21; head pose
input mean = 4.25) in a post hoc analysis (t =2.693; p > 0.05).

4.2.4.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the keyboard input method on the question "How efficient were you playing the game?" can
be rejected. The difference was statistically significant (keyboard input mean = 6.67; head pose
input mean =4.25) in a post hoc analysis (t = 6.790; p < 0.001).

4.2.4.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the hybrid input method
and the keyboard input method on the question "How efficient were you playing the game?" can
be rejected. The difference was statistically significant (keyboard input mean = 6.67; hybrid input
mean = 5.21) in a post hoc analysis (t = 4.097; p < 0.001).

4.2.5

How intuitive did the input method feel?

The participants were asked to answer the question "How intuitive did the input method feel?"
on a scale between one and seven. One means "Not at all intuitive" and seven means "Very
intuitive". There was a statistically significant effect on the rating of the question "How intuitive
did the input method feel? " between the different input methods, F(3, 92) = 24.22, p < 0.001.

Figure 4.8: Mean ratings of "How intuitive did the input method feel?".
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Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
1.17
1.17
3.087
0.5
1.92
1.42

t-value
3.179
4.541
8.401
1.362
5.222
3.860

Significance?
(p < 0.05?)
Yes
Yes
Yes
No
Yes
Yes

Table 4.8: "How intuitive did the input method feel?".

4.2.5.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How intuitive did the input method
feel?" can be rejected. The difference was statistically significant (facial feature input mean =
3.42; head pose input mean = 4.58) in a post hoc analysis (t = 3.179; p < 0.05).

4.2.5.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How intuitive did the input method feel?"
can be rejected. The difference was statistically significant (hybrid input mean = 5.08; facial
feature input mean = 3.42) in a post hoc analysis (t =4.541; p < 0.001).

4.2.5.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the keyboard input method on the question "How intuitive did the input method
feel?" can be rejected. The difference was statistically significant (keyboard input mean = 6.5;
facial feature input mean = 3.42) in a post hoc analysis (t = 8.401; p < 0.001).

4.2.5.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "How intuitive did the input method feel?" cannot
be rejected. The difference was statistically insignificant (hybrid input mean = 5.08; head pose
input mean = 4.58) in a post hoc analysis (t =1.362; p > 0.05).

4.2.5.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the keyboard input method on the question "How intuitive did the input method feel?" can be
rejected. The difference was statistically significant (keyboard input mean = 6.5; head pose input
mean = 4.58) in a post hoc analysis (t = 5.222; p < 0.001).

4.2.5.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the hybrid input method
and the keyboard input method on the question "How intuitive did the input method feel?" can be
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rejected. The difference was statistically significant (keyboard input mean = 6.5; hybrid input
mean = 5.08) in a post hoc analysis (t =3.860; p < 0.01).

4.2.6

How accurate were the controls?

The participants were asked to answer the question "How accurate were the controls?" on a
scale between one and seven. One means "Very inaccurate" and seven means "Very accurate".
There was a statistically significant effect on the rating of the question "How accurate were the
controls?" between the different input methods, F(3, 92) = 24.55, p < 0.001.

Figure 4.9: Mean ratings of "How accurate were the controls?".

Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
0.83
1.29
3.13
0.46
2.29
1.83

t-value
2.209
3.425
8.285
1.215
6.076
4.861

Significance?
(p < 0.05?)
No
Yes
Yes
No
Yes
Yes

Table 4.9: "How accurate were the controls?".

4.2.6.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How accurate were the controls?"
cannot be rejected. The difference was statistically insignificant (facial feature input mean = 3.58;
head pose input mean = 4.42) in a post hoc analysis (t = 2.209; p > 0.05).

4.2.6.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How accurate were the controls?" can be
rejected. The difference was statistically significant (hybrid input mean = 4.88; facial feature
input mean = 3.58) in a post hoc analysis (t =3.425; p < 0.01).
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4.2.6.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the keyboard input method
and the facial feature input method on the question "How accurate were the controls?" can be
rejected. The difference was statistically significant (keyboard input mean = 6.71; facial feature
input mean = 3.58) in a post hoc analysis (t = 8.285; p < 0.001).

4.2.6.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the hybrid input method
and the head pose input method on the question "How accurate were the controls?" cannot be
rejected. The difference was statistically insignificant (hybrid input mean = 4.88; head pose input
mean = 4.42) in a post hoc analysis (t =1.215; p > 0.05).

4.2.6.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the keyboard input method
and the head pose input method on the question "How accurate were the controls?" can be
rejected. The difference was statistically significant (keyboard input mean = 6.71; head pose
input mean = 4.42) in a post hoc analysis (t = 6.076; p < 0.001).

4.2.6.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the keyboard input method
and the hybrid input method on the question "How accurate were the controls?" can be rejected.
The difference was statistically significant (keyboard input mean = 6.71; hybrid input mean =
4.88) in a post hoc t-analysis (t =4.861; p < 0.01).

4.2.7

How responsive were the controls?

The participants were asked to answer the question "How responsive were the controls?" on
a scale between one and seven. One means "Not at all responsive" and seven means "Very
responsive". There was a statistically significant effect on the rating of the question "How
responsive were the controls?" between the different input methods, F(3, 92) = 22.84, p < 0.001.

Figure 4.10: Mean ratings of "How responsive were the controls?".
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Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
1.13
1.42
2.79
0.29
1.67
1.38

t-value
3.311
4.170
8.217
0.858
4.905
4.047

Significance?
(p < 0.05?)
Yes
Yes
Yes
No
Yes
Yes

Table 4.10: "How responsive were the controls?".

4.2.7.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How responsive were the controls?"
can be rejected. The difference was statistically significant (facial feature input mean = 3.92;
head pose input mean = 5.04) in a post hoc analysis (t =3.311; p < 0.01).

4.2.7.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How responsive were the controls?" can be
rejected. The difference was statistically significant (hybrid input mean = 5.33; facial feature
input mean = 3.92) in a post hoc analysis (t = 4.170; p < 0.001).

4.2.7.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the keyboard input method on the question "How responsive were the controls?"
can be rejected. The difference was statistically significant (keyboard input mean = 6.71; facial
feature input mean = 3.92) in a post hoc analysis (t = 8.217; p < 0.001).

4.2.7.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "How responsive were the controls?" cannot be
rejected. The difference was statistically insignificant (hybrid input mean = 5.33; head pose input
mean =5.04) in a post hoc analysis (t =0.858; p > 0.05).

4.2.7.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the keyboard input method on the question "How responsive were the controls?" can be
rejected. The difference was statistically significant (keyboard input mean = 6.71; head pose
input mean = 5.04) in a post hoc analysis (t = 4.905; p < 0.001).

4.2.7.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the keyboard input method
and the hybrid input method on the question "How responsive were the controls?" can be rejected.
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The difference was statistically significant (keyboard input mean = 6.71; hybrid input mean =
5.33) in a post hoc analysis (t = 4.047; p < 0.001).

4.2.8

How easy was it to move the character left/right?

The participants were asked to answer the question "How easy was it to move the character
left/right?" on a scale between one and seven. One means "Very difficult" and seven means "Very
easy". There was a statistically significant effect on the rating of the question "How easy was it to
move the character left/right?" between the different input methods, F(3, 92) = 70.51, p < 0.001.

Figure 4.11: Mean ratings of "How easy was it to move the character left/right?".

Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
2.63
2.79
3.79
0.17
1.17
1.00

t-value
9.628
10.239
13.907
0.611
4.279
3.668

Significance?
(p < 0.05?)
Yes
Yes
Yes
No
Yes
Yes

Table 4.11: "How easy was it to move the character left/right?".

4.2.8.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How easy was it to move the character
left/right?" can be rejected. The difference was statistically significant (facial feature input mean
= 3.17; head pose input mean = 5.79) in a post hoc analysis (t =9.628; p < 0.001).

4.2.8.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How easy was it to move the character
left/right?" can be rejected. The difference was statistically significant (hybrid input mean = 5.96;
facial feature input mean = 3.17) in a post hoc analysis (t = 10.239; p < 0.001).
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4.2.8.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the keyboard input method on the question "How easy was it to move the character
left/right?" can be rejected. The difference was statistically significant (keyboard input mean =
6.96; facial feature input mean = 3.17) in a post hoc analysis (t = 13.907; p < 0.001).

4.2.8.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "How easy was it to move the character left/right?"
cannot be rejected. The difference was statistically insignificant (hybrid input mean = 5.96; head
pose input mean =5.79) in a post hoc analysis (t =0.611; p > 0.05).

4.2.8.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the keyboard input method on the question "How easy was it to move the character left/right?"
can be rejected. The difference was statistically significant (keyboard input mean = 6.96; head
pose input mean = 5.79) in a post hoc analysis (t = 4.279; p < 0.001).

4.2.8.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the keyboard input method
and the hybrid input method on the question "How easy was it to move the character left/right?"
can be rejected. The difference was statistically significant (keyboard input mean = 6.96; hybrid
input mean = 5.96) in a post hoc analysis (t = 3.668; p < 0.01).

4.2.9

How easy was it to jump?

The participants were asked to answer the question "How easy was it to jump?" on a scale
between one and seven. One means "Very difficult" and seven means "Very easy". There was a
statistically significant effect on the rating of the question "How easy was it to jump?" between
the different input methods, F(3, 92) = 15.12, p < 0.001.

Figure 4.12: Mean ratings of "How easy was it to jump?".
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Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
0.83
0.13
1.42
0.70
2.25
1.54

t-value
2.431
0.365
4.133
2.066
6.564
4.497

Significance?
(p < 0.05?)
No
No
Yes
No
Yes
Yes

Table 4.12: "How easy was it to jump?".

4.2.9.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How easy was it to jump?" cannot be
rejected. The difference was statistically insignificant (facial feature input mean = 5.21; head
pose input mean = 4.38) in a post hoc analysis (t =2.431; p > 0.05).

4.2.9.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How easy was it to jump?" cannot be
rejected. The difference was statistically insignificant (hybrid input mean = 5.08; facial feature
input mean = 5.21) in a post hoc analysis (t = 0.365; p > 0.05).

4.2.9.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the keyboard input method on the question "How easy was it to jump?" can be
rejected. The difference was statistically significant (keyboard input mean = 6.63; facial feature
input mean = 5.21) in a post hoc analysis (t = 4.133; p < 0.001).

4.2.9.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "How easy was it to jump?" cannot be rejected. The
difference was statistically insignificant (hybrid input mean = 5.08; head pose input mean =4.38)
in a post hoc analysis (t = 2.066; p > 0.05).

4.2.9.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the keyboard input method on the question "How easy was it to jump?" can be rejected. The
difference was statistically significant (keyboard input mean = 6.63; head pose input mean =
4.38) in a post hoc analysis (t = 6.564; p < 0.001).

4.2.9.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the keyboard input method
and the hybrid input method on the question "How easy was it to jump?" can be rejected. The
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difference was statistically significant (keyboard input mean = 6.63; hybrid input mean = 5.08) in
a post hoc analysis (t = 4.497; p < 0.001).

4.2.10

How comfortable was the input method to use?

The participants were asked to answer the question "How comfortable was the input method to
use?" on a scale between one and seven. One means "Not comfortable at all" and seven means
"Very comfortable". There was a statistically significant effect on the rating of the question "How
comfortable was the input method to use?" between the different input methods, F(3, 92) = 44.46,
p < 0.001.

Figure 4.13: Mean ratings of "How comfortable was the input method to use?".

Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
0.75
1.54
3.5
0.79
2.75
1.96

t-value
2.348
4.827
10.958
2.479
8.610
6.131

Significance?
(p < 0.05?)
No
Yes
Yes
No
Yes
Yes

Table 4.13: "How comfortable was the input method to use?".

4.2.10.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "How comfortable was the input method
to use?" cannot be rejected. The difference was statistically insignificant (facial feature input
mean = 3.13; head pose input mean = 3.88) in a post hoc analysis (t = 2.348; p > 0.05).

4.2.10.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "How comfortable was the input method
to use?" can be rejected. The difference was statistically significant (hybrid input mean = 4.67;
facial feature input mean = 3.13) in a post hoc analysis (t = 4.827; p < 0.001).
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4.2.10.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the keyboard input method on the question "How comfortable was the input method
to use?" can be rejected. The difference was statistically significant (keyboard input mean = 6.63;
facial feature input mean = 3.13) in a post hoc analysis (t = 10.958; p < 0.001).

4.2.10.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "How comfortable was the input method to use?"
cannot be rejected. The difference was statistically insignificant (hybrid input mean = 4.67; head
pose input mean =3.88) in a post hoc analysis (t =2.479; p > 0.05).

4.2.10.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the keyboard input method on the question "How comfortable was the input method to use?"
can be rejected. The difference was statistically significant (keyboard input mean = 6.63; head
pose input mean = 3.88) in a post hoc analysis (t = 8.610; p < 0.001).

4.2.10.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the keyboard input method
and the hybrid input method on the question "How comfortable was the input method to use?"
can be rejected. The difference was statistically significant (keyboard input mean = 6.63; hybrid
input mean = 4.67) in a post hoc analysis (t =6.131; p < 0.001).

4.2.11

Did the input method give you any muscle fatigue?

The participants were asked to answer the question "Did the input method give you any muscle
fatigue?" on a scale between one and seven. One means "Nofatigue" and seven means "A lot of
fatigue". There was a statistically significant effect on the rating of the question "Did the input
method give you any muscle fatigue?" between the different input methods, F(3, 92) = 44.46, p <
0.001.

Figure 4.14: Mean ratings of "Did the input method give you any muscle fatigue?".
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Facial Feature vs Head Pose
Facial Feature vs Hybrid
Facial Feature vs Keyboard
Head Pose vs Hybrid
Head Pose vs Keyboard
Hybrid vs Keyboard

Mean
Difference
0.5
1.42
2.42
0.92
1.92
1.00

t-value
1.419
4.020
6.857
2.601
5.439
2.838

Significance?
(p < 0.05?)
No
Yes
Yes
No
Yes
Yes

Table 4.14: "Did the input method give you any muscle fatigue?".

4.2.11.1

Facial Feature Input Method vs Head Pose Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the head pose input method on the question "Did the input method give you any
muscle fatigue?" cannot be rejected. The difference was statistically insignificant (facial feature
input mean = 3.50; head pose input mean = 3.00) in a post hoc analysis (t = 1.419; p > 0.05).

4.2.11.2

Facial Feature Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the hybrid input method on the question "Did the input method give you any muscle
fatigue?" can be rejected. The difference was statistically significant (hybrid input mean = 2.08;
facial feature input mean = 3.50) in a post hoc analysis (t = 4.020; p < 0.001).

4.2.11.3

Facial Feature Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the facial feature input
method and the keyboard input method on the question "Did the input method give you any
muscle fatigue?" can be rejected. The difference was statistically significant (keyboard input
mean =1.08; facial feature input mean = 3.50) in a post hoc analysis (t = 6.857; p < 0.001).

4.2.11.4

Head Pose Input Method vs Hybrid Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the hybrid input method on the question "Did the input method give you any muscle fatigue?"
cannot be rejected. The difference was statistically insignificant (hybrid input mean = 2.08; head
pose input mean =3.00) in a post hoc analysis (t =2.601; p > 0.05).

4.2.11.5

Head Pose Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the head pose input method
and the keyboard input method on the question "Did the input method give you any muscle
fatigue?" can be rejected. The difference was statistically significant (keyboard input mean =1.08;
head pose input mean = 3.00) in a post hoc analysis (t = 5.439 ; p < 0.001).
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4.2.11.6

Hybrid Input Method vs Keyboard Input Method

The null hypothesis that there would be no difference in the rating for the keyboard input method
and the hybrid input method on the question "Did the input method give you any muscle fatigue?"
can be rejected. The difference was statistically significant (keyboard input mean = 1.08; hybrid
input mean = 2.08) in a post hoc analysis (t = 2.838; p < 0.05).
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5

DISCUSSION

This chapter discusses the results obtained from the evaluation experiment starting with the
measured results and then moving on to the subjective ratings. The last section discusses
sustainability and social aspects of the project.

5.1

Measured Performance

It was expected that the participants perform faster and more efficiently, using fewer jumps
and turns, with the traditional keyboard controls. This was expected since all participants are
expected to have some experience with keyboard controls, while having little or no experience
with the alternative controls presented in this research. A surprising result was that there were no
statistically significant difference in time, jumping or turning performance between the keyboard
input method and hybrid input method. Participants performed, as expected, better time, jumping and turning when using keyboard input than using both head pose input and facial feature input.
Participants performed significantly better with hybrid input than with head pose input in
time, jumping and turning performance. It is a bit surprising that the hybrid input performed so
much better than head pose input. It was believed that head pose input is natural and intuitive,
and from previous research discussed in Section 2.1, game input using head pose has performed
well. The reason might be because of the timing element that exist is platform games. When
using the head pose for input, there is a natural delay that is created from the time it takes for the
user to move the head from one state to another. The delay might make some jumping difficult
where timing is an important element. It is also observed from the results that the head pose input
stands out with a significantly higher jumping amount than all other input methods. This mainly
is because participants likely stayed in a jumping state where jumping was not necessary. For
head pose input, jumping was performed by tilting the head upwards. The participants tended
to stay with their head tilted upwards after they had jumped up to a platform. It is surprising
that the head pose and hybrid input methods have very different turning results, since they use
the same head movements for this control. This is most probably because participants had to
walk back and forwards in order to clear some of the jumps that they missed, and is therefore an
indirect cause of bad jumping performance. The hybrid input was also significantly better than
facial feature input in time and turning performance, while there were no significant difference
in jumping performance. The similar jumping performance of the hybrid input method and facial feature input method is expected since both of the methods use eyebrows as control for jumping.
There was no significant difference between the head pose input and facial feature input
methods in time and turning performance. This is surprising since the two methods are very
different from each other in control mapping. It was initially believed that head pose input would
have significantly better performance than facial feature input, since it was assumed that most
participants have good control of their head pose and leaning the head is a more common motion
than facial muscle movements. Head pose input have also gotten good results of performance in
other applications, while facial feature input, especially individual mouth corner stretching, is
not yet well researched.
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5.2

Evaluation Results

The evaluation of the different input methods show many expected results as well as some
surprising and interesting results.
The traditional keyboard controls got a significantly lower result in the questions "How entertained
do you feel?" and "How challenging was the game?" than all the alternative input methods. It has
been shown that challenge induces enjoyment [40], it is therefore not surprising that they reflect
each other. While challenge induces entertainment, too big challenges reduces the enjoyment,
this might be the reason why the facial feature input is not significantly more entertaining than the
hybrid input, while it is significantly more challenging. The challenge makes it more entertaining,
but only up to a certain point where it gets too challenging. Another factor that might accect the
level of entertainment, is the novelty factor. A new input method might be more entertaining
because it is exciting to test something new.
The evaluation ratings for the questions "How well did you perform?" and "How efficient
were you playing the game?" matches the measured performance results. This was expected.
For the question "How intuitive did the input method feel?" the participants gave keyboard
controls a significantly higher rating, which might reflect that participants are well accustomed
to the controls. Facial feature controls got significantly lower rating than all other input methods. This was expected since it is most likely that participants had to use their facial muscles
in ways that they are not used to. This makes the input method feel less natural and less intuitive. There was no significant difference between the rating of head pose input and hybrid input.
For the question "How accurate were the controls?" keyboard input received, as expected
a significantly high result. The hybrid input method got a significantly higher result than the
facial feature input method, which was expected. It was not expected that there would be no
significant difference between head pose input and facial feature input. It was believed that head
pose input would be highly accurate, but the low control of jumping might have given the method
a lower result than expected. There was no significant difference between head pose input and
hybrid input, which was expected due to their similarity in walking controls. For the question
"How responsive were the controls?", there was no significant difference between head pose
input and hybrid input. Both of the methods got a significantly higher rating than facial feature
input which might be an indication of the participants having difficulties making the facial tracker
recognise the correct mouth corner stretching. Keyboard input was significantly more responsive
than the alternative methods, which was expected because of the delay that is caused when using
a webcam and image processing.
Facial feature input received a significantly lower rating than all other input methods on
the question "How easy was it to move the character left/right?". This indicates that it is difficult
to use mouth corner stretching as a movement control. There was no significant difference
between the rating of head pose input and hybrid input. This was expected since they are using
the same control for moving left and right. Some comments from the participants indicated that
they had easier to move one way than the other. It might have been preferable to ask about how
easy it was to move left and right in separate questions to see if there were a significant amount
of people that have easier to move one way or another.
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For the question "How easy was it to jump?", there was no significant difference in rating between
the alternative input methods. The reason why head pose received a good rating here, while it
got a significantly bad result in jumping performance, is most likely because it was easy for the
participants to get the character to jump, while they did not bother too much about the character
making many more jumps than necessary. It might have been preferable to rephrase the question
to make the answer reflect how easy it was to make the character jump when the participant
wanted the character to jump. The keyboard input method got significantly higher rating than the
alternative input methods in both questions discussed in this paragraph.
Ratings from "How comfortable was the input method to use?" and "Did the input method give
you any muscle fatigue?" seems to follow each other. The facial feature input method got a
significantly lower comfort rating than hybrid and keyboard methods, while it gave more muscle
fatigue than the hybrid input and keyboard input. There was no significant difference between
head pose input and facial feature input, which might be because of the big movements used
in head pose input and movements that participants are unaccustomed to in facial feature input.
There was no significant difference between the hybrid input method and the head pose input
method, which might be because of the neck movements required in both methods.

5.3

Sustainable Development

For this research project, sustainability and social aspects has been considered. Sustainable
development can be divided into social, economic and environmental sustainability. Social
sustanability has been considered in for of the health benefits that the proposed method might
have in future research as well as how the proposed method can be used as a tool for those
with certain disabilities. Economic sustainability has been considered by choosing to use a
simple low-end webcam, and open-source libraries, making the method available for more users.
Environmental aspects has not been thoroughly investigated. It would be beneficial to find out if
the method has any significant impact on the energy consumption in further research.

5.4

Ethical Social Aspects

This research presents alternative human-computer input methods and compare them with
traditional input methods. The reseach project investigates what hands free input methods that
can be used as possible alternatives to traditional input methods. The alternative input methods
that has been investigated in this research project is head pose estimation, facial feature tracking
and a hybrid method using both head pose estimation and facial feature tracking. The traditional
input method that the alternative methods has been compared with is keyboard input. The
objective is to find what input methods, or what individual input controls that can be used as
an alternative for traditional controls for people with certain disabilities. People with certain
disabilities, such as arm paralysis, are not able to utilise traditional input methods in a satisfactory
way, and there is a need for alternative human-computer interfaces.
Another aspect that has been considered is the use of facial feature interfaces in serious
games for people with facial paralysis. A serious game with a facial feature interface can be used
for facial muscle rehabilitation training. The facial muscle movements that are used in facial
muscle rehabilitation such as mime training [6] are similar to those movements that are used in
the facial feature input method presented in this research. Among other facial exercises that are
often used in such training is stretching the mouth corners individually, and lifting the eyebrows.
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The facial exercises are used for patients recovering from facial paralysis and for patients that are
training their face to get more symmetry, for example after having suffered a stroke.
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6

CONCLUSIONS

The objective of this research was to develop alternative input methods using facial feature
tracking and head pose tracking for platform games. Three input methods were proposed: a
facial feature input method, a head pose input method and a hybrid using both facial feature
tracking and head pose tracking. The input methods were evaluated in an experiment were
volunteering participants tried to control a platform game using the different input methods. The
results from the experiments aim to answer the research questions formulated for this research
project: "1. How does facial feature input, head pose input and a hybrid between the two compare
to keyboard input in regards of efficiency as input methods for platform games?", "2. Is facial
feature input a valid alternative to keyboard input in platform games?", "3. Is head pose input a
valid alternative to keyboard input in platform games?" and "4. Is a hybrid of facial feature and
head pose input a valid alternative to keyboard input in platform games?"
The first research question asks about the performance of the different input methods and
how they compare to keyboard input. This question is answered by comparing the average time,
number of jumps and number of turns the user needed to complete a platform game level. The
keyboard input method performed significantly better than both facial feature tracking and head
pose tracking. A conclusion can be drawn that the keyboard input method perform more efficient
than these two alternative input methods. When it comes to the hybrid method however, there
was no statistically significant difference between the hybrid method and the keyboard method.
It is therefore not possible to draw any conclusion that either of them are better than the other,
which might indicate a similar performance in regards to efficiency.
The second question asks if the facial feature input method is a valid alternative to keyboard input. The performance of the facial feature input method was severely lower than the
keyboard method. With a mean completion time of 71.46 seconds compared to 26.50 seconds
for the keyboard input. The conclusion can be drawn that the proposed facial feature input
cannot be considered a valid alternative to keyboard input for platform games. There might
however be other uses for this kind of interface. The fact that the facial feature input method
gives significantly more muscle fatigue than all the other input methods can mean two things:
firstly the input method might be unsuitable for longer sessions, secondly the method might be
good for training facial muscles. The facial muscle movements that is performed when using the
facial feature input method are very similar to those used when training facial muscles [6] for
people with facial paralysis and to train muscles to make a face more symmetrical after facial
paralysis or a stroke. The input method have a possible use in serious game application for facial
muscle training for paralysis patients.
The third question asks if head pose input can is a valid alternative to keyboard input. The
head pose input had a severely lower performance than keyboard input. The mean completion time for the head pose method was 77.40 compared to 26.50 for the keyboard input.
This makes the method almost three times slower than the keyboard method. The conclusion
that the proposed head pose input is not a suitable alternative to keyboard input for platform games.
The fourth question asks if the hybrid input method is a valid alternative to keyboard input. Since there was no significant difference between the two input methods, there might be an
indication that the both methods perform with similar efficiency. The users subjectively gave
the keyboard method higher rating on efficiency, accuracy, responsiveness and intuitiveness,
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while the hybrid method got higher rating on enjoyment. The user rating might indicate that the
keyboard method are more efficient, but it is not possible to conclude at this stage. The measured
results shows no significant difference, which makes the conclusion that the hybrid input method
might be a valid alternative to keyboard input in platform games.
Furthermore, from the obtained results showing that the hybrid method is significantly better
than the facial feature input method, it can be concluded that there are some facial feature control
mappings that work better than others. One facial feature that is suitable for game input is using
eyebrows, and one control mapping that fits well for eyebrows are jumping in platform games.
It is suggested that using mouth corners does not work as well. Possible reasons for this is the
difficulty for people to control their facial muscles for stretching the mouth corners, or that facial
feature trackers are not yet very good at tracking certain facial feature movements.
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7

RECOMMENDATIONS AND FUTURE WORK

This research limited the facial feature input to the use of mouth corner movement and eyebrow
movement as input for platform games. It is recommended that further research explores deeper
into what other possible facial feature movements can be used for platform games, or whether
mouth corner movement and lifting eyebrows can be used in other types of games or applications
with similar or better results.
One of the target groups for alternative input methods are users with limited arm and hand
movements. It is recommended that further research focus on the usability of facial feature
tracking and head pose tracking as input methods for disabled people with arm and hand paralysis.
The hybrid input method, where a user is moving by leaning the head and jumping with
eyebrows, worked well in a platform game. It would be interesting to evaluate the use of the
hybrid input method in other types of games. It would also be interesting to evaluate if a more
complicated control mapping with more head movements and facial feature movements involved,
can give satisfactory results.
Due to the similarities of the facial feature input control mapping and some of the movements performed in facial muscle rehabilitation for patients with facial paralysis and face
asymmetry, it would be interesting to research if a facial feature interface can be used for a serious
game for facial muscle rehabilitation. Such a serious game could include training programs that
the patient are to follow and record progress by comparing the symmetry of a face, or how the
ability to move facial features for patients changes over time.
A further development of CLM-framework has been released as OpenFace [41]. The new
facial feature tracker works in a similar way as CLM-framework, and has shown significantly
higher accuracy in landmark extraction and head pose estimation. The software was released
after the experiments in this research was finished, so it could not be included. It would be
interesting to see if the improvements in OpenFace gives a different result.
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APPENDIX A

INSTRUCTION SHEET

This document explains the procedure of the experiment you are taking part of. If you have any
questions, or wish to have something explained further, do not hesitate to ask the experiment
supervisor.
The Experiment Procedure
In this experiment, you will play a platform game using four different input control methods. You will play the game at the same level four times, each time using a different input method.
Before each round, you will have the chance to practice each input method. After each playing
round, you are asked to fill in an evaluation sheet.
Time Required
The experiment requires approximately 20-30 minutes.
The Game
The game objective is to move your character, the Robot, from the start to the finish of
one platform level.
Input Method Description
A - Face Input: You control the Robot using your mouth and eyebrows.
Move Right: Stretch your right mouth corner into a half-smile as seen in the figure below.
Move Left: Stretch your left mouth corner into a half-smile as seen in the figure below.
Jump: Lift your eyebrows as seen in the figure below.

B - Head Pose Input: You control the Robot by tilting your head.
Move Right: Tilt or lean your head towards the right as seen in the figure below.
Move Left: Tilt or lean your head towards the left as seen in the figure below.
Jump: Tilt your head backwards (look upwards) as seen in the figure below.

C - Hybrid Input: You control the Robot by using your eyebrows and by tilting your head.
Move Right: Tilt or lean your head towards the right as seen in the figure below.
Move Left: Tilt or lean your head towards the left as seen in the figure below.
Jump: Lift your eyebrows as seen in the figure below.

D - Keyboard Input: You control the Robot by using the keyboard arrows.
Move Right: Press the Right Arrow as seen in the figure below.
Move Left: Press the Left Arrow as seen in the figure below.
Jump: Press the Up Arrow as seen in the figure below.

Walk Left

Walk Right

Jump

APPENDIX B

QUESTIONNAIRE SHEET

This questionnaire is done before the experiment to get an understanding of your previous
experience.
Please answer the following questions about your age, gender and previous experience.
– Gender:
# Male
# Female
# Prefer not to answer
– Age:
– How much experience do you have with playing video games?:
1#
2#
3#
4#
5#
6#
7#
No experience
Very experienced
– How tired do you feel?:
1#
2#
3#
Not at all tired

4#

5#

6#

7#
Very tired

APPENDIX C

EVALUATION SHEET

This is the evaluation of the input method that you have just perform.
Please rate the input method by ticking the appropriate boxes.
– How entertained do you feel?
1#
2#
3#
Not at all entertained

4#

5#

6#
7#
Very entertained

– How challenging was the game?
1#
2#
3#
Not at all challenging

4#

5#

6#
7#
Very challenging

– How well did you perform?
1#
2#
3#
Very badly

4#

5#

6#

– How efficiently were you playing the game?
1#
2#
3#
4#
Very inefficient

5#

6#
7#
Very efficient

– How intuitive did the input method feel?
1#
2#
3#
4#
Not at all intuitive

5#

6#
7#
Very intuitive

– How accurate were the controls?
1#
2#
3#
Very inaccurate

4#

5#

6#
7#
Very accurate

– How responsive were the controls?
1#
2#
3#
4#
Not at all responsive

5#

6#
7#
Very responsive

– How easy was it to jump?
1#
2#
3#
Very difficult

5#

6#

7#
Very easy

– How easy was it to move the character left/right?
1#
2#
3#
4#
5#
Very difficult

6#

7#
Very easy

4#

7#
Very well

– Were there any control/s that was easier or more responsive than the others?
# Move left
# Move right
# Jump
# All controls were equally easy/responsive

– How comfortable was the input method to use?
1#
2#
3#
4#
5#
Not comfortable at all

6#
7#
Very comfortable

– Did the input method give you any muscle fatigue?
1#
2#
3#
4#
5#
No fatigue

6#
7#
A lot of fatigue

– How tired do you feel?
1#
2#
3#
Not at all tired

6#

4#

5#

7#
Very tired

APPENDIX D
Participant
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25*
26*
27*
28*

PARTICIPANT DATA
Gender
Male
Male
Male
Male
Male
Male
Male
Male
Male
Male
Male
Male
Female
Female
Male
Male
Male
Male
Male
Male
Male
Male
Male
Male
Male
Female
Male
Male

Age
27
21
22
23
20
25
21
35
29
22
21
26
23
21
28
21
22
23
22
22
20
22
23
22
21
21
22
20

Gaming experience
7
7
5
6
7
7
6
6
6
7
7
6
5
4
7
5
6
7
7
6
7
7
5
5
7
5
5
5

Table D.1: This table shows the participants’ gender, age, and gaming experience. The
participants with an asterisk (*) did not acheive any results, and were excluded from the
result analysis.

APPENDIX E

PARTICIPANT PERFORMANCE DATA

Figure E.1: All participants results of completion time.

Figure E.2: All participants results of amount of jumps.

Figure E.3: All participants results of amount of turns.

APPENDIX F

PARTICIPANT EVALUATION DATA

Figure F.1: All participant ratings of "How entertained do you feel?".

Figure F.2: All participant ratings of "How challenging was the game?".

Figure F.3: All participant ratings of "How well did you perform?".

Figure F.4: All participant ratings of "How efficient were you playing the game?".

Figure F.5: All participant ratings of "How intuitive did the input method feel?".

Figure F.6: All participant ratings of "How accurate were the controls?".

Figure F.7: All participant ratings of "How responsive were the controls?".

Figure F.8: All participant ratings of "How easy was it to move the character left/right?".

Figure F.9: All participant ratings of "How easy was it to jump?".

Figure F.10: All participant ratings of "How comfortable was the input method to use?".

Figure F.11: All participant ratings of "Did the input method give you any muscle fatigue?".
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