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Abstract

Communicating with mobile devices has become an unavoidable part of our daily life.
Unfortunately, the current user interface designs are mostly taken directly from desktop
computers. This has resulted in devices that are sometimes hard to use. Since more processing
power and new sensing technologies are already available, there is a possibility to develop systems
to communicate through different modalities. This thesis proposes some novel computer vision
approaches, including head tracking, object motion analysis and device ego-motion estimation, to
allow efficient interaction with mobile devices. 

For head tracking, two new methods have been developed. The first method detects a face
region and facial features by employing skin detection, morphology, and a geometrical face
model. The second method, designed especially for mobile use, detects the face and eyes using
local texture features. In both cases, Kalman filtering is applied to estimate the 3-D pose of the
head. Experiments indicate that the methods introduced can be applied on platforms with limited
computational resources. 

A novel object tracking method is also presented. The idea is to combine Kalman filtering and
EM-algorithms to track an object, such as a finger, using motion features. This technique is also
applicable when some conventional methods such as colour segmentation and background
subtraction cannot be used. In addition, a new feature based camera ego-motion estimation
framework is proposed. The method introduced exploits gradient measures for feature selection
and feature displacement uncertainty analysis. Experiments with a fixed point implementation
testify to the effectiveness of the approach on a camera-equipped mobile phone. 

The feasibility of the methods developed is demonstrated in three new mobile interface
solutions. One of them estimates the ego-motion of the device with respect to the user's face and
utilises that information for browsing large documents or bitmaps on small displays. The second
solution is to use device or finger motion to recognize simple gestures. In addition to these
applications, a novel interactive system to build document panorama images is presented. 

The motion estimation and recognition techniques presented in this thesis have clear potential
to become practical means for interacting with mobile devices. In fact, cameras in future mobile
devices may, for the most of time, be used as sensors for self intuitive user interfaces rather than
using them for digital photography. 

Keywords: computer vision, facial feature extraction, head tracking, mobile device,
motion estimation, user interface
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Abbreviations

2-D Two-dimensional

3-D Three-dimensional

API Application programming interface

CPU Central processing unit

DCT Discrete cosine transform

DOF Degrees of freedom

DOS Disk operating system

EKF Extended Kalman filter

EM Expectation maximisation

FPS Frames per second

GMM Gaussian mixture model

GPS Global positioning system

GPU Graphical processing unit

GUI Graphical user interface

HCI Human-computer interaction

HMM Hidden Markov model

HW Hardware

I/O Input and output

IR Infrared

KF Kalman filter

KLT Kanade-Lucas-Tomasi

k-NN k-nearest neighbour

LBP Local binary pattern

LED Light-emitting diode

LS Least squares

MAP Maximum a posteriori

ML Maximum likelihood

NCC Normalised colour coordinates

P3P Perspective-three-point

PC Personal computer

PDA Personal digital assistant
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RAM Random-access memory

RANSAC Random sample consensus

SAD Sum of absolute differences

SIFT Scale invariant feature transform

SKF Switching Kalman filter

SLAM Simultaneous localisation and mapping

SSD Sum of squared differences

SW Software

WIMP Window, icon, menu, pointing device

WLS Weighted least squares

ZSSD Zero mean sum of squared differences

B Structuring element

BB Bounding box

C Covariance matrix

d Displacement vector

d f eature Measured feature distance

D f eature Reference feature distance

E f eature Evaluation function for features

f(x,y) Image intensity at a point (x,y)

H Observation matrix

P Feature position in world coordinates

p Feature position in camera coordinates

Q Process covariance matrix

R Observation covariance matrix

r,g,b Chromaticity coordinates in NCC colour space

TL Image intensity threshold

TV Valley image intensity threshold

u,v Image coordinates

V(x,y) Valley image intensity at a point (x,y)

x State vector

x,y,z,X ,Y,Z Cartesian coordinates

z Measurement vector

θ Model parameter vector
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1 Introduction

"Man-computer symbiosis is an expected development in cooperative in-

teraction between men and electronic computers. It will involve very close

coupling between the human and the electronic members of the partnership.

The main aims are 1) to let computers facilitate formulative thinking as they

now facilitate the solution of formulated problems, and 2) to enable men

and computers to cooperate in making decisions and controlling complex

situations without inflexible dependence on predetermined programs."

The quotation above is from J. C. R. Licklider’s seminal paper "Man-Computer Sym-

biosis" (Licklider 1960). Almost 50 years ago, Licklider opened a window to a future

for communication between users and computers, the study of what we now call human-

computer interaction (HCI).

The aim of HCI is to improve the interactions occuring at the user interface by

making computers more usable for people. In 1960, when Licklider was writing, the

users entered commands to a computer through switches and punched cards. Once

the computer processed the input directed by the user, it responded via lights and line

printers. Although computers were hard to use at that time, he argued: "In a few years,

men will be able to communicate more effectively through a machine than face to face"

and even outlined input and output (I/0) devices using multiple modalities including

speech communication, writing surfaces and large wall displays (Licklider 1960). We

now know that technology evolved much more slowly than he predicted.

Since the early days of computing, a few major styles of communication have dom-

inated in HCI. In the early 1960s, command-line interfaces became commonplace, re-

placing the first rudimentary systems. In this straightforward model, the user types

commands using an electronic keyboard and gets text output on the monitor. After

this popular technique used in the UNIX and DOS operating systems, the graphical

user interface (GUI) and its associated desktop metaphor, Windows, Icons, Menus, and

Pointing (WIMP), emerged in the 1970s and 80s. Most personal computers (PCs) in use

today provide an interface for their users that still employs this paradigm. WIMP-based

GUIs allow productive and user-friendly direct control of the computer by means of a

pointing device such as a mouse with a keyboard and a monitor (Myers 1998).

However, there are no longer just PCs used for word processing and spreadsheet ma-
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nipulation at our desk. Computing is becoming something that is a significant part of

our daily life and the interactions are often briefer, more episodic in their nature (Turk

2005). Today, a mobile phone is a common piece of equipment for almost everyone and

the number of users is more than double the number of PCs in the world. Unfortunately,

interaction designs of many current devices have been taken directly from desktop com-

puters where a limited screen space and other resource limitations are not a problem.

This has resulted in devices that are sometimes hard to use.

As more and more features and functions are crammed into hand-held devices, their

limited keypads and small displays are becoming overloaded, potentially confusing the

user who needs to learn to use each individual application. Based on the personal experi-

ences of most people, increasing the number of buttons is not the best solution from the

usability point of view. The full keyboard, mouse and higher resolution displays of PCs

appear to give them clear benefits as computing platforms. However, the small size of

mobile devices is an under-exploited asset, as are their multiple sensors. Properly com-

bined these characteristics enable novel user interfaces that are ideal for hand-helds, but

may not make sense with PCs.

1.1 Computer vision based interfaces

Since more processing power, new sensing and display technologies are already avail-

able in mobile devices, there has been increased interest in building systems to commu-

nicate via different modalities such as speech, gesture, expression, touch, etc (Jaimes &

Sebe 2007). In perceptual user interfaces, these independent modalities are combined

to create more powerful interaction techniques. While these are unlikely to completely

replace traditional interfaces, they will enrich and improve the user experience and task

performance.

In particular, it has been shown that different sensors provide viable alternatives

to conventional interaction in portable devices. For example, tilting interfaces can be

implemented with gyroscopes (Rekimoto 1996) and accelerometers (Hinckley et al.

2000). Using both tilt and buttons, the device itself is used as input for navigating

menus and maps. During the operation, only one hand is required for manipulation.

Several devices employ a detachable stylus in which interaction is done by tapping the

touch screen to activate buttons or menu choices. Interestingly, Apple’s products make

use of the same technology in a different way. In the iPhone, users are allowed to zoom

in and out by performing multiple fingers gestures on the touch screen. In addition, a

16



proximity sensor shuts off the display in certain situations to save battery power, and an

accelerometer senses the orientation of the phone and changes the screen accordingly.

On the other hand, many of the current devices have also two cameras built-in, one

for capturing high resolution photography, and the other for lower resolution video tele-

phony as shown in Fig. 1. Even the most recent devices, have not yet utilised these

unique input capabilities enabled by cameras for purposes other than just photograph-

ing. With appropriate computer vision methods, information provided by images allow

us to create new self intuitive user interface concepts for future challenges in the fast

developing field of mobile computing.

Fig 1. Typical mobile communication device with two cameras.

Traditionally, vision has been utilised in perceptual interfaces to build systems that look

at people and automatically sense and perceive the human users, including their loca-

tion, identity, focus of attention, facial expression, posture, gestures and movements

(Pentland 2000). A key advantage of using vision as an input modality is that the inter-

action is entirely passive and non-intrusive, as it does not require contact with the user or

any special-purpose accessories (Turk 2004). However, vision is one of several possible

sources of information that can be coupled with other sensors such as accelerometers

enabling a more effective and efficient interaction.

17



A camera called EyeToy, a peripheral for Sony’s PlayStation 2 game console has

proven that computer vision technology has become feasible for consumer-grade ap-

plications. This device allows players to interact with games using simple motion es-

timation, colour detection and also sound, through its built-in microphone. Despite

the significant progress made in technology over recent years, many challenges still re-

main. Vision based interfaces are typically limited in their interaction capabilities, often

requiring customised hardware and they work only in more or less restricted environ-

ments (Freeman et al. 2000).

For each technology, of course, there are conditions in which it is favourable to

use alternative techniques. For example, speech recognition fails in noisy environments

and it is cumbersome to use touch screens with a pen or fingers on small screen devices.

Turk (2004) lists questions that must be addressed when vision is applied for user inter-

faces. In the following, the most important of these issues are presented in the context

of mobile interaction. Firstly, small changes in lighting or camera position cause most

vision systems to fail. Especially in mobile use, techniques need to be robust and work

on a wider variety of continually changing conditions. Secondly, the response time must

be quick enough to be interactive. That is, we need faster, more precise and accurate

algorithms and their implementations on both software and hardware. Finally, algo-

rithms must adapt to the users, that is, they work for different people and work against

unpredictable behaviour. In this thesis, the aim is to develop new computer vision based

solutions to meet these requirements.

The comprehensive implementation of new interaction solutions calls for studies

from many branches of the HCI. However, user interface design fields such as usability

engineering or user experience design are not the focus of this thesis. Instead, this

thesis addresses how vision can enable new, self intuitive user interface concepts and

applications on mobile devices.

1.2 The contribution of the thesis

The main contributions of this thesis are the development of computer vision ap-

proaches to allow efficient interaction with mobile devices. The proposed techniques

include facial feature based head tracking, object motion analysis, and device ego-

motion estimation. The key ideas of the methods presented rest on the utilization of the

hand-held nature of the equipment. The new techniques developed are demonstrated

successfully in three new mobile interface solutions.
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For head tracking, two new methods are developed. The first method detects a

face region and facial features employing skin detection, grey-scale morphology, and a

geometrical face model. A Kalman filtering (KF) framework is then applied for tracking

and for estimation of the 3-D pose of the head. The second method, designed especially

for mobile use, detects the face and the eyes using local texture features and boosting.

In this case, extended Kalman filtering (EKF) combines motion features extracted from

the face region and eye positions to estimate the 3-D pose of the camera with respect

to the face. Experiments with real image sequences, and the real-time performance

achieved indicates that the proposed methods can be applied on platforms with limited

computational resources.

A new object tracking approach for user interaction with hand-held devices is also

presented. The idea is to combine Kalman filtering and expectation maximisation (EM)

algorithms to track an object, such as an finger, using motion features. This technique

is applicable also when some conventional techniques such as colour segmentation and

background subtraction cannot be used. A new camera ego-motion estimation frame-

work is also proposed. The method introduced exploits gradient measures for feature

selection and feature displacement uncertainty analysis. In addition, many challenges

and trade-offs are highlighted that one must face in the domain of low power mobile

devices. Experiments with a fixed point implementation testify the effectiveness of the

approach on a camera-equipped mobile phone.

The feasibility of the methods developed is demonstrated in three new mobile inter-

face solutions. One of them estimates the ego-motion of the device with respect to the

user’s face, and utilises that information for browsing large documents or bitmaps on

small displays. The second solution is to use device or finger motion to recognize sim-

ple gestures. To recognise device movements, a method using discrete cosine transform

(DCT) to compute discriminating features from the motion trajectories and the use of k-

nearest neighbour rule (k-NN) in classification is first proposed. In the other technique,

the motion feature sequences are classified using Hidden Markov models (HMMs). Fur-

thermore, a technique for user adaptation is introduced. In addition to these applications,

a new interactive system to build document panorama images is presented. The system

interactively guides the user to move the device over a large document page in such a

manner that a high quality image can be assembled from individual frames.
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1.3 Summary of original papers

This thesis consists of nine publications. Paper I presents a fast and efficient head

tracking approach which automatically detects facial features and estimates the head

pose using Kalman filtering. The method is applied successfully for the display control

on a desktop computer.

Paper II introduces a new face tracking approach for the control of mobile user

interfaces. The method employs local texture features to detect the face and the eyes of

the user. An EKF combines local motion features extracted from the face region and

the detected eye positions to estimate and track 3-D pose of the camera with respect to

the user’s face. In the experiments, the use of the camera position as input for spatially

aware display is demonstrated.

Paper III proposes a new camera ego-motion estimation framework for mobile de-

vices. In this paper, gradient measures are exploited to select a sparse set of features

and analyse the uncertainty of the feature displacements measured. Global motion of

the device is estimated after a voting based outlier removal process. Experiments with a

fixed point implementation demonstrate the effectiveness of the technique on a mobile

phone with a built-in camera.

In Paper IV, the motion estimation framework presented in Paper III is further de-

veloped. It describes the improved feature selection principle in order to provide more

discriminative features. Moreover, it recommends the use of a ZSSD matching mea-

sure when lighting conditions change continually. The performance of the technique is

evaluated in experiments with scene and document image sequences.

Paper V presents a new algorithm to track multiple motions. The technique com-

bines the Kalman filter and the EM algorithms to estimate distinct motions using local

motion features extracted from the scene. The method is applied to finger tracking on

mobile interaction when the camera is also moving.

Paper VI describes a new interaction technique where a camera-enabled mobile

device is used for writing characters and signs just by moving the device in the hand.

The method computes DCT features from the motion trajectories obtained and then

the k-NN rule is applied to classification. In experiments, good recognition rates were

achieved demonstrating the feasibility of the method.

Paper VII introduces a new user interface solution for mobile phones where the

user makes special signs through a series of hand movements. The method models and

interprets the motion trajectories with HMMs. Recognition rates are further improved
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when the classification results are filtered using a log-likelihood ratio and the velocity

entropy to reject ambiguous sequences.

Paper VIII presents another new method for the control of mobile devices where the

user operates the interface by simply moving a finger in front of a camera. These finger

gestures produced are again modelled using HMMs. The recognition rate for a specific

user is enhanced by utilising unsupervised adaptation.

Paper IX demonstrates a new user interface concept for document image scanning

on mobile phones. The proposed system applies online camera motion estimation to the

phone to assist the user in scanning the document. The full view of the document is then

reconstructed automatically with the help of estimated device motion. Experiments on

real document images captured and processed indicate the viability of the technique.
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2 Face and facial feature detection

Automatic face detection is the first major step in many applications such as multimodal

human-computer interaction (Jaimes & Sebe 2007), face recognition (Zhao et al. 2003)

and facial expression analysis (Pantic & Rothkrantz 2000). It is a process of finding

the position and size of one or more faces in an image and subsequently segmenting it

from the rest of the image. For many applications, the current face detection systems

are sufficiently mature to be used. Once the face is detected, also the facial features

such as eyes, mouth etc. can be searched for to estimate, for example the face pose.

Although it is very easy for humans to locate facial features, reliable computer vision

based facial feature extraction in complex scenes and continually changing environmen-

tal conditions still remains a challenge. The human face and facial features may change

its appearance due to facial expressions and other factors such as a beard, hairstyle,

glasses etc. In addition to these internal factors, changes in the lighting, position and

orientation of the face must be tolerated.

In this chapter, we introduce face and facial feature detection techniques, which

can be utilised to implement an automatic head tracking system for HCI. First, Section

2.1 presents a review of the previous work on face and facial feature detection. Then,

Sections 2.2 and 2.3 propose new methods for performing a facial feature extraction

task on devices with limited computational resources. Finally, Section 2.4 discusses the

methods introduced in this chapter.

2.1 Previous approaches

A number of face detection methods have been proposed in the literature over the last

few decades (Hjelmås & Low 2001, Yang et al. 2002). Yang et al. (2002) have a fine-

grained categorisation in which face detection methods are divided into knowledege-

based, feature invariant, template matching, and appearance-based methods. However,

a problem with this grouping is that some methods can be classified into more than one

category (Yang et al. 2002). Another common and simple way of classifying methods

has been proposed by Hjelmås & Low (2001). According to them, face and facial fea-

ture detection methods are divided into two categories. The first one, called the feature

based approach, extracts some important facial features as a first step, after which the
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face is detected by utilising information about the feature locations and the knowledge

of their relationship. In the second category, called the image based approach, the face

is detected as a whole unit and the facial features are then localised by considering the

facial geometry.

2.1.1 Feature based methods

Feature based methods typically employ some segmentation method as a pre-processing

step to detect faces and facial features. An advantage of the segmentation process is

that the search area for the face is smaller, and therefore computational requirements

are significantly decreased.

Several approaches first use skin colour analysis to extract face-like regions. A

typical solution is to verify the shape of the detected regions with an ellipse or to use

heuristic knowledge of the human head (Sobottka & Pitas 1998, Yang & Ahuja 1998).

Although processing of colour is faster than any other features, it is still a challenging

task to segment the skin colour in continuously changing lighting conditions. Motion is

another cue which can be used to segment faces from the images. For example, frame

differencing (Graf et al. 1996) and optical flow (Lee et al. 1996) have been used for this

purpose. Bala et al. (1997) also applied motion information to extract the position of

the eyes. In general, colour and motion information are not sufficient to detect faces,

and therefore the analysis usually continues with a low-level feature extraction step.

Most of the low-level approaches at first locate features coarsely by searching areas

of low intensity within possible face regions. These methods include basic computer

vision techniques such as edge detection (Yow & Cipolla 1997), morphology (Wong

et al. 2003) and projection analysis (Brunelli & Poggio 1993). The morphological

operators and projections are especially suitable for real-time applications due to their

simple and fast implementation. A drawback of the these methods is that the grey-scale

data information is easily influenced by a change of illumination conditions and noise.

For example, projection curves are therefore not always very smooth, which makes

them difficult to analyse.

Another approach to extracting low-level features is to take advantage of properties

such as the symmetry of the face. For example, Reisfeld & Yeshurun (1992) developed

a generalized symmetry interest operator to detect the eyes and the mouth. Loy &

Zelinsky (2003) presented a fast radial symmetry transform to detect facial features.
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Yet another way to extract facial features is to use Gabor filters to locate the corners of

the eyes and the iris (Herpers et al. 1996, Sirohey & Rosenfeld 2001).

Pre-processing methods produce many candidates for facial features and some

knowledge of the face is needed. For example, a simple geometrical face model based

on anthropometry of the human face can be generated to detect facial features of

interest. Hjelmås & Low (2001) divide the methods performing this kind of feature

analysis into feature searching (Jeng et al. 1998) and constellation analysis techniques

(Yow & Cipolla 1997).

If more accuracy is needed, the facial feature positions are extracted using more

advanced models depicting the actual physical appearance of features. These methods,

including active shape models such as active contours, called snakes (Kass et al. 1988),

deformable templates (Yuille et al. 1992), and point distribution models (Cootes & Tay-

lor 1992), are applied directly to the facial image or coarsely detected regions in the

facial image. The latter is a more common approach. However, the use of advanced

methods typically means higher computational complexity than extracting only the lo-

cations of the features.

2.1.2 Image based methods

Image based methods treat face detection as a two class pattern recognition problem.

These approaches search for faces by classifying all possible sub-images of a given

image as a face or non-face pattern. Due to the diversity of the faces, the classifier is

trained on a large of number of samples of face and non-face images to discriminate

between these two classes.

Sung & Poggio (1998) presented an example based learning approach for locating

vertical and frontal faces. They model the distribution of face and non-face patterns

using Gaussian clusters and the applied Multilayer Perceptron for detection. A similar

approach was adopted and extended by Rowley et al. (1998).

Schneiderman & Kanade (2000) also model the probability distribution of the face

class, but they employ a naive Bayes classifier to estimate the joint probability of the

local appearances and positions of the sub-images of the face at multiple resolutions.

Later, Schneiderman (2004) described an algorithm that searches for the structure of a

Bayesian network based classifier. The method was used to automatically train detec-

tors of frontal faces, eyes, and the iris of the human eye. The performance of a Bayesian
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network was reported to be superior to semi-naive Bayes and other state-of-the-art al-

gorithms.

Viola & Jones (2001) introduced a rapid object detection scheme based on a boosted

cascade of simple Haar-like features. They apply AdaBoost (Freund & Schapire 1995)

to find the most discriminative features for distinguishing the face and facial patterns

from the background. The AdaBoost algorithm is a discriminative learning method that

has been widely used in different object detection tasks. The idea is to combine several

relatively weak classifiers into a strong cascade of classifiers. Overall, the accuracy and

speed of the Viola & Jones (2001) method has made it the most popular and well-known

method for face detection.

Later, Lienhart & Maydt (2002) extended the original feature set proposed by Viola

& Jones (2001), introducing a set of rotated Haar-like features. These rotated rectan-

gular areas can also be summed up quite efficiently; however, now two passes over the

image are required instead of one for the original features. Zhang et al. (2002) presented

the real-time multiview face detection system following the work of Schneiderman &

Kanade (2000) and that of Viola & Jones (2001). They also used an extended set of

Haar-like features and introduced a new learning algorithm called FloatBoost. Later,

also Jones & Viola (2003) extended their work to multi-view face detection. (Huang

et al. 2005) developed a boosting algorithm called Vector Boosting. They claimed that

the method achieves significant improvements in both speed and accuracy compared to

previously published methods.

Another technique for multiview face and eye detection was introduced by Wang &

Ji (2007). In their approach, the idea is to use a statistical learning method to extract

discriminant features. The experiments performed indicate improved performance over

existing methods. However, computing discriminant features is more time-consuming

than, for example, Haar-features. Yet another approach to multi-view face detection

was proposed by Osadchy et al. (2007). Their method employs a convolutional network

to simultaneously detect faces and estimate the face pose. They reported comparable

results to the previous multi-view detectors.

2.2 Searching facial features via colour and morphology

This section proposes a feature based method, originally presented in Paper I, to search

for facial features. Facial features are extracted in three consecutive steps. First, the

face regions are found by skin colour analysis and the shapes of the regions found are

26



verified. In the second step, the facial feature candidates are searched for within those

regions. Finally, the candidates are evaluated to find facial features.

2.2.1 Detecting face regions using skin colour

We detect possible face regions in an input image utilising the skin detection method by

Martinkauppi et al. (2003). They have found Normalised Colour Coordinates (NCC)

combined with the skin locus model most appropriate for skin detection under varying

illumination. In NCC colour space, we only use two chromaticities r and b for detection

in a histogram where the skin colour occupies a small cluster. The cluster is found by

training with facial images in different illuminations. If r and b of a pixel fall into the

area of the skin locus, the pixel belongs to skin. In practise detection is implemented

using a look-up table. The result is enhanced using a morphological binary closing, and

then the shape of the regions are verified by performing connected component analysis.

2.2.2 Searching facial features using morphology

Once a possible face is detected, the features are searched for within the facial region.

Based on the observation that facial features such as eyes and mouth are usually darker

than their surroundings, we use a morphological valley detector called black top-hat

(Gonzalez & Woods 2002). At first, a closing operation is performed and then the

original image is subtracted from the result. The valley image V is defined as

V (x,y) = f (x,y)∗B− f (x,y), (1)

where f (x,y) is the image intensity at a point (x,y) and B is a structuring element with

the size of 3 by 3 pixels.

A pixel at (x,y) belongs to a feature candidate if the pixel’s grey-level is dark enough,

and the response from valley detection is high enough, that is, if the following equations

are true

f (x,y) < TL and V (x,y) > TV , (2)

where TL and TV are pre-defined thresholds. The detection result can be noisy and there

exist some isolated pixels. Therefore we improve the result by utilizing morphological

binary closing with a mask size of 3 by 3 pixels. Then, connected component analysis

is performed and centres of mass of the objects are used as feature coordinates.
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2.2.3 Face and facial feature analysis

After the possible facial features are detected, we evaluate feature constellations using

a geometrical face model including eyes, eyebrows, nostrils and mouth. This kind of

model was originally proposed by Jeng et al. (1998). The line passing through the

centres of the eyes is called the base line. The dmouth, dnostril and deyebrow indicate the

distances from other features to the base line.

Two features form a possible eye pair if they are located in the upper half, and

they meet some general geometrical conditions. Based on the distance between eyes

D, other reference distances Dnostril = 0.7D, Deyebrow = 0.35D and Dmouth = 1.1D are

experimentally derived from measurements with several real faces. For each candidate

eye pair, the other facial features are searched for. The possible mouth for an eye pair

is searched from a region that is located within the distance of 1.1D from the base line.

If that region contains a feature, it is treated as a mouth for this possible eye pair. In

order to rank many candidates, a special evaluation function is proposed for each facial

feature as follows

E f eature = exp(−10(
d f eature −D f eature

D
)2), (3)

where f eature = {mouth,nostril,eyebrow}. The evaluation function for the eye pair is

Eeyepair = exp(−10(
D−0.4BBwidth

D
)2), (4)

where BBwidth is the width of the face bounding box. The total evaluation value is a

weighted sum of the values for each facial feature. The weights for the eye pair, mouth,

nostrils and eyebrows are 0.4, 0.3, 0.1 and 0.05, respectively. The weight is based on

the importance of a given feature for face detection. The eyes are considered the most

important features. The constellation which has the largest evaluation value, is assumed

to be a face. Fig. 2 shows an example of facial feature extraction where results for valley

detection are on the left, candidates in the middle and the best constellation on the right.
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Fig 2. Facial feature extraction: the result of valley detection is on the left, feature

candidates are in the middle and the best constellation found is on the right.

2.3 Detecting face and facial features using texture

In this section, we introduce a new image-based face and facial feature detection

method. This technique has originally been described in Paper II. Our approach uses

efficient grey-scale invariant texture features called the local binary pattern (LBP)

methodology (Ojala et al. 2002) and AdaBoost learning (Freund & Schapire 1995).

2.3.1 LBP features

The LBP features can detect local texture primitives such as spots, edges or corners

from the images (Ojala et al. 2002). They have been found to be very discriminative

in facial image analysis (Hadid et al. 2004). Similar to the approach of Hadid et al.

(2004), we use the facial representation where the LBP feature histograms are separately

computed over the sparse set of local image regions and the whole face area. These are

then concatenated for creating the final face descriptor. Fig. 3 illustrates the idea of

LBP based facial representation. The original 20 by 20 pixels face image is divided

maximally into nine overlapping regions of 10 by 10 pixels. The basic 4-neighbours

LBP operator with a 16-bin histogram is used resulting in a total of a 144-bin histogram

of local features. In addition to that, the global 16-bin histogram is concatenated to the

local features in order to create the full 160-bin face histogram.
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Local  LBP feature
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Global LBP feature
histogram

Resulting facial
representation

Fig 3. Facial representation with LBP texture features: a face image is with set of

local and global LBP histograms. Revised from [II]. c© 2008 Springer.

2.3.2 Classifier

In our case, weak features used in classification are the LBP histogram bin values cal-

culated over certain image regions. These positions and corresponding LBP values are

learned off-line with the set of labelled face samples. Inspired by the well-known Vi-

ola & Jones (2001) approach, we built a cascaded classifier structure to speed up the

detection. On the early cascade levels, only a few histogram positions were considered

to rapidly reject the majority of classified image regions. The face like image regions

were classified with more features in order to make robust detection. We applied the

trained cascade to an image pyramid using a sliding window approach to classify image

regions in different scales. As an result, the rectangular coordinates of each detected

face were obtained.

Once a possible face of the user is detected, the eyes are searched for within the

facial region. The approach for detecting the eyes is similar to the face detection, except

the size of the template image is 16 by 20 pixels to more accurately cover the eye

region. Face orientation and size were used to restrict the search window and scales in

the eye detection phase. In this sense, the actual detection is carried out with reduced

computational costs.
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2.4 Discussion

A lot of research has been done in the field of facial image processing over a long time

period. Researchers have shown good results on frontal face detection and detection

algorithms have recently achieved a quality level acceptable to consumers for a number

of applications. For example, many digital cameras are now included with a mode,

where the camera detects faces in a scene and then automatically focuses. However,

mobile devices still have several limitations especially compared to dedicated digital

cameras. These devices have limited computational power and memory available and

they must run several applications in parallel which decreases available resources for

the used algorithms. Furthermore, considering current methods there are still needs to

improve robustness, speed, and accuracy, especially in dark lighting conditions. Even

then, only few researchers have investigated the problem of face detection on mobile

phones (Venkataramani et al. 2005) so far.

This thesis presents efforts in bringing real-time face and facial feature detection to

mobile devices to be used in human-computer interaction. In Paper I, the goal was to

extract facial features, which can be used to track and estimate the face pose. Based

on extensive literature survey, we present a feature based method that combines the

advantages of the different algorithms presented earlier in the literature. First, we im-

plemented a fast skin detection scheme based on the skin locus method (Martinkauppi

et al. 2003) to find face like regions from the image. This was found to be very suitable

for real-time use. Then, we employed morphological valley detection for extracting

facial features roughly from the facial area. The original idea of the approach was pre-

sented by Wong et al. (2003). In our work, we fine-tuned valley image computation

and improved the post processing of the obtained result image. It was also discovered

that the proposed valley detection is highly usable in tracking facial features. Finally,

the geometrical face model used is based on the work presented by Jeng et al. (1998).

The original model does not match very well for Caucasian people. Therefore, we

have modified their face model parameters and additionally included two nostrils in-

stead of the nose. We also modified the search procedure to be more appropriate for

our purposes. We noticed that using the proposed combination of the improved meth-

ods it is possible to automatically and reliably detect facial features from images with

lower computational requirements than the methods presented earlier. Although the

developed method was tested on a desktop computer, we are confident that it can be

implemented on the mobile phone platform and the method clearly fulfils the real-time
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demands. The main drawback of the proposed method lies in the use of skin detection

because a change in illumination conditions can deteriorate detection results. Another

shortcoming is that a near frontal face orientation is needed.

Currently, image based methods are more popular than feature based methods since

they can achieve good detection accuracy while still retaining adequate computational

efficiency. Most often used face detection methods are based on the approach using

Haar features and Adaboost learning (Viola & Jones 2001). In paper II, we present

an image based method for face and eye detection, employing LBP features instead of

using Haar-like features. The idea of using LBP features is not new, and they are shown

to perform well in face detection and recognition earlier (Hadid et al. 2004). In contrast

to Haar-like features, LBP features have also the advantage of low computational cost

and they have more discriminative power. In our work, we extended the use of LBP

features also to eye detection and made an efficient implementation on mobile devices.

The maximum frame rate of 30 fps was achieved using a Nokia N95 mobile phone.

The proposed image based method is more robust to illumination changes than the

proposed feature based method. Also, the method can handle more variations in the

face orientation. The shortcoming is that the method does not provide so accurate

feature coordinates and the computational needs are slightly higher.

It is difficult to make a fair comparison between different existing methods for facial

feature extraction in the literature. The properties like image sizes, illumination, image

quality, feature size, vary from one study to another. It is also hard to compare the com-

putational load of algorithms due to different computer platforms and implementation

issues. The main benefit of the methods developed is speed, and in order to fairly com-

pare different algorithms they must be implemented on the same platform. Furthermore,

our main goal in the experiments was to make a working system to mobile user inter-

action purposes. Therefore, we have not focused on fine-tuning face and facial feature

detection algorithms. In the future work, the image and feature based methods could be

combined. For example, the face and eyes can be first roughly located using an image

based approach and then a feature based method can be applied to obtain more accurate

feature coordinates. If the facial features should be tracked, the extraction is more dif-

ficult due to continuous changes of appearance. In this case, deformable templates can

be useful because they also recover the shape of the feature.
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2.5 Summary

In this chapter, we reviewed approaches for face and facial feature detection. The ap-

proaches were divided into feature based and image based methods. In this thesis,

we have proposed two new solutions: one feature based method and one image based

method. The new feature based method utilises skin detection, morphology and a ge-

ometrical face model to find facial features from the image. In the proposed image

based method, LBP texture features with AdaBoost learning are used to find the face

and facial features.

The advantage of the feature based method is fast and simple implementation suit-

able for devices with limited resources. However, especially the skin detection is very

susceptible to lighting changes and not directly applicable in a continuously changing

mobile environment. Furthermore, it is difficult to obtain a geometrical model for the

face, which applies to all users due to variability in facial feature distances between

individuals. On the other hand, the image based method does not need a geometrical

model and it can be also implemented with low computational cost and good detection

performance under varying illumination conditions. However, it needs an extensive

set of training data and it is difficult to obtain accurate coordinates for facial features

such as eyes, while feature based approaches make it possible to extract more accurate

positions and representations such as contours for facial features. Therefore, we can

easily say that both approaches have pros and cons when considering practical mobile

applications.
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3 Head pose estimation and tracking

This chapter discusses the development and implementation of a real-time head tracker.

Head tracking and gaze direction detection provides an important input modality for

perceptual user interfaces. The estimated position and orientation (pose) of the head

allows recognition of simple gestures such as nodding and head shaking. The detected

human gaze direction also determines which part of the screen the user is looking at.

Continuously locating the pose of the user’s face can be used to control spatially aware

user interfaces and may be also necessary or at least helpful for recognising the user’s

facial expressions.

In this thesis, head pose estimation is performed by first locating the face and fea-

tures from the face region as described in Chapter 2, and then solving the pose using

feature correspondences between successive images. However, the measured 2-D co-

ordinates of the facial features are usually distorted due to various error sources in the

image formation process. These errors may produce large pose estimation uncertainties.

Visual tracking of the facial features over a longer period of time with a proper estima-

tion technique can improve the pose estimation result significantly. First, in Sections

3.1 and 3.2 the problems of visual tracking and head pose estimation are addressed.

Section 3.3 reviews the related work on head tracking. Then, new methods to track and

estimate the head pose are presented in Sections 3.4.1 and 3.4.2, respectively. Finally,

Section 3.5 discusses the methods introduced in this chapter.

3.1 Visual tracking

The basic idea behind visual tracking is to determine the measurable state of a target

object from a sequence of images (Toyama & Hager 1999). The complexity of the

tracking problem depends on the application. For example, the position of a face in

image coordinates can be sufficient and in other cases, movement of different parts of

the face need to be tracked. Visual tracking can be understood as a process of repeated

estimation and search steps. It should be noted that the estimation is usually performed

in the state-space, not in the image space. Typically, the state variables are related to

the structural model of the object.

Human motion, including face or head motion, can be rigid, articulated, or de-
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formable (Black et al. 1997). Rigid motion means that there is no relative motion be-

tween different parts of the object with respect to each other. In the case of articulated

motion, the structure of the object can be characterised as comprising rigid components

connected by simple constraints such as hinges, slides etc. In deformable motion the

relative position of any points of the object can change, which makes object tracking a

much more difficult problem. In this thesis, we treat the head as a rigid object. In the

next section, we focus on head pose estimation and tracking problems.

3.2 Head pose estimation and gaze direction detection

The process of finding the position and orientation (pose) of an object is known as the

pose estimation problem. The user’s gaze direction can be obtained from the estimated

pose and it is determined by two factors. The orientation of the head specifies the overall

direction of the gaze and the orientation of the eyes determines the exact gaze direction.

Obviously, the latter is limited by the head orientation. Here, we focus on estimating

the orientation of the head, which is considered to be precise enough for our purposes.

3-D pose estimation from 2-D images can be solved in many ways. The classical

approach is stereo vision, where two cameras with two different views are used to cap-

ture 2-D images of the given 3-D object. Another approach is to use only one stationary

camera and capture a sequence of images of moving objects. Equivalently the cam-

era can be moving and the object is stationary. In those cases, both pose and the 3-D

structure of the object can be estimated. On the other hand, the 3-D pose of the object

can be derived from a single image if some constraints on the object geometry are set.

All of these methods need to establish correspondence pairs between the object and the

images. In this study, we use a model based approach in which the correspondences are

computed between facial features extracted and a model of the human head.

Visual tracking of the head throughout an image sequence will improve the pose

estimation accuracy if the information from the previous frames is utilised. The track-

ing task can be formulated as a linear or non-linear estimation problem depending on

the camera model used. This formulation allows the use of different state estimation

techniques, such as Kalman filtering (KF) (Kalman 1960), extended Kalman filtering

(EKF) (Mendel 1995) and Particle filtering (Isard & Blake 1996).

Kalman filtering is probably the most common algorithm for implementing the

tracker, although Particle filtering and some others have been shown to provide certain

advantages especially in the presence of significant background clutter. For example,
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particle filters allow for non-Gaussian probability functions. Despite their methodolog-

ical improvements, many of the solutions such as particle filtering are computationally

expensive if compared to Kalman filtering. Other popular methods for tracking include

mean shift algorithm (Comaniciu et al. 2000) and optical flow based methods such as

the Kanade-Lucas-Tomasi (KLT) tracker proposed by Tomasi & Kanade (1991).

3.3 Related work

In this section, some representative work in the area of visual tracking of the human

head and simultaneous estimation of the head pose is presented. According to Black

et al. (1997) tracking can be a 3-D model based or a 2-D image based. The 3-D model-

based trackers assume a 3-D model of the object and estimate the pose based on feature

correspondences. The 2-D image or appearance-based methods use intensity or colour

information on the images to track the object parts. Mapping 2-D images of the object

and corresponding 3-D poses is based on learning from appearance examples. Usually

the 2-D image based tracking performance is decreased by the articulation and defor-

mation.

3.3.1 2-D image based methods

Methods using 2-D image information typically utilise visual cues from the entire head

and can be region based, colour based or shape based. In practise, methods can usually

combine many cues to accomplish tracking task.

Region based trackers typically use information such as colour to segment the object

of interest from the image. There are two groups of region-based methods: view-based

and parametric. The view-based methods find the best match for a region in a search

area with a reference template. The parametric methods assume a parametric model of

changes in the image and compute an optimal fitting of the model to the pixel data in a

region.

Many solutions exploit colour information to accomplish the tracking task. One

very popular solution is the continuously adaptive mean shift (camshift) algorithm pre-

sented by Bradski (1998). It is based on the mean shift algorithm (Comaniciu et al.

2000), which is a robust non-parametric iterative technique for finding the mode of

probability distributions. Camshift detects the mode in the probability distribution im-

age by applying mean shift while dynamically adjusting the parameters of the target
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distribution. In a single image, the process is iterated until convergence. A method

can be applied to successive frames to track a face. The search region can be restricted

around the last known location of the face, resulting in remarkable computational sav-

ings.

Also, Birchfield (1999) proposed a tracker that simultaneously exploits the elliptical

contour fitted with the help of colour information. This method can handle occlusions

and out-of-plane rotations, but requires manual initialisation.

The face tracking system presented by Yang et al. (2006) consists of two interactive

modules. First, the detection module uses a method similar to Viola & Jones (2001)

for detecting faces. Then, tracking is performed by a dominant colour feature selection

method based on mean shift analysis.

3.3.2 3-D model based methods

In the following discussion, model based approaches are further divided into methods,

those that compute optical flow and those that use facial features to estimate the head

pose.

Methods using optical flow

Black & Yacoob (1995) developed a regularized optical flow method that uses an eight

parameter 2-D planar model. In their work, patches are attached to the facial features

and movements of different facial parts are followed. However, the use of the 2-D

planar model limits accurate tracking to medium head motions. Large head motion

causes problems.

Inspired by their work, Basu et al. (1996) presented a system to track heads with

a large amount of head motion. Instead of using a planar model, they used a 3-D el-

lipsoidal model of the head and coupled it with general optical flow computation. The

algorithm starts by computing optical flow for the image and then it estimates the 3-D

motion of the rigid model. The estimated motion parameters are used to modify the

location and rotation of the model for the next frame. The motion estimation for each

frame depends on the accuracy of the estimation in the previous frame and therefore the

errors tend to propagate and grow. The system was not real-time due to slow computa-

tion of the optical flow.

DeCarlo & Metaxas (1996) introduced a system using a polygonal head model that
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is manually positioned on the user’s face. Optical flow is extracted at some feature

points and it is regularised by the model movements. Finally, the measurements are

stabilised utilising a Kalman filter. A drawback is that using optical flow leads to error

accumulation. Therefore, additional face edge information is utilised to prevent diver-

gence.

Cascia et al. (2000) presented an approach using a texture mapped 3-D rigid surface

model for the head and formulated tracking as an image registration problem. The head

is modelled as a cylinder and dynamic texture is used for tracking. The lack of fixed

features in the face region again leads to error accumulation although confidence maps

are used to minimise the problem.

Similar to their work, also Xiao et al. (2003) utilised a cylindrical model and pre-

sented a method to recover full motion of the head under perspective projection. They

built a real-time head tracker, which was successfully used as part of a facial expression

analysis system.

Methods using facial features

Prior research using facial features includes the early work of Azarbayejani et al. (1993).

They utilised an extended Kalman filter (EKF) to recursively estimate a head structure

and motion from image sequences of rigid motion. In their system, distinct features

corresponding to the corners of the eyes and nostrils are tracked and projected on an

ellipsoidal head model. The use of the system is applicable if the same points are

visible in most of the frames.

Another way of improving the performance of tracking, is to combine object con-

tour matching and optical flow based methods (Brox et al. 2006). Their system uses

contour matching, if the object silhouette contains enough information to estimate the

pose and the object motion is small between successive frames. In additional to corre-

spondences from the silhouette, they add matches from the optical flow computed and

this helps to deal with larger movements.

Jebara & Pentland (1997) presented a similar feature tracking system for detecting,

modelling and tracking human faces. They used an extended Kalman filter (EKF) to

recover 3-D structure, pose, motion and focal length. The system automatically detects

faces using skin colour and facial features, including eyes, nose and mouth based on

a symmetry transform and image intensity gradient. In the tracking stage, features are

measured using 2-D image correlation. However, the face and facial feature detection is
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not performed in real time and if the feature is occluded due to a large amount of head

movement the tracking fails.

Later, Ström et al. (1999) developed a head tracker based on the work of Jebara &

Pentland (1997). The main change was in the feature points used in the tracking. The

head tracker system tries to find the best features to track for each face instead of using

predefined features such as the eyes, nose and the mouth. The input image Hessians

are used to rank features. The system is expected to be more robust against large head

movements. For example, if the eye is occluded a point from the ear is selected for

tracking.

Ballard & Stockman (1995) proposed a system to estimate gaze direction. They

assumed that distances between facial features are not changed with facial rotation and

translation. The eyes and nose of the user are tracked using parameterised templates.

Using these three points, the pose and gaze is computed with the perspective-three-

point (P3P) algorithm. A disadvantage is that the distance between the camera plane

and features has to be measured manually in the initialization phase. Also the gaze

direction is not computed in real-time.

Yang et al. (1998) proposed a region based technique for face and facial feature

tracking in real-time. They used a statistical skin colour model for facial region de-

tection and face tracking. Then, the facial features such as eyes, nostrils and lips are

extracted and tracked, and the head pose is estimated using a perspective camera model.

Although, region based tracking can be robust, accurate results are difficult to achieve.

Vacchetti et al. (2004) formulated the tracking problem as one of local bundle ad-

justment in such a way that it can be solved very quickly. They exploit correspondences

between incoming frames and a limited number of keyframes using a corner detector to

extract features from the object area. Their approach requires a 3-D model of the target,

which can be represented by a 3-D mesh.

Building a generic 3-D head model is a difficult task. To overcome this problem,

Dornaika & Davoine (2006) used a deformable 3-D wireframe face model. They devel-

oped a particle filter based framework for tracking the pose of the face. In experiments,

they obtained accurate tracking even in the presence of significant facial expression

variations, occlusions, and illumination changes. Later, Dornaika & Orozco (2007) ex-

tended and improved their tracker in order to obtain more accurate and stable head pose

parameters.
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3.4 Proposed new head tracking approaches

In this section, we propose two alternative solutions to track and estimate the pose of

the head. The first approach uses only facial features including the eyes and mouth,

while the second approach combines facial features and optical flow extracted from the

face region. In both cases, the Kalman filtering framework is utilised to implement the

tracking system.

Kalman filtering (Kalman 1960) is a widely applied technique for pose estimation

and tracking in computer vision. The main features of the Kalman filter are modelling

the random process under consideration using a state-space model and recursive pro-

cessing of the noisy measurement data. A filter is optimal if the dynamic model is

linear, the measurement model is linear, and the noise processes involved are Gaussian

distributed. Furthermore, the recursive nature of the algorithm makes it convenient to

use in real-time systems where the data can be integrated into the state estimate and

there is no need to store previous measurements. It also allows the prediction future

measurements using the current state estimate. In many computer vision problems,

however, the measurement model is non-linear, and thus Kalman filtering cannot be

used. To overcome this problem one solution is the extended Kalman filter (EKF) that

linearises the measurement model around the current state estimate. The drawback of

the linearisation is that the EKF is no longer an optimal estimator.

The Kalman filter algorithm estimates and tracks the pose recursively, repeating

two stages: prediction and correction. At the first stage, the pose and locations of the

features at the next time instant are predicted based on the previous pose estimate and

the dynamical model. In the correction stage the predicted pose is adjusted by using the

measurements. Next, the proposed approaches, originally presented in Papers I and II,

are briefly introduced in Sections 3.4.1 and 3.4.2, respectively.

3.4.1 Head tracking using facial features

In the first method, we use Kalman filtering to estimate the 3-D pose of a moving head

and to track facial features. In order to track the head, we propose a simple rigid head

model including the mouth (P1) and the eyes (P2 and P3). The centre of the head

coordinate system is set to the centre of gravity of these three points. We model the

head pose and motion using first order dynamics, which allows prediction and filtering
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of the pose from a sequence of images. The head is treated as a rigid object that moves

with constant velocity, and the motion is subject to random perturbations.

We use a perspective camera model to relate the object coordinates Pi to image

coordinates (ui,vi) of three facial features. The 3-D pose of the head is computed with

these points using the perspective-three-point (P3P) algorithm (Fischler & Bolles 1981).

However, the solution is not unique and there exist up to four possible solutions for the

pose. In order to evaluate all possible poses, we propose a solution which solves the

system in closed-form (Linnainmaa et al. 1988). We choose the pose where the z-axis

of the head coordinate system intersects nearest to the centre of the display. Also in

tracking, our idea is to evaluate all the possible solutions, and choose the one that is

nearest to the previous pose to be the measurement.

In Paper I, we evaluated the system’s ability to track the facial features with several

real image sequences containing large head motions and pose changes. The tracking

was successful with most of the sequences. During testing we met major problems

only with the case where the sequence contains a person with glasses. Certain types

of spectacle rims and bad illumination can cause the system to fail in tracking. We

also evaluated the theoretical pose estimation accuracy with simulated data, due to the

lack of ground truth for the head pose. The data of 100 generated frames contains head

poses corresponding to a real situation where the user is trying to control the cursor on

the display. Very good preliminary pose estimation results were achieved, although it

should be remembered that the accuracy values obtained are more or less theoretical,

which apply under certain constraints. It was also observed that the error is biggest

in the depth direction. The obvious reason for this is that the depth information is

more uncertain than lateral information due to the perspective projection. In Paper I, an

application for user interface control is also presented. This is reviewed in Chapter 5.

3.4.2 Head tracking using facial features and optical flow

In the second method, we apply extended Kalman filtering (EKF) to estimate the camera

position with respect to the head, and to track the eyes as well as the motion features.

The motion features are obtained via local motion analysis, and they encode information

about displacements of a sparse set of image blocks between two frames. The local

motion analysis technique is described in Chapter 4. The face is modelled as a rigid

plane which is not an accurate description, but considering our application it provides

reasonable pose estimates to control the user interface.
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Initially the face plane is assumed to be parallel to the image plane and its dis-

tance to the camera is some predefined constant. The face model includes the eye

positions (P1 and P2) and the motion feature positions (Pi, i = 3,4, ...,N + 2). P1 and

P2 are the backprojected face plane coordinates of the eyes detected in the first image.

Pi, i = 3,4, ...,N + 2 are the backprojected face plane coordinates of the motion fea-

ture positions pi. The model points for motion features are updated for each incoming

frame, but the eye positions are fixed after initialization. Also, in this case the motion

is modelled using a first order dynamic model.

The measurement model is needed to relate the 3-D pose parameters to the 2-D

image observations. We use a perspective camera model to transform the object coor-

dinates Pi to image coordinates (ui,vi). This non-linear observation model is linearised

using its partial derivatives with respect to the state variables that include the 3-D pose

parameters of the camera with respect to the head and their velocities.

The actual measurements zi, i = 1, ...,2 for the eyes are extracted in a region around

the predicted locations. The size for the region is adjusted dynamically by projecting

the prediction uncertainty to the image coordinates. The eye detection is performed

as described in Section 2.3 and (u,v)- coordinates are obtained as a result. If there is

too much deviation from the prediction, then the predicted position is chosen instead

of the actual measurement. In the case of motion features, the measurements are zi =
pi +di, i = 3, ...,N +2, where pi is a motion feature position in the previous frame and

di is the detected displacement in the current frame. The measurement noise for the

eyes is assumed to be Gaussian with zero-mean and a variance of 9 pixels resulting in

the error covariance matrices C1 = C2 = 9I. Covariance matrices Ci, i = 3, ...,N +2 are

derived for motion features using the method described in Section 4.2.3.

(Frame #1) (Frame #40) (Frame #80) (Frame #120)

Fig 4. Facial feature tracking example. Revised from [II]. c© 2008 Springer.
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In Paper II, we assessed the feature tracking subjectively because the ground truth

for the pose was not available. Fig. 4 shows an example result of the extracted facial

feature locations during tracking. The tracking was successfully completed without

interruptions in all of the sequences. There were sometimes large errors in the eye mea-

surements or rarely the eye was not detected at all. In these situations the tracker used

the predicted measurements and tracking did not fail. Although the lighting changed

continuously throughout the sequences, the system still worked properly. The advan-

tage of the method is that real-time performance on a resource limited mobile device

can be easily achieved. In Chapter 5, we also describe how the method was successfully

used for controlling the spatially aware user interface with a camera-equipped mobile

phone.

3.5 Discussion

In this thesis, real-time performance has been one of the main goals. As discussed

above, the well-known Kalman filtering framework offers tools for estimating the pose

efficiently. In our solution, we propose a tracking system using only three facial fea-

tures: the eyes and the mouth. The method of extracting the features was introduced in

Chapter 2. The new idea in Paper I was to use these three points to solve the pose with

the P3P algorithm and use the resulting pose as a measurement in Kalman filtering. The

advantage of this is that we can use linear measurements instead of non-linear measure-

ments. If we had used a perspective camera model to map measurements to the state

variables, linearisation of the measurement model would have been needed. The draw-

back is that using only three points in pose estimation makes the system susceptible to

noise. If there are errors in the facial feature extraction, this certainly decreases the pose

estimation accuracy; also user interface control suffers dramatically. Therefore, special

attention should be paid to the development of facial feature extraction methods.

In contrast to other methods in the literature that use facial features or optical flow

only, we apply both ways to improve the performance of the new system introduced

in Paper II. First, face and eye detection is performed using the methods described in

Chapter 2. Then, we apply a new motion estimation framework developed in Paper III to

extract motion features from the face region. Extracting facial features makes it possible

to obtain more accurate absolute positional information, whereas utilising optical flow

increases the reliability of the system. However, the extracted features are not tracked

in the current solution. Including tracking and filtering will increase the accuracy the
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pose estimates. This will be considered in our future work. Compared to the method

presented in Paper I, we achieve more reliable performance. The shortcoming is that

the computational cost is slightly increased.

The systems introduced in this chapter were basically tested with real image se-

quences in realistic usage scenarios. Although very good preliminary results were

achieved, it should be remembered that the results obtained only apply under some

constraints. Further work is still needed, for example, to make algorithms work in

greatly varying environmental conditions. At this point of development, the conducted

testing was enough to prove the correctness of the approaches. Especially the low com-

putational cost of the method makes it usable for real-time applications. Compared to

the state-of-the-art methods such as (Cascia et al. 2000, Xiao et al. 2003, Dornaika &

Orozco 2007) our methods are not so robust to out-of-plane rotations. However, consid-

ering the intended applications, it is not necessarily required.

In future, the facial features to be extracted and tracked could be the corners of the

eyes and the mouth instead of the centre points. The corners are more permanent than

the centres of these features due to possible deformations during tracking. The natural

deformations of the features will cause large deviations in the image measurements and

pose estimation. Also, the amount of features is increased from three to six, which

allows more robust pose estimation and tracking. The tip of the nose could also be

a rigid feature to be extracted, but that is a very difficult task due to the low contrast

of skin. Another important issue is to choose an appropriate model for the head in

the tracking phase. In this thesis, very simple models are used for the face. In the

future, more accurate 3-D models could be applied that make it possible to achieve

better head pose estimates. The head model could be, for example, a 3-D wire frame

model. A shortcoming with more advanced models is that they typically increase the

computational load.

An alternative for future work is to use Kalman filtering to recover also the structure

of the tracked head (Jebara et al. 1999). In this case, features do not necessarily have

to be facial features like eyes or mouth, but only stable features are needed such as the

motion features utilised in Paper II. The advantage is that there is no need for some par-

ticular feature such as the eye to be visible all the time in the tracking phase. However,

tracking the same features over the sequence improves the estimation accuracy and help

to avoid drifting. One interesting approach to be considered for this problem is the use

of Simultaneous Localisation and Mapping (SLAM) to track the device motion while
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simultaneously creating a 3-D map of the head. For example, the recently introduced

MonoSLAM (Davison et al. 2007) could be appropriate for real-time applications.

3.6 Summary

In this chapter, we first discussed visual tracking and head pose estimation in general

and reviewed some representative work on head tracking. Then, we proposed two dif-

ferent approaches to build a head tracker. First, we introduced a system that utilises

Kalman filtering to track and estimate the head pose by extracting the eyes and the

mouth from the face region. Although very good preliminary results were achieved, us-

ing only three points makes the system susceptible to noise. In Paper I, it was concluded

that more stable features are needed, which do not necessarily have to be predefined fa-

cial features.

Therefore, in the second solution, besides the eyes also motion features are extracted

from the face region. The use of a large number of motion features allows us to acquire

more evidence about face movement than using only three facial points. A drawback

is that motion features provide only relative information. Therefore, the eye positions

are added to the tracker in order to avoid drifting problems. The results can be further

improved by adding more fixed points to the face model, providing enhanced positional

information. Another way of improving estimation accuracy and avoiding the drifting

problem can be achieved by tracking 2-D image features through several successive

images.

We conclude that the solutions proposed in this chapter can be powerful enablers

for controlling spatially aware user interfaces. This is demonstrated in the applications

presented in Chapter 5.
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4 Motion estimation for mobile user

interaction

Computer vision based motion analysis offers new intuitive ways of communicating

with hand-held electronic devices. The information used as an input for the user inter-

face is, for example, an absolute camera 3-D pose with respect to a given target, or a

relative camera 2-D movement measured between two successive images. The target

of the known geometry in pose estimation can be either markers placed in the scene or

some object such as the user’s face or finger. The detected movement can be then used

for 2-D navigation or 3-D manipulation applications on the device.

This chapter presents techniques for extracting motion from image sequences for

mobile user interface purposes. The introduction begins with a review of related work

on the use of the motion as an input in camera based interaction with mobile devices.

Section 4.2 introduces approaches to measuring 2-D image motion from successive

frames and proposes a new method using a sparse set of features. Then, two approaches

which require 2-D motion estimation as a preprocessing step are described. Firstly,

Section 4.3 presents a method for estimating the ego-motion of the camera while the

user operates the mobile device through a series of hand movements. Secondly, Section

4.4 describes a technique for tracking and estimating the motion of an object such as a

finger while it is moved in front of the camera.

4.1 Related work on motion based interaction

The first solutions using camera motion detection as an input for hand-held devices orig-

inated from the commercial domain. In 2003, Siemens introduced an augmented reality

game called Mozzies developed for their SX1 cell phone. The goal of the game was

to shoot down the synthetic flying mosquitoes projected onto a real-time background

image by moving the phone around and clicking at the right moment. During user

movements, the motion of the phone is recorded using a simple optical flow technique.

Not long after the first camera-equipped mobile devices became available, also re-

searchers recognised opportunities for the vision based user input. The work carried

out in this field can be roughly divided into marker based and markerless approaches.
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4.1.1 Approaches using markers

In marker based methods, the pose of the objects or the camera is estimated using ar-

tificial markers or fiducials placed in the field of view of the camera (Lepetit & Fua

2005). The advantage here is that the system can perform fast segmentation and detec-

tion of the markers. For example, Möhring et al. (2004) presented a tracking system

for augmented reality on a mobile phone to estimate 3-D camera pose using special

colour coded markers. Other methods of this category use a printed or hand-drawn cir-

cle (Hansen et al. 2005), a hand-held target (Hachet et al. 2005) and a set of squares

(Winkler et al. 2007) as markers to facilitate the tracking task.

One new solution was presented by Pears et al. (2008). The idea of this approach

was to use a camera on the mobile device to track markers on the computer display. This

technique can compute which part of the display is viewed and the 6-DOF position of

the camera with respect to the display.

The main drawback of these approaches, as far as mobile user interfaces are con-

sidered, is that it is often impractical or even impossible to modify the scene and place

markers in most real usage environments. Therefore more flexible markerless methods

have attracted more attention recently.

4.1.2 Markerless approaches

An alternative to markers is to estimate motion between successive image frames with

similar methods to those commonly used in video coding (Wang et al. 2001). Rohs

(2004) divided incoming frames into the fixed number of blocks and then determined

the relative x, y, and rotational motion using a simple block matching technique. The

computational cost of matching can be reduced significantly by using a hierarchical al-

gorithm and optimising the search space. Based on this fact, Liu et al. (2005) proposed

a multi-resolution scheme that includes building a pyramid of images and prediction of

motion vectors using previous detections. They assumed that the camera motion can be

approximated using the mean of the block displacements. Wang et al. (2006) presented

a similar approach which performed grid sampling and applied full search block match-

ing on temporal adjacent frames. Hua et al. (2007) also explored a set of fast matching

methods and designed an online scheme to switch among the different matching algo-

rithms, which makes a compromise between quality and computational expenses. The

motion gestural events are then defined based on the motion vectors estimated for each
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frame. In addition, they proposed overall lightness and blurness measures for the image

to define visual events. Although, these straightforward techniques are fast to compute

and have linear complexity in the size of the image, they are known to make erroneous

estimates in the absence of texture.

Another possibility is to extract distinctive features such as edges and corners from

images which exist naturally in the scene. Haro et al. (2005) have proposed a feature

based method to estimate movement direction and magnitude. First, edge detection is

performed on two successive frames. Then, thresholding is used to find corner-like fea-

tures and feature correspondences are searched for using template matching. Finally,

they performed direction voting to estimate the motion. Compared to the motion es-

timated using direct block matching methods, these feature based techniques provide

clearly more robustness and accuracy.

Instead of using local features, some approaches extract global features such as

integral projections from the image. Integral projections are defined to be sums of the

grey levels along any fixed direction in the image. Drab & Artner (2005) first computed

horizontal and vertical projections from grey-scale images and then searched for the

best match between projections of two successive images. Adams et al. (2008) first

computed a translation by aligning integral projections of edges detected in two images.

The estimate is then refined to compute a 2-D similarity motion model using corner

features extracted. Even though the salient advantage of projections is simple and fast

computation, they often fail in the case of noisy images and repeating textures.

Some recent and generally interesting direction for mobile interaction is to com-

bine information from several different sensors. In their feasibility study, Hwang et al.

(2006) combined forward and backward movement and rotation around the Y axis data

from camera based motion tracking, and tilts about the X and Z axis from the 3-axis

accelerometer. Their vision system uses the pyramidal implementation of the Lucas-

Kanade feature tracker (Lucas & Kanade 1981). Recently, a technique to couple wide

area, absolute, and low resolution global data from a GPS receiver with local tracking

using feature based motion estimation was presented by DiVerdi & Höllerer (2007).

4.2 Computing 2-D image motion

Measurement of motion in image sequences is based on interpretation of spatial and

temporal variations in image intensities. The goal is to determine the 2-D motion field,

that is, the projection of the 3-D velocity field of moving points in the scene onto the

49



image plane (Stiller & Konrad 1999). Accurate estimates for the motion field are often

inaccessible due to illumination changes in the image and the well known aperture

problem (Horn & Schunck 1981, Verri & Poggio 1989). In fact, the observed motion

may not be the same as the true physical motion and only an approximation of the

motion field, called apparent motion or optical flow can be computed (Haußecker &

Spies 1999). Computing optical flow is often the first stage of computation, for example,

where the goal is the recovery of the camera ego-motion or segmentation of the image

into parts corresponding to different moving objects through the analysis of the motion

of features or brightness patterns (Aggarwal & Nandhakumar 1988).

Barron et al. (1994) divided algorithms to compute optical flow into four cate-

gories including differential methods, energy-based methods, phase-based techniques

and region-based matching. In a comparison of these four techniques, differential tech-

niques (Lucas & Kanade 1981) perform best in terms of efficiency and accuracy. The

phase-based approach (Fleet & Jepson 1990) was found to be most accurate, unfor-

tunately it is less efficient in implementation. Energy-based methods (Heeger 1988)

perform the hierarchical decomposition of the image sequence in the frequency domain.

This provides simultaneous localisation in spatio-temporal and frequency domains. On

the other hand, region matching techniques (Anandan 1989) are more robust to noise

and less sensitive to illumination changes. Later, Liu et al. (1998) also evaluated accu-

racy versus efficiency trade-offs resulting, for example, from hardware implementation

constraints, algorithm flexibility and robustness.

Methods of computing optical flow are also often classified into two groups (Simon-

celli et al. 1991). This classification effectively groups methods to those that perform

computations on the spatio-temporal gradient of the image intensity, and those that

match features between successive image frames. In the following, we use this classifi-

cation for its simplicity.

4.2.1 Gradient based methods

Gradient based methods perform computations on the spatio-temporal partial deriva-

tives to estimate image flow at every position in the image. Horn & Schunck (1981)

presented a global method that combines a global smoothness term with a gradient

constraint equation to obtain a functional for estimating optical flow. They use the

smoothness term that minimises the absolute gradient of the velocity. In general, global

approaches supplement the optic flow constraint with a regularising smoothness term.
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Global methods yield dense flow fields, but are experimentally known to be sensitive to

noise and appearance variations (Barron et al. 1994). They are suitable in cases where

image motion is small.

Local techniques use spatial constancy assumptions on the optic flow field. Lucas

& Kanade (1981) introduced a popular method using a local window to determine the

flow of a particular image point. It uses a weighted least-squares (WLS) fit of local first-

order constraints to a constant model for motion in each small spatial neighbourhood.

One important advantage of this approach is the existence of a confidence measure.

This algorithm provides a good accuracy versus efficiency trade-off. In general, local

methods typically offer relatively high robustness under noise.

4.2.2 Feature based methods

While gradient based methods generally compute the motion of every pixel of the image

and thus produce a dense flow field, it can be advantageous to do this computation only

for an exclusive number of distinct features. Under the assumption of a dense sampling

rate, feature displacements can be used to achieve an approximation of the optical flow

(Barron et al. 1994). In these solutions, feature correspondences between successive

images are established by feature matching or region matching techniques resulting in

a sparse optical flow field (Haußecker & Spies 1999).

In the feature matching approach, interest points (tokens) are first detected from

both frames, and correspondences between them are determined. As a result, displace-

ments of these features describing motion between frames are obtained. For example,

work related to invariant interest points (Mikolajczyk & Schmid 2004), where a set of

region descriptors for detected features is computed and used for matching, belongs

to this category. Descriptors invariant to specific geometric and photometric transfor-

mations can deal with large displacements and appearance changes of features (Torr &

Zisserman 1999). For example, the SIFT (Lowe 2004) feature point detector has be-

come very popular due to its good performance. SIFT features are invariant to image

scale and rotation changes.

Another solution is to first select distinctive features from one frame and then mea-

sure displacements of these features. From the initial work of Lucas & Kanade (1981),

Tomasi & Kanade (1991) developed a widely used technique, the so-called the KLT

feature tracker, which first detects features by analysis of image gradients, and then it-

eratively minimizes the sum of squared differences (SSD) criterion using a pyramidal
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implementation in feature displacement estimation. Later, Shi & Tomasi (1994) pro-

posed the use of an affine transformation model instead of using a translation model

like in the original KLT tracker. Tommasini et al. (1998) also extended this tracker by

introducing an automatic scheme for rejecting spurious features.

Anandan (1989) introduced a multi-scale method using a Laplacian pyramid (Burt

& Adelson 1983). A coarse-to-fine search is performed such that larger displacements

are first determined and then improved with a more accurate higher resolution version

of the image. This strategy is well suited to large displacements but is less successful for

sub-pixel motion. Another similar approach minimizing SSD and employing a pyramid

search is presented by Singh & Allen (1992). Interestingly, they use a three-frame

method for the region matching to average out temporal error in the SSD.

Yet another region matching algorithm was presented by Camus (1997). His real-

time algorithm is based on the idea that performing a search over time instead of over

space is linear in nature rather than quadratic, resulting in a quantised sub-pixel displace-

ment field. The algorithm uses only integer computations and thus may be efficiently

implemented in practice.

Overall, feature based methods are suitable especially when image motion is large.

Furthermore, the coarser search provides faster implementation and more robust results.

However, the cost of the improved efficiency is reduced accuracy (Liu et al. 1998).

4.2.3 Estimating motion using a sparse set of feature
blocks

There is no algorithm for estimating optical flow which is clearly superior to the others

(McCane et al. 2001). Given the target platform of our application, hardware accel-

erators for video encoding may be available to perform block matching computations.

Therefore, it is interesting to consider feature based solution, where block matching is

used to provide motion estimates. So, we propose an approach where a sparse set of fea-

ture blocks is first selected from one image and then the displacements are determined.

We pay attention especially to the confidence analysis of block matching, whose results

can be utilised in further analysis.

The idea of motion profile analysis was originally presented by Sangi et al. (2004).

Then, the proposed motion estimation framework was first applied to mobile phones by
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Hannuksela et al. (2005) and later more comprehensively discussed in Paper III. In the

next two sections, this framework is briefly reviewed.

Selecting distinctive block features

Feature motion estimation begins with the selection of the feature blocks from the first

image. The goal is to ensure that the feature blocks are distributed over the image so

that the probability of sufficient presentation of overall image motion is high. We use a

computationally straightforward way where the image area is split to non-overlapping

regions and one block is selected from each region.

Another goal is to select some distinctive features which guarantee high precision

in the estimation of the displacement vectors. Various criteria for selecting such good

features exist, and they usually measure the richness of the texture within an image area

(Shi & Tomasi 1994). Comparison of feature candidates is typically based on analysis

of the spatial gradient. For example, measures based on the Harris response function

(Harris & Stephen 1988) or eigenvalues of the normal matrix (Tomasi & Kanade 1991)

can be used.

In Paper III, our approach is to consider first-order image derivatives in the horizon-

tal and vertical directions. The sum of squared derivatives provides a computationally

simple criterion. An alternative approach is described in Paper IV, where we have used

eigenvalue analysis of 2 by 2 normal matrices which can give more reliable features, but

requires more computation, and they may also give a strong response for non-corner fea-

tures. The results of both feature block selection schemes are shown in Figs. 5 (a) and

(b), respectively.

(a) (b)

Fig 5. Feature selection: (a) using the sum of squared derivatives (b) using eigen-

value analysis.
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With regard to utilisation of temporal continuity, it is possible to modify the se-

lection scheme described to use also feature tracking. Some improvements in motion

estimation accuracy can be achieved with such a scheme. However, this comes at the

expense of extra analysis of the feature reliability and there is also a need to keep and

update a feature list in tracking. Due to this complexity, tracking is not used in our

implementation.

Measuring feature displacements

To estimate the displacement of a selected feature, the dissimilarity between a feature

block region in the anchor image and a candidate block in the target image is measured.

The best match is found by maximising a similarity measure such as the normalised

cross-correlation or minimising distance measures such as the sum of squared differ-

ences (SSD) or the sum of absolute differences (SAD) (Aschwanden & Guggenbühl

1992). The selection of particular criteria is a trade-off between the computational load,

the algorithm complexity and the performance achieved.

In Paper III, an SSD block matching measure is evaluated for a suitable range of

integer displacements in both x- and y-directions. The surface of matching measure

values obtained in this way is called motion profile. Instead of using the SSD, Paper

IV proposes the use of its variant zero mean sum of squared differences (ZSSD). The

latter measure is more robust to illumination changes, which can be crucial in some

applications (Aschwanden & Guggenbühl 1992). Exhaustive evaluation of either of

these measures gives a motion profile. The displacement that minimises the criterion

provides the best match feature displacement which can be refined to sub-pixel accuracy

via quadratic interpolation of the motion profile values (Haralick & Shapiro 1993).

Minimisation of the SSD or any other distance measure is based on the assumption

that the true motion is close to the displacement giving the best match. However, due to

noise and the aperture problem, there might be many other good matches, for example,

at any point along a straight edge. This means that there is reliable information available

only in the edge normal direction. On the other hand, for homogeneous image regions

good match may be obtained for any displacement candidate.

As the reliability of displacement vectors is always questionable, it is often help-

ful to complement estimates with uncertainty measures so that the weaker features like

edges produced can be used in following computations. Barron et al. (1994) discuss

various confidence measures proposed in the literature. In an early work, Anandan
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(1989) computed directional confidence measures for the displacement estimates by

analysing the curvature of the motion profile in the vicinity of the best match. Singh

& Allen (1992) interpreted the SSD values probabilistically, and computed a weighted

displacement estimate and associated error covariance matrix. Probabilistic analysis of

SSD-based matching results has also been considered by Nickels & Hutchinson (2002).

More recently, Patras et al. (2002) proposed a probabilistic framework, where the relia-

bility of the SAD estimate was determined by the analysis of block intensity variation.

Paper III and Paper IV present a statistical method for computing confidence mea-

sures where uncertainty of the estimate obtained is analysed by searching for displace-

ments that are close to the measurement giving the minimum matching value. The

selection of the set of displacements is based on thresholding of the motion profile. The

details of the method can be found in the corresponding publications. The result of

this analysis is summarised as covariance matrices. In general, such matrices provide a

powerful tool for error treatment (Haußecker & Spies 1999).

As a result of these computational steps, we obtain a set of motion features. A

motion feature consists of the block centre location in the first image, its displacement

estimate, and the uncertainty covariance matrix. This information can be directly used

to estimate, for example, the ego-motion of the device in the user’s hand or tracking

multiple motions as described in following sections. Fig. 6 shows an example of the

estimated feature displacements and the related uncertainties.

Fig 6. Estimates of feature block displacements (lines) and associated error co-

variances (visualised using ellipses).
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4.3 Camera ego-motion estimation

A mobile user interface system controlled through a series of hand movements requires

a method for estimating the ego-motion of the device’s camera. Camera ego-motion

is often estimated from 2-D image motion measured between two successive frames.

As the observed motion in an image sequence may consist of multiple motions due

to moving objects in a scene and motion parallax, one must consider solutions that

estimate the dominant motion.

4.3.1 Estimating dominant global parametric motion

To define the dominant motion estimation problem, consider a situation where motion

between two frames can be modelled by splitting both frames into regions which ex-

hibit coherent motion components. Coherence here means that motion of each region

is piecewise smooth, or it can be approximated with some parametric motion model

(Black & Anandan 1996). Dominant motion estimation considers the latter kind of

models and tries to estimate a parametric motion model for the largest region. An affine

model is typically used. Having such a model, without necessarily knowing the region

supporting it, is sufficient for the application considered here. In order to diminish the

effect, which other motion regions have on the dominant motion estimate, some robust

schemes are needed for processing information.

The camera ego-motion is often estimated directly from image intensities or indi-

rectly from the local 2-D image disparities (Irani et al. 1994a). In direct methods, some

robust error norm is applied to the motion compensated frame difference in order to

evaluate a particular motion model. Gradient based approaches, where minimisation

of cost function is performed iteratively using spatial and temporal gradient data in a

multi-resolution framework belong to this category (Odobez & Bouthemy 1995, Black

& Anandan 1996, Bober & Kittler 1994, Sawhney & Ayer 1996). Burt et al. (1991)

presented an analysis of gradient based estimation using dissimilarity metric between

image regions. Such an estimator is shown to exhibit two selection modes: it may either

average the component motions, or it may select one. Burt et al. (1991) provided condi-

tions for the latter case to occur. Robust error norms (Black & Anandan 1996, Odobez

& Bouthemy 1995) can be used for relaxing such conditions.

Indirect solutions use precomputed 2-D image disparities, as described in Section

4.2, as input, and the need for robust processing is emphasized due to possible invalid
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measurements. Voting-based schemes such as random sample consensus (RANSAC)

(Fischler & Bolles 1981) or Hough transform (Hough 1959) can be used for extracting

inliers from data. The RANSAC method employs a generate-and-test principle, where

randomly selected sufficient subsets of available observations are used for generating

hypotheses about the underlying model, and then all the data is used for testing those

hypotheses. When some hypothesis gets enough support, one may compute a refined

estimate using that part of data, which supports the hypothesis. In the Hough transform,

the parameter space is discretised, and data is used for computing supports for each

discrete set of parameter values.

In the following, we propose a computationally efficient method for estimating dom-

inant global motion. The sparse set of motion features described in Section 4.2.3 are

used as an input for the method. In the following, the approach is introduced very briefly

and more details can be found from Papers III and IV.

4.3.2 Modelling motion

The ego-motion estimation generally refers to the computation of 6-DOF motion. How-

ever, the choice of a model and the number of parameters for the ego-motion computa-

tion is application dependent. For a review of different models used in motion estima-

tion and image registration, the reader is referred to the book by Hartley & Zisserman

(2004). We model the device movement using a four parameter similarity model which

is considered to be sufficient for approximating motion between frames, as it can rep-

resent 2-D motion consisting of translation, rotation, and scaling (Zheng & Chellappa

1993). With this model, the displacement d of a feature located at p = [x,y]T is repre-

sented using

d = d(θ ,p) = H[p]θ =

[
1 0 x y

0 1 y −x

]
θ , (5)

where θ = [θ1,θ2,θ3,θ4]T is a vector of model parameters and H[p] is an observation

matrix. Here, θ1 and θ2 are related to common translational motion, and θ3 and θ4

encode information about 2-D rotation φ and scaling s, θ3 = scosφ −1 and θ4 = ssinφ .

4.3.3 Dominant global motion estimation

The global motion describing the device motion is estimated using those motion fea-

tures which pass an outlier analysis stage. Such analysis is necessary as feature dis-
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placement estimates can be erroneous due to image noise, or there may be several in-

dependent motions in the scene. It is assumed that the majority of motion features are

associated with the global motion we want to estimate. To select those inlier features,

we use a RANSAC based scheme where pairs of motion features are used to instantiate

motion model hypotheses, which are then voted for by other features.

A feature votes for a hypothesis if the displacement instantiated from the hypothesis

is close to the estimated displacement. The covariance matrix described in Section 4.2.3

provides information about the feature motion uncertainty in different directions, and

the calculation of votes uses the Mahalanobis distance measure. Once inlier features

have been selected, a weighted least squares approach is used to compute the estimate

of the device motion. Primarily, weighting is based on measured uncertainties.

Experiments in Paper III, validate the quantitative performance in synthetic image

sequences and the correct operation in real image sequences. Also, the performance of

outlier analysis was verified with good results. In Paper IV, the usefulness of the uncer-

tainty analysis was validated and the method was compared to the gradient based multi-

resolution method (Odobez & Bouthemy 1995). The proposed feature based method

achieved better results when testing on real images.

4.4 Multiple motion estimation

Approaches for multiple motion analysis from the observed 2-D image motion can be

divided into methods that compute the multiple motions without performing segmenta-

tion, and those which recover the motion using segmentation (Irani et al. 1994b). The

dominant motion approach described in Section 4.3.3, for example, estimates the mo-

tion without performing the segmentation. Whereas, approaches to multiple motion

analysis using segmentation try to segment out different objects or differently moving

regions in an image according to their motion coherence.

Instead of performing the segmentation and estimation steps individually for each

successive image frame, it is advantageous to increase the temporal interval to more

than two frames. Visual tracking of multiple moving objects is often implemented with

the Kalman filtering framework, as described in Chapter 3. Despite many advantages

of Kalman filtering approaches, the main drawback is the underlying assumption of a

uni-modal Gaussian distribution. This assumption is violated in the case of incoherent

motion as the probability density is essentially multi-modal and therefore non-Gaussian.

Numerous approaches have been proposed to overcome this limitation. Among
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them, particle filtering or factorised sampling method (Isard & Blake 1996) has been

successfully applied to track multiple moving objects in cluttered environments. Parti-

cle filtering methods are directly applicable to multiple motion tracking because they

allow for non-Gaussian probability functions, even multi-modal distributions. However,

their computational requirements make it difficult to achieve a real-time performance on

mobile devices, even though more efficient modifications (MacCormick & Isard 2000)

of the original algorithm are already available. Another approach to tracking multiple

motions is the use of Gaussian mixture models (Xiong et al. 2006). The unfortunate

drawback also in this case is the high computational cost.

4.4.1 Data association

In general, most of the existing algorithms utilised for visual tracking deal with esti-

mating the state of a single object only. One way to extend traditional algorithms to

track multiple object motions and cope with multi-modal distribution is combinatorial

data association methods. Rao (1993) groups data association methods into optimal

approaches in a Bayesian sense and suboptimal approaches. The former is also known

as Multiple Hypothesis data association. The most well-known suboptimal approach

for multiple motion tracking is the Joint Probabilistic Data Association filter (Fortmann

et al. 1983).

In many tracking problems there is more than one measurement at the same time

step available. Data association is a process to assign each of these measurements to

the appropriate objects or motion. Assigning measurements can be effective in the

case of incoherent motion. For example, Reid (1979) estimates the states of multiple

targets from data association hypotheses in a cluttered environment with the Kalman

filter. Methods of this kind often perform data association and estimation separately by

first assigning the measurements and then estimating the state.

In this thesis, we propose a novel method able to track multiple motions using a

sparse set of motion features described in Section 4.2.3. Our approach employs soft as-

signment to associate the measurement data to the corresponding motion components.

The method, originally described in Paper V, embeds the EM algorithm into the Kalman

filter stages to estimate multiple states simultaneously. One benefit compared to previ-

ous approaches is that no iterations are needed, making the algorithm computationally

efficient.
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4.4.2 Object tracking using the Kalman-EM algorithm

An intuitive way to interact with mobile devices is achieved by moving some object,

such as a finger, in front of the camera and then recognising the observed movements.

In this application, we cannot assume that a single motion component is present in

the image. With hand-held devices the camera also moves slightly when the user is

operating the device. The problem is therefore formulated as a task of estimating two

distinct motion components, the camera motion and the object motion. However, we

are not so interested in segmenting the observed displacements into coherent regions in

an image.

The state-space model of the camera ( j = 1) and object ( j = 2) motions is

x j(k) = x j(k−1)+ ε j(k), (6)

where x j(k) = [u j(k),v j(k)]T denotes the motion between the frames k− 1 and k, and

ε j(k) is the process noise term, which is assumed to be zero-mean white Gaussian noise

with the covariance matrix Q j = σ2
j I.

Object tracking uses the motion features described in Section 4.2.3 as input. Ob-

served displacements of those features, di(k), are modelled as

di(k) = λix1(k)+(1−λi)x2(k)+ηi(k), (7)

where ηi(k) is the observation noise, which is assumed to obey zero-mean Gaussian

distribution with a covariance matrix Ri, and λi is a hidden binary assignment variable,

which indicates the object that generates the measurement.

To estimate the motions we use a technique where the Kalman filter (Kalman 1960)

and the EM algorithm (Dempster et al. 1977) are combined. Note that the Kalman filter

could be used to directly estimate x j(k) if the assignments λi were known. As these

assignments are unknown, the predicted estimates of x j(k) and a priori probabilities of

associating features to motion components are used to compute soft assignments wi, j

using a Bayesian formulation, as described in Paper V. The assignment step corresponds

to the E step of the EM algorithm.

Soft assignments are then used in the computation of the Kalman gains which are

needed to get the filtered estimates of x j(k). The principle is that the lower the value

of wi, j is the higher the observation noise covariance becomes. This weighting of the

measurements corresponds to the M step of the EM algorithm. Paper V describes ex-
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periments where the approach is successfully applied to finger tracking from images

captured with a mobile phone.

4.5 Discussion

As already mentioned in Sections 4.1 and 4.2, motion estimation in images has been a

subject of computer vision research for decades. The basic problem in applying meth-

ods developed for desktop computers or special hardware on mobile phones is to find a

good compromise between computational efficiency and estimation accuracy. Many of

the state-of-the-art methods need too many resources to be directly transferred to these

devices. Other problems are related to robustness against errors and implementation

difficulties as discussed in Paper III.

To overcome these problems we have implemented a computationally efficient so-

lution to estimate motion from images, while still retaining reasonable accuracy. The

proposed framework includes following steps: distinctive feature selection, feature dis-

placement measurement, outlier analysis, and dominant global motion estimation. The

novelty of the approach lies in the use of the new motion feature uncertainty measure

in all the consecutive processing steps.

Our feature selection method, which is based on squared derivatives is faster to com-

pute than eigenvalues. The drawback is that the method does not always give reliable

features. However, reliability analysis of feature displacements partly compensates for

this. The advantage of our method for computing confidence measures is that it only re-

quires thresholding of the SSD surface using gradient information. There is no need to

model the matching result using computationally expensive exponential functions as in

previous solutions such as (Singh & Allen 1992, Nickels & Hutchinson 2002). Further-

more, the motion estimation framework benefits from the use of uncertainty informa-

tion also in outlier analysis and global motion estimation. Experiments with synthetic

sequences indicate comparable results to the reference method (Odobez & Bouthemy

1995). However, with real images our method obtained higher accuracy. Like all feature

based methods, our method assumes that good features can be found. In future work,

the framework can be modified to include support for hierarchical motion estimation.

Constructing image pyramids is likely to further improve the efficiency of the method.

For multiple motion tracking, we introduce a new solution in Paper V. The proposed

Kalman-EM algorithm is closely related to switching Kalman filters (SKFs) (Murphy

1998). The main difference is that our method concentrates on associating measurement
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to different objects whereas the SKFs try to model changes of object dynamics using

Gaussian Mixture Models by switching between separate filters. The benefit of our

method lies in its simplicity. However, the method requires good initial weights that

might be difficult to derive in some cases. In future work, this should be considered

more profoundly.

4.6 Summary

We have presented here two new techniques for estimating motion in image sequences

in order to control the user interface of a mobile device; the first by detecting the ego-

motion of the device held in the user’s hand and second by measuring simultaneously

the ego-motion as well as the movements of an object such as a finger. Both solu-

tion utilise a new method of computing motion features presented in this thesis. This

method is based on selecting a sparse set of distinctive feature blocks and measuring

their displacements.

In order to enable real-time user interaction, methods have been implemented in

software using only fixed-point arithmetic that guarantees sufficient performance also

on low-power mobile devices. Apart from their effectiveness, another important fea-

ture of both methods is that they can be installed on certain existing camera-equipped

devices.

Vision based motion estimation using a sparse set of features of course has its lim-

itations. First, we assume that there is no significant change in the appearance of the

objects between image frames. Secondly, the well-known aperture problem can be

present due to the limited feature block size in matching. Finally, the search window

used in matching has also a limited size, which is a trade-off between the maximum

speed of object movement allowed in an image and the computational effort needed.

Despite such limitations, we can say that our solutions provide a viable alternative for

interacting with hand-held mobile devices.
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5 Motion analysis in applications

The previous three chapters dealt with computer vision methods to estimate head, de-

vice, and object motion. This chapter describes new possibilities that these methods

provide: input to mobile user interfaces and applications. Overall, the applications pre-

sented show that mobile user interfaces benefit from the enriched interaction modalities

that computer vision offers. All the applications are explained in the following Sec-

tions 5.1 - 5.3. These solutions are presented here very briefly and many details can be

found in the original publications. In Section 5.4, some practical matters are discussed.

Finally, Section 5.5 briefly discusses the contents of this chapter.

5.1 Controlling spatially aware user interfaces

Navigating large information spaces can be disorienting even on a large screen. In mo-

bile devices with a small screen, the user often encounters situations where the content

that is needed for display exceeds what can be shown on the screen. For example, large

digital images are becoming commonplace due to the increasing availability of high

resolution imaging and map navigation applications.

A viable alternative to improve interaction capabilities is spatially aware displays

(Fitzmaurice 1993). The solution is to provide a window on a larger virtual workspace

where the user can access more information by moving the device around. Impressed by

this approach, Yee (2003) presented a peephole display technique to control, for exam-

ple, the 3-D image viewer and the 3-D calendar applications on a hand-held computer

using several additional position sensors. Recent work on small sized devices such as

mobile phones has focused on employing motion data measured using accelerometers

(Hinckley et al. 2000) or cameras, as described in Chapter 4, for this same purpose.

In this thesis, two possible camera based user interaction approaches for mobile de-

vices are considered. Section 5.1.1 introduces a technique which uses the ego-motion

estimation of the device. The relative motion information acquired can be used directly

or after integration as absolute positional input for controlling the spatially aware dis-

play.

However, when integrating motion data, errors typically accumulate over time. In

some cases, rough motion estimates are not enough and more accurate data is required.

63



A method presented in Section 5.1.2 determines the position and orientation (pose) of

the device with respect to the user’s face and utilises this information for browsing the

virtual workspace of the mobile terminal in its display.

5.1.1 Device motion as an input device

With motion input, the user can operate the phone through a series of hand movements

whilst holding the device. During these movements the motion is extracted from the

image sequence captured by the camera. As an application example, the solution has

been implemented on Nokia N-series mobile phones, allowing the user to browse large

image documents on small screens as shown in Fig. 7. In this solution, the camera is

pointing towards the user’s face, which guarantees that there are always good features

available in the view.

Zooming in
command

Scrolling command

Fig 7. Motion based user interface estimates the motion of the device relative to

the user or the scene enabling browsing and zooming functionalities.

In the solution, originally presented in Paper III, only a small part of the high resolution

image is visible at a time and the measured motion information is used as input. For

instance, the lateral movement upwards scrolls the focus towards the upper part of the

display, and back and forth motion is interpreted as zooming in and out. The rotation

component is utilized to change the orientation of the display. In practise, the user can

also tilt the device in order to navigate over the display, which is a more natural and
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convenient way of controlling the device. Compared to the use of HW accelerometers

alone (Eslambolchilar & Murray-Smith 2004), a camera based approach allows a more

convenient way of controlling zooming effects and adapts better to cases where the user

is moving, such as walking, since the global motion is essentially estimated from the

face location.

The device ego-motion estimation approach used in this application was already

introduced in Section 4.3. In Paper III, also effective software implementation is dis-

cussed. We have implemented our method using only fixed-point arithmetic due to the

lack of a floating-point unit in most current devices. The use of integer operations in

the inner loops guarantees high performance. The solution can also take advantage of

the hardware acceleration used with other video processing applications. Acceleration

hardware is designed to support the block-based and pixel-level processing tasks that

are not efficiently handled by the CPU architecture (Kuhn 1999). Typically such hard-

ware contains highly optimised motion estimation instructions on blocks from 16 by 16

to 4 by 4 pixels, which are also the usual sizes for the blocks in our method.

In the experiments in Paper III, the user made some typical controlling movements.

In these tests, there was no ground truth available, but the trajectories followed the

movements that the user made with reasonable accuracy. A frame rate of 10 fps was

achieved on a Nokia 3650 smart phone. Later, frame rates of 15 fps and 30 fps were

achieved using the Nokia N95 mobile phone using the front and the back camera, re-

spectively.

5.1.2 Device pose as an input device

Faces and other facial features are important information sources for hand-held com-

munication devices. The camera directed towards the user as in the model shown in

Fig. 7 is usually intended for video call purposes. Therefore, the field of view of the

camera is optimized for the user’s facial regions. This provides advantages for various

HCI solutions.

The detection of the user’s face enables another novel interface technique where

the absolute pose of the camera with respect to the user’s face is determined. This

information can be used for browsing the virtual workspace of the mobile terminal in

its display. The pose is measured continuously, which means that the user interface is

spatially aware of the user all the time.

Papers I and II present real-time face tracking methods to control user interfaces in
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resource limited devices such as mobile phones. In Paper I, the head tracking system

developed was applied to cursor control on a computer display. Experiments show that

the method is capable of detecting gaze position on the display in real-time when the

user makes dedicated head movements in order to control the computer.

Paper II evaluates the feasibility of the proposed method for controlling the spatially

aware user interface with a camera-equipped mobile phone the Nokia N95. In order to

test the repeatability of the method, a rectangle was first drawn by hand on a white

board. Then, we asked a subject to track the outline of the rectangle with the device

in his hand, like a pointer. The user repeated the experiment 10 times. The trajectory

for the movement was obtained by solving the camera position from the estimated 3-

D pose of the face. Fig. 8 (a) shows the obtained 3-D trajectories of the device as a

projection in the x−y plane and Fig. 8 (b) illustrates the same result in 3-D coordinates.

The trajectories are uniformly scaled and aligned with each other. As shown in the

figure, the repeatability achieved for the method is reasonably good and it can enable

the position based control of user interfaces.
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Fig 8. Trajectories for the repeability test: (a) trajectory in the x-y plane (b) trajec-

tory in 3-D coordinates. Revised from [II]. c© 2008 Springer.

5.2 Recognising device movements

Input devices are sometimes difficult to operate on mobile systems, as there is no space

for a full keyboard and mouse. Many hand-held devices use a stylus to write characters

on a touch screen. This can be sometimes cumbersome, as the device and the stylus

are both moving, making accurate positioning difficult. On the other hand, there has
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been little use of physical gestures as an input modality for mobile devices. In the com-

mercial domain, the Samsung SCH-S310 smart phone uses motion sensors to measure

device motion and then interprets recognised movements as commands to the interface.

Also, Harrison et al. (1998) showed that simple gestures can be used in a range of dif-

ferent situations. Such gestures are advantageous because users do not need to look at

a display to make them.

This section presents three vision based approaches for the control of mobile devices

based on motion gestures and using existing camera technology. These approaches have

originally been introduced in Papers VI, VII, and VIII. In all cases, motion trajectories

are obtained first and these sequences are then recognised. In the first and second appli-

cation, described shortly in Sections 5.2.1 and 5.2.2, the sequences of motion features

are produced by estimating the ego-motion of the device held in the user’s hand. In

the third application, presented briefly in Section 5.2.3, trajectories are produced by

tracking the motion of the user’s finger in front of the mobile phone camera.

5.2.1 Handwriting recognition

The first application, originally presented in Paper VI, allows the user to write characters

through a series of hand movements whilst holding the device. During these movements

the device’s camera is used to record the ego-motion of the camera with the method

introduced in Section 4.3. The DCT is utilised for computing discriminative features

from the motion trajectories and then, the k-NN rule is applied for classification. In

order to show the practicality of our method, a real-time implementation was developed

for a mobile phone.

The new interaction technique presented here makes writing easy and fast because

only single isolated strokes are considered. The character models are similar to the

GraffitiTM like alphabet used in the PalmTM devices. Single stroke characters also

simplify the recognition task and make it more reliable than using ordinary characters.

Moreover, the set of movements allowed can be extended to more general signs and

commands used as a control input for the device. A possible shortcoming is that users

have to learn a special way of writing characters or moving the device (MacKenzie &

Soukoreff 2002).

In the experiments described in Paper VI, the recognition system was evaluated on

a Nokia 7610 mobile phone. A total of 10 subject were asked to write 10 digits and 26

letters twice. First, the performance was tested using random selection. Then, the same
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test was performed using the training set containing one sample from each test subject.

In both cases recognition rates ranging from 92 % to 98 % were achieved. Despite

the good results achieved, the experiments indicate that the recognition rate can still be

improved through user specific adaptation.

5.2.2 Sign recognition

Another device motion recognition application, originally introduced in Paper VII, is

the recognition of a series of unique motion commands. Again, the sequence of mo-

tion features is produced by estimating the ego-motion of the camera, as presented in

the previous section. These sequences of motion features are classified using HMMs

(Rabiner 1989). The classification results are filtered using a likelihood ratio and the

velocity entropy of the sequence to reject possible incorrect sequences. Our hypothe-

sis here is that ambiguous and random sequences are characterised by a higher entropy

value for their histogram than the valid trajectories.

In order to evaluate the technique described here, a hypothetical control system of

mobile phone functions was devised. In this system, a series of control commands are

composed of seven simple elements based on seven different motions. More complex

commands are then constructed from these basic elements. In practice, these commands

can correspond to, for example, delete in voice mail, refresh or home in a web browser,

shuffle in MP3 player etc.

Paper VII presents experiments where the data was collected from 35 subjects. All

subjects were asked to draw each command using a Nokia N90 camera equipped mobile

phone. During drawing the user pressed the button for each command and there was

no need for segmenting commands from captured trajectories. The result of running

the system on the 570 test sequences show that finally only 5 sequences are incorrectly

classified. This result confirms the good performance of the method, and justifies the

use of entropy in the rejection of ambiguous sequences.

5.2.3 Finger gesture recognition

In addition to the recognition of device movements, another intuitive way to interact can

be achieved by moving a finger or some other object like a pen in front of the camera

and then recognising the observed gestures as discussed in Paper VIII. In this case, the

motion is recorded using the tracking method introduced in Section 4.4. The motion
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trajectories are again recognised using HMMs. However, due to diversity in how people

make the gestures it may be difficult to create general models for each class that will

perform well for many different users. In order to improve the model performance we

propose using unsupervised Maximum a posteriori (MAP) adaptation (Gauvain & Lee

1994) to tailor the general models for a specific user. Paper VIII demonstrates how

this approach can significantly improve the performance in the task of finger gesture

recognition.

Also in this system, a series of simple control commands are proposed. The eight

possible commands are shown in Fig. 9. These commands are formed by the user

drawing the sign in the air with an extended index finger in front of the mobile phone

camera. So there are two challenges to overcome, first the tracking of the finger and

secondly the classification of the motion sequences produced by tracking.

S1 S2 S3 S4

S5 S6 S8S7

Fig 9. The eight signs chosen to represent mobile phone commands. In the ex-

periments each user was asked to draw the sign in the air in front of the mobile

phone camera.

In Paper VIII, the experimental data was collected from 10 subjects using a Nokia N73

mobile phone. During drawing, the user pressed the button and therefore there was

no need to segment saved trajectories afterwards. We first ran the baseline test using

a training set of four subjects, a validation set of two subjects, and a test set of four

different subjects. This produced a sequence recognition rate of 82 %. It was observed

that errors show a distinct pattern of confusion between certain signs. This was due to

the variability between different subjects when making the signs. Therefore, we tailored

the model to an individual user using unsupervised MAP adaptation. In this experiment,

a recognition rate of almost 94 % was achieved. It shows that by applying user specific

adaptation we can significantly improve the results.

69



5.3 Interactive system for document image mosaicing

A document image mosaic builder is essentially a camera based scanner. Instead of

using devices such as flatbed scanners, the users can capture high quality images with

their mobile phones. Mobile cameras enable portable and non-contact image capture of

any kind of documents. Although they cannot replace flatbed scanners, they are more

suitable for several scanning tasks in less constrained situations.

Paper IV presents an application where the system interactively guides the user to

move the device over a newspaper page, for example, in a manner that enables a high

quality image to be assembled from individual video frames. During online scanning,

motion determined from low-resolution image sequences is used to control the interac-

tion process. As a result, good high-resolution images of the document page can be

captured for stitching. Images with coarse alignment information are used to construct

a mosaic automatically using a feature based alignment method.

In the first stage, partial images of the document are captured with the help of user in-

teraction. The basic idea is to apply the camera motion estimation technique, presented

in Section 4.3, to the mobile phone to assist the user in the image scanning process. The

user starts the scanning by taking an initial image of some part of the document. Then,

the user is asked to move the device to the next location. The scanning direction is not

restricted. One possible way is to use a zig-zag style scanning path shown in Fig. 10

a. The camera motion is estimated during movement and the user is informed when

a suitable overlap, for example 25 %, between images is achieved. When the device

motion is small enough, a new image is taken. The movement should then be stopped

because otherwise the images became blurred.
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(a) (b)

Fig 10. An example is illustrated for building a large document page image. (a)

An interactive user interface helps to acquire good quality initial images. One

possible scan style is zig-zag scanning. (b) A final mosaic obtained. Revised from

[IX]. c© 2007 IEEE.

After online image capturing, the partial images of the document page can be stitched

together. The automatic mosaicing is based on a RANSAC robust estimator (Fischler

& Bolles 1981) with a SIFT feature point detector (Lowe 2004). Also, graph based

global alignment and bundle adjustment steps are performed in order to minimize image

registration errors and to further improve quality. Finally, warped images are blended

to the mosaic using simple Gaussian weighting.

In experiments, described in Paper IX, the accuracy of the motion estimates used

for computing cumulative displacements was measured using annotated data with good

results. The requirement here is that the error in the estimate should not become too

high, so that sufficient overlap between stored images can be guaranteed. In addition,

the document mosaicing system was tested on real image sequences captured using a

Nokia 6670 mobile phone. Fig. 10 b) illustrates the mosaic (1397 by 1099 pixels)

constructed for an A4 document page from eight low resolution images.
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5.4 Practical considerations

The development of the demonstration applications has contributed to the identification

of features that on mobile platforms would help in implementing vision based user

interfaces. We have also discovered latency and computing bottlenecks that can be

removed via software and hardware developments.

5.4.1 Usability

As mentioned in Section 1.1, the usability of a user interface critically rests on its la-

tency. This is most obvious with computer games in which many perceive joystick

action-to-display delays exceeding about 100-150 milliseconds disturbing (Dabrowski

& Munson 2001), but this applies even to key press-to-sound or display. Sometimes it

is even argued that a maximum latency of 45 ms between event occurence and system

response is experienced as no delay (Sheridan & Ferrell 1963). According to Kölsch

(2004), a latency of 300 ms is the threshold when interaction starts to feel sluggish. If

we employ a camera as a user interface component, its integration time will add to the

latency, as well as the image analysis. If we sample the scene at 15 fps rate, our base

latency is 67 ms. Assuming that the integration time is 33 ms, the information in the

pixels read from the camera is on average 17 ms old. Consequently, attaining comput-

ing and display latencies that limit the total latency to below 100-150 ms represents a

challenge.

The typical frame rates of current mobile devices are 15 and 30 fps. At the lower

frame, rate less time is available, while on the other hand, the camera operated at a

higher rate demands more power. An obstacle to camera based user interfaces is the

turn-on time that is not only dependent on the power-up delay of the camera, but is

mostly caused by software. The current multimedia frameworks intended for use on

mobile platforms have substantial latencies when the resources are reconfigured for the

applications.

In addition to real-time concerns, one important issue is low-light illumination con-

ditions, where the image can be too noisy to perform any image processing. In user

interfaces, special attention needs to be paid to designing a proper lighting system. One

possibility is perhaps to use special infrared LEDs for illuminating the user’s face. En-

ergy consumption is, of course, the main limitation of such designs. Therefore, if cam-
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eras become standard user interface components in mobile devices, energy efficiency

requires that the bulk of computing is carried out using hardware acceleration.

5.4.2 Platform support for the new techniques

In this section, we list features that on mobile platforms would help in implementing

computationally intensive vision algorithms. First, it should be possible to use two

cameras at the same time or quickly alternate between cameras as image sources. The

motivation for this capability is a practical one: sunlight, lamps, or reflections may

saturate one of the cameras, so the trivial automatic adaptation method is to switch to

another image source, although that may be a more power consuming high resolution

device. However, the current mobile devices have single camera interfaces, and alternat-

ing between cameras requires reconfiguration that may take hundreds of milliseconds.

Second, a stand-by mode for the cameras should exist, perhaps initiated by the

handling of the device recognized by built-in accelerometers, to reduce the start-up

latency of the vision based user interfaces. In the stand-by mode, the camera could

capture images, say, at the rate of a frame per second, adjusting to the ambient illumina-

tion. The miniature VGA camera modules used in mobile devices require about 1-1.5

mW/frame/s, a cost that needs to be weighted against the benefits gained. The cold start

power-up latencies of the camera hardware modules alone are around 100 ms. At least

two images are needed to determine the first motion estimates even if no gain correction

is needed to bring the image information into the useful dynamic region. These plain

hardware dependent delays amount to 150-200ms in total, but would be only 50-100

ms from stand-by.

Third, the data formats of the camera and graphical processing units (GPUs) should

be compatible for a number of image processing functions, such as interpolations and

warps. In that case, it is desirable to use the GPU as a hardware accelerator. The

OpenGL ES application programming interface (API) is highly efficient, but the nec-

essary format changes result in needless copying of data, and consequently reduced

energy efficiency, increased computational burden, and latency.

Finally, motion estimation and face detection are potential platform level services to

be offered via multimedia APIs. They play key roles in the demonstrated applications,

and are most likely to be employed in many other applications as well. Implementing

them in camera modules, which contain their own processor, would reduce the power
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hungry data transfers over the system interconnects, and this can also result in lower

latency.

5.5 Discussion

We were among the first to bring computer vision based motion estimation for con-

trolling the user interfaces of mobile phones. Unlike other solutions, which used only

lateral motion, our solution was the first to utilise also scaling and rotation. Moreover,

the estimation was performed without any artificial markers. Afterwards many other

similar systems have been presented in the literature. During testing it was noticed that

tilting is a more natural way to control a phone than lateral movements. It was also

observed that low lighting conditions were difficult for our vision based solution. Possi-

ble improvements to this situation were already discussed in Section 5.4. Recently, we

extended the motion based control to spatially aware displays, which have been used in

desktop computers (Fitzmaurice 1993) earlier. According to our knowledge, this was

the first attempt to implement such an interface to mobile phones. Also, other similar

solutions typically use other sensors than a camera.

We were also among the first to present vision based motion recognition interfaces

for mobile phones. Other similar work represented about the same time was introduced

by Wang et al. (2006). Earlier, these kinds of solutions have been experimented on using

different sensors such as an accelerometer. In this thesis, we have introduced three

different systems: motion based handwriting recognition, device motion recognition,

and finger gesture recognition.

For motion based handwriting recognition, we introduced a new idea of using DCT

to extract discriminative features for recognition. This solution is closely related to

Fourier descriptors (Trier et al. 1996) but instead of using complex numbers we can

compute features using real numbers. Another benefit is that we can also classify shapes

that are not closed curves. To our knowledge, DCT has not previously been used for

handwritten character recognition.

To recognise device and finger movements, we employed a standard sequence recog-

nition solution using HMMs. From a novelty point of view, we use the velocity entropy

of the sequence to filter classification results and to control the unsupervised MAP adap-

tation in on-line learning. Using entropy as an indicator of badly formed sequences we

are able to filter out the majority of such sequences from the final result. In adaptation,

we also demonstrated the improved performance of the system when using entropy.
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During experiments, we observed that it was sometimes difficult for users to work

with new vision based interfaces. Especially in finger tracking some subjects said that

it is difficult to move their finger in an empty space without feeling the strength of

their movement. Therefore, special attention should be paid to consideration of an

appropriate set of possible commands. The limitation common to both finger tracking

and device pose estimation was the narrow field of view of the front camera. This

camera is designed for video telephony to display the user’s face. However, for our

purposes this property limited the magnitude of possible movements.

We were the first to introduce an interactive document panorama builder on mobile

phones. Other similar ideas have been presented for different platforms earlier. Nakao

et al. (1998) presented a method where a camera was attached to the mouse. Zappala

et al. (1999) used an over-the-desk camera to take images of a document that is moved

on the desk. Recently, Liang et al. (2006) proposed a method for camera captured

document images. The main contribution of our system is the use of a motion estima-

tion framework to interactively guide the user to capture images of the document to be

scanned.

5.6 Summary

This chapter presented the use of computer vision techniques developed in new mo-

bile interaction solutions. In the cases described, the cameras of mobile devices are

employed as motion sensors in user interfaces. Object or device motion information

extracted from the image sequence helps in implementing new interaction systems, and

provides a self-intuitive means of interacting with a small screen and minimal keypad.

The proposed solutions, head tracking, object motion analysis, and extraction of

device ego-motion from sequential video frames, clearly have potential to become a

practical means for interacting with mobile devices, and they can augment the informa-

tion provided by accelerometers and touch screens in a complementary manner. For

example, face or head detection and tracking from images is an exceptionally powerful

user interface component, as the user is almost invariably looking at the device.

Although, the speed and accuracy of the algorithms are mature enough for real ap-

plications, some problems in mobile use still remain. Energy efficiency is a significant

challenge in exploiting camera based user interface concepts, but in our judgement a

solvable one. Camera sub-systems on mobile device platforms are a rather recent add-

on, and designed simply for capturing still and video frames. At the same time the
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energy efficiency features of the platform architectures, computing resources, and dis-

plays have been optimized for video playback. From the demonstrated applications

point of view, lower camera start-up latencies would improve the usability, but require

careful balancing with energy efficiency demands. In addition, low lighting conditions

need some further research. The use of IR illumination is one solution to be considered

in the future.
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6 Discussion

In 2003, when this work was started there were only few studies related to vision based

HCI on hand-held mobile devices. Today, the situation is totally different. There is

increasing interest among researchers in mobile user interfaces. During the past five

years, we have seen the multimedia capabilities of mobile phones advance enormously.

Mobile phones with high-resolution digital cameras are now inexpensive, widely avail-

able, and very popular. The rapid evolution of image sensors and computing hardware

on mobile phones has made it convenient to apply computer vision methods to create

new user interface techniques and concepts for future HCI.

This thesis attempts to respond to the challenge of bringing these solutions closer

to real user applications. It proposed new methods of using a camera as a sensor for

controlling user interfaces of mobile phones. In fact, we were among the first to ex-

plore this new field of research when this work was started. From the novelty point of

view, in this thesis several new vision based interaction solutions were proposed. In

Chapters 2 and 3, two solutions suitable for mobile HCI were presented using facial

feature tracking and head pose estimation, and their efficiency was demonstrated in the

user interface control. Although a number of other solutions have been proposed in

the literature, only a few of them have addressed this problem on mobile phones (for

example Venkataramani et al. (2005), Hansen et al. (2006)) so far. The contributions

presented in Chapter 4 were the computationally efficient motion estimation framework

and the multiple motion tracking approach. Our framework has been mentioned as one

of the state-of-the-art methods in motion estimation on mobile phones (Capin et al.

2008). Moreover, the framework was recently added to the Nokia computer vision

library (NokiaCV), which provides many image processing algorithms for mobile ap-

plication developers. The multiple motion tracking method was developed for the finger

tracking application, but it can also be used for other purposes. In Chapter 5, the meth-

ods developed have been applied in novel user interface solutions. Although similar

concepts have been presented earlier in the literature, the contributions of our work was

to bring these solutions to mobile devices.

One can always ask how useful the developed solutions are in practise when con-

trolling the user interface of the mobile phone. The vision based interaction techniques

presented are unlikely to completely replace traditional interaction devices. Keyboards
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and mice are probably going to be the preferred user input devices for many user inter-

faces and applications. The limitations of computer vision must be kept in mind when

looking at possible applications. While the methods presented were applied success-

fully in our laboratory experiments, there are some situations that cannot be handled by

vision algorithms, as discussed in previous chapters.

In this thesis, we have focused on computer vision based interaction. However, the

addition of other modalities is certainly going to be beneficial for many aspects of us-

ability and flexibility. Combining information from different sensors such as accelerom-

eters and touch screens can enable more powerful and innovative interaction techniques.

To be fair, accelerometers can be even more relevant technology for sensing hand-held

device motion in certain cases. On the other hand, computer vision can provide advan-

tages if positional information is needed instead of velocity or acceleration. We believe

that together with cameras, the use of other sensors can further improve and enrich the

user experience and performance in many tasks.

From the hardware viewpoint, it is clear that the CPU’s clock frequency and the

amount of memory will not limit the applicability of computer vision based interfaces

on mobile phones in the future. Processing performance is certain to increase thanks to

the rapid evolution of mobile technology. For example, the first phone, the Nokia 3650,

that we used for our experiments in 2003 included a 104 MHz CPU, 3.4 MB shared

memory, and 0.3 Megapixel camera. Whereas the Nokia N95 used in 2008 contained

a 332 MHz CPU, 64 MB RAM, and 5 Megapixel camera. This device included also

a graphics hardware accelerator (GPU), an accelerometer and a low-resolution front

camera. These new computing resources and sensors in a mobile phone open up new

possibilities for developing user applications. For instance, computer vision algorithms

can be mapped to work on a GPU, which releases computing resources for other pur-

poses. In Chapter 5 we also discussed other features that on mobile platforms would

help in implementing vision based user interfaces. Hopefully, the items on the wish list

created come true in the future.

In this thesis, we demonstrated the use of a camera as an alternative user interface

input device in some applications. We believe that many more vision based applications

will follow. The user interface in mobile phones is a segment where new innovations

are needed at every level. It is just matter of time before the built-in cameras of mobile

phones are also widely used as interaction devices.
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7 Conclusions

Control of hand-held mobile devices can be sometimes difficult, given the small size of

the equipment. In the systems, traditional input devices, such as keyboards, or screen

based interfaces operated with a mouse, are not generally practical. With these con-

straints, the giving of controlling commands to the device is sometimes cumbersome.

Considering the prevalence of mobile devices equipped with cameras and high process-

ing capabilities, computer vision based techniques are an attractive option to improve

and enrich interaction with hand-held devices.

The main contribution of this thesis is the development of computer vision ap-

proaches to allow efficient interaction with mobile devices. The proposed techniques in-

clude facial feature based head tracking, object motion analysis, and device ego-motion

estimation. The key ideas of new approaches presented mainly rest on the utilisation

of the hand-held nature of the equipment. The real-time applicability of the methods

was enhanced via fast software implementations. Experiments with synthetic and real

image sequences clearly indicate that the methods presented can be applied for user

interface purposes on platforms with limited computational resources.

The usage potential of the methods developed is demonstrated in three new mobile

interface solutions. One of them estimates the ego-motion of the device with respect to

the user’s face, and utilises that information for browsing large documents or bitmaps

on small displays. The second solution is to use device or finger motion to recognize

simple gestures. In addition to these applications, a novel interactive system to build

document panorama images is introduced. The demonstrations presented are by no

means the only ways to apply vision to mobile user interfaces, and one may find new

interesting possibilities in further research.

While the methods presented in this thesis have been successfully used in vari-

ous experiments, more research is still needed to implement vision based solutions

for consumer-grade products. Although the speed and accuracy of the algorithms are

mature enough for real applications, the robustness in mobile use under low light con-

ditions is still a problem. One solution to solve this issue might be the use of IR illumi-

nation. In addition, one must consider energy efficiency, and therefore some platform

support is needed to use a camera as a sensor for the user interface. Furthermore, sen-

sors such as accelerometers are steadily making their way into mobile devices. Such
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sensors might be used to enhance image motion estimation in order to improve the

robustness and to reduce computational power needed by computer vision algorithms.

We conclude that the computer vision based motion estimation and recognition tech-

niques presented in this thesis have clear potential to become practical means for inter-

acting with mobile devices. They can possibly also augment the information provided

by other sensors, such as accelerometers and touch screens, in a complementary manner.

In fact, the cameras in future mobile devices may, for most of time, be used as sensors

for self intuitive user interfaces rather than using them for digital photography.
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