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Abstract

This thesis presents a detailed study and improvement to local descriptor processes for

registering images for the purpose of three-dimensional reconstruction, using four M̄aori

artefacts as case studies. The motivation for the research came from the issues which still

exist in image registration when dealing with large magnitudes of image transformations.

Four major pieces of work were carried out in the course of this research. First, an

evaluation was carried out to study the performance of localdescriptor processes and based

on the results, the local descriptor process was divided into three stages, of which two

were closely analysed. Second, the local descriptor formation stage was studied, and two

methods, colour and hybrid local descriptor methods, were developed using colour images

instead of greyscale images to improve the uniqueness of local descriptors. Third, the local

descriptor matching stage was studied, and a new method based on support vector machines

was developed. Fourth, an assisted image registration programme was developed and is a

semi-automatic approach for registering images.

Extensive amount of experiments were carried out to validate these work. It was found

that the colour and hybrid local descriptor methods had gains in matching accuracy of

up to 10% over existing methods, and the support vector machine maching method had

increased matching performance of up to 20%. When the two methods were combined, it

was found that performance gains of up to 25% could be achieved. For the assisted image

registration programme, up to 50% improvement was achieved, and the advantage was more

significant as the magnitude of image transformation increased, highlighting the need for

such programme.

These results show that the proposed work in this research are significant contributions to

literature. In addition, these results show that the proposed methods can be used successfully

for registering images for three-dimensional reconstruction, where the image transformation

between images are often large. As there is currently a need to reconstruct M̄aori artefacts,

this research has provided a new approach for registering images of these artefacts, which

could then be used to construct three-dimensional models ofthe artefacts.
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Chapter 1

Introduction

This chapter provides an insight into the field of image registration in computer vision, focusing on the

registration of images in preparation for 3D reconstruction. The motivation behind the research is discussed

leading to the definition of a list of objectives. The contributions of the research based on these objectives are

also presented. The structure of the thesis is outlined, as well as an overview of the topics covered in this thesis.

Image registration is the process of aligning two or more images automatically by first

identifying a set of corresponding features or regions between the images and then using this

set of correspondences to compute the transformation matrix. Image registration has been

used in various computer and machine vision applications over the years, and while methods

have been developed for different applications, because ofthe vast number of research fields

image registration can be applied to, it is almost impossible to develop a generic method that

is optimised for the requirements of all the different applications.

One particular issue of concern is the registration of images when large magnitudes

of image transformations exist [9]. An example is when only 16 images were used for

constructing 3D models of objects [3]. This means that the methods would need to handle

image transformations of approximately 22.5◦. This research aimed to improve on existing

image registration methods for dealing with this issue, as this is encountered in a variety of

fields. Examples include medical applications [10, 11] and the construction of panoramic

images from multiple images [12]. This research addressed the registration of images for the

purpose of three-dimensional (3D) reconstruction. In order to reduce the number of images

required for reconstruction, which is often desirable, themagnitude of image transformations

involved is potentially large. Four M̄aori artefacts were used as case studies to validate

the performance of the developed methods and algorithms. These methods focused on

improving the robustness of image matches by two means, firstby increasing the uniqueness

of the local descriptors, and secondly by better using the data available from these local

descriptors for matching. Because of the focus of development of the methods, they are not
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limited to images of M̄aori artefacts, and can be applied to objects in other applications.

This chapter is structured as follows. First the motivationbehind the research, as well

as the current approach for the application concerned are presented in Section 1.1. The

requirements of the application, based on the existing approach for the task, are outlined in

Section 1.2. The objectives, scope and contributions are presented in Section 1.3 and lastly,

this chapter is concluded with the outline of this thesis in Section 1.4.

1.1 Motivation and Case Study

A comprehensive review of image registration methods carried out during the course of

this research showed that despite numerous improvements proposed by various researchers

over the years, the task of registering images using image registration methods is still

unsatisfactory. One of the areas which drew attention to this research was the registration

of images when large magnitudes of image transformations exist. In many applications,

there is often a need to register images with large viewpointchanges. One example is

in medical applications, where multiple x-ray images of a patient might be required and

these images may need to be joined together. In such circumstances, it is often desirable to

reduce the number of images taken to minimise the amount of radiation the patient is exposed

to [10, 11]. Another example is when panoramic images need tobe constructed from multiple

images. In such instances, the fewer images required, the easier it is for the end-user to take

the necessary images [12]. In the case of 3D reconstruction,the goal is to construct 3D

models of objects, therefore images encompassing the objects are required. Many published

articles on 3D reconstruction have focused on using a minimal number of images to construct

3D models of objects. One example is the evaluation study in [3], where as few as 16

images have been used to successfully construct 3D models. In these conditions, the image

transformation between each image is approximately 22.5◦ and this magnitude of image

transformation is considered large for many methods [13]. While specialised equipment can

be used for recording the necessary location and orientation information of the camera for

each image taken for 3D reconstruction, this is not practical in many real-life applications

and as such, further study was pursued to enhance image registration techniques for dealing

with this issue.

Four Māori artefacts were used as case studies in this research to verify the performance

of the methods, algorithms and tools developed. In recent years, various research institutes

and museums worldwide have begun work in reconstructing artefacts and historical sites,

with the aim of digitally preserving these valuable objects. Some examples include the

Monticello [14], the Cuneiform tablet [15], the plastico di Roma antica [16] and the David

statue [17]. M̄aori artefacts were used as case studies as these artefacts have a similar cultural

importance to those digitised in existing studies. The Māori people are the indigenous
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Polynesian people of New Zealand, arriving and settling in New Zealand some seven

centuries ago. Over the years, a distinct culture has been developed due to the geographic

isolation of the country. Due to this distinctiveness, there is a high cultural significance of

the artefacts produced by the M̄aori people. The need to digitally reconstruct these artefacts

in 3D has recently arisen [18], as there are many advantages in having 3D models of the

artefacts, including digital archiving, analysing the geometrical structure of the artefacts

without risking damaging the physical artefacts, and online display to showcase the artefacts.

3D models of the artefacts are also a better way of storing information compared to two-

dimensional (2D) photographs, as 3D models contain significantly more information than

2D images and can be used for restoration of the artefacts in the future or for producing

replicas.

Currently, the most commonly used methods for the reconstruction of objects from

museums around the world involve different varieties of laser scanners, due to their ability

to achieve a high resolution in the reconstruction of objects [18]. Laser scanners work on

the principal of time of flight, and rely on the reflection of the laser beam. Thus, the surface

of the object that needs to be reconstructed can be a limitingfactor in determining whether

or not the method can be used. In the case of the Māori artefacts, many artefacts possess

reflective surfaces, a typical example of this being carvings made of pounamu or greenstone.

In addition, laser scanners are also very time-consuming, labour-intensive and intrusive. This

is not desirable due to fear of damaging high-valued artefacts.

Recently, a group of engineers from the University of Auckland have been working

with the Auckland War Memorial Museum [19] on the Engineering Projects In Community

Service (EPICS) project [18, 20, 21], focusing on the 3D reconstruction of artefacts by using

laser scanners. While positive results and models have been obtained in the recent past,

the drawbacks with the use of laser scanners discussed abovemeant that the selection of

objects which can be reconstructed using laser scanners have been limited. Recent advances

in 3D reconstruction using a computer vision approach have shown positive results [3],

therefore further analysis into the feasibility of a computer vision approach to the problem

was pursued.

1.2 Requirements of Application

As with all real-life applications, there are constraints and requirements that needed to be

considered for the computer vision approach to image registration and 3D reconstruction.

Māori artefacts are no exception. These artefacts need special care due to their historical

values, as well as the fragility of many of the artefacts due to their age. Based on the

issues encountered by the EPICS team, and taking into accountpractical limitations, the

following requirements for the 3D reconstruction of these objects were defined [18, 20, 21]:
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(a) robustness; (b) non-intrusive; and (c) not labour-intensive. The quality of the 3D model

constructed is also an important factor. However, this research focused on the registering

of the images in preparation for 3D reconstruction and not onthe reconstruction itself, it

therefore did not affect the design of the methods discussedin this thesis.

1.2.1 Robustness

To accurately reconstruct 3D models of objects using computer vision methods, a set

of accurately aligned images is required to provide the intrinsic and extrinsic parameters

required for 3D reconstruction methods. Image registration methods can be used to register

the images and provide the transformation matrices of imagepairs. These matrices can then

be used to align the images in preparation for the 3D reconstruction stage. To accurately align

these images, the method needs to be sufficiently robust against various condition changes

such as image transformation and illumination changes. This requirement was considered

the main focus of this thesis, and methods to deal with various image transformation and

illumination condition changes needed to be studied and improved or developed.

1.2.2 Non-Intrusive

In many 3D reconstruction applications, holding the objects concerned by hand is not

desirable. This is particularly true for the objects used ascase studies due to the historical

value of the artefacts concerned. In previous studies [18, 20, 21], this constraint meant that

the objects that can be reconstructed using laser scanners were limited, and a non-intrusive

approach would not only reduce the risk of damaging the objects, but also opens a new door

to objects which are previously unavailable for 3D reconstruction.

1.2.3 Not Labour-Intensive

The use of laser scanners meant that the scanning process is labourious and time-consuming

in both the scanning and post-processing stages. By reducingthe time required for scanning

and processing each artefact, it becomes possible to increase the efficiency and hence

increase the number of artefacts that can be reconstructed in the same time frame. This is

currently limited due to the amount of time and effort required in completing the digitisation

and construction of the 3D model of each artefact using laserscanners. This requirement,

along with the requirement on non-intrusiveness, were considered to be secondary since

for a computer vision approach to 3D reconstruction using image registration algorithms,

photographs are used as the data source. By its nature, this isrelatively non-intrusive and not

labour-intensive compared to laser scanners.
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1.3 Scope of Research and Contributions

Based on the constraints of laser scanners in Section 1.1 and the requirements of the

application concerned in Section 1.2, the aim was to developnew methods to provide a better

solution to the problem faced. These methods needed to be robust against various imaging

conditions and at the same time non-intrusive and not labour-intensive. The issues of non-

intrusive and non labour-intensive posed by the case studies can be overcome with the use of

digital cameras instead of laser scanners. As digital cameras can be considered an everyday

item in current society, the use of this type of equipments for taking images of objects can be

achieved in a non-intrusive and non labour-intensive manner. It then became clear that the

focus of the research needed to be placed on the requirement of robustness of image matches.

Based on this requirement and an in-depth study of existing image registration methods in

literature, the following objectives were defined:

• Compare the performance of existing local descriptor methods.

• Develop new methods for two different stages of the local descriptor process: local

descriptor formation and local descriptor matching.

• Analyse alternative approaches to a pure computer vision method to handle images

where large magnitudes of image transformations exist.

• Implement and verify the performance of the proposed methods.

Based on these objectives, the main areas that have been studied and improved

throughout the course of this research include: (a) two new local descriptor formation

methods based on colour images instead of greyscale images;(b) a new local descriptor

matching method based on Support Vector Machines (SVM); and(c) an assisted image

registration programme which integrates local descriptorprocesses with the guidance of

end-users. In addition, experiments were carried out to verify performance of the proposed

methods. These were developed and implemented in MATrix LABoratory (MATLAB)

for its ability to quickly and efficiently develop prototypeprogrammes compared to third-

generation programming languages like C++. Results from these experiments show that

the two new local descriptor formation methods, as well as the SVM matching method are

improvements over existing methods, with improvements of approximately 10% and 20%,

respectively. To the best of the author’s knowledge, these methods have not been presented

in the literature. The contributions for each of the objectives listed are discussed below.

1.3.1 Performance Evaluation of Local Descriptor Methods

To understand the performance of recent local descriptor methods, an evaluation study was

carried out. The study compared these methods under different image transformations,
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including: (a) rotation; (b) scale; (c) tilt; and (d) viewpoint changes. This study allowed for a

better understanding of the suitability of these methods and was a crucial step in improving

the performance of local descriptor methods.

1.3.2 Colour and Hybrid Local Descriptor Methods

Two new local descriptor formation methods were developed and are referred to as colour

local descriptor and hybrid local descriptor methods. These are improvements over existing

methods by using colour models instead of greyscale images.Colour images contain much

more information than their greyscale counterparts and, using colour models computed from

colour images, these methods can produce local descriptorsthat are more unique. This results

in local descriptors which are more invariant, in another words, they remain unchanged,

against various image transformation and illumination condition changes. Two feature-

reduction methods were also developed to address the issue of an increased computation

time which arose with the use of colour images.

1.3.3 Local Descriptor Matching with Support Vector Machines

Out of the three different stages of local descriptor processes, local descriptor matching

was the least developed stage. Existing methods discard valuable information from the

difference vectors of local descriptor pairs and by doing so, the matching accuracy of local

descriptors are often undesirable when similar local descriptors from different regions of

an image exist. The developed SVM-based method is a new approach for matching local

descriptors that does not discard this valuable information and instead, the information is

used in assisting the matching process. By using all the available information, the robustness

of matches can be improved significantly. The computation time was a minor drawback of

the developed method, and to further improve the practicality of the technique, two feature-

reduction methods were experimented with to reduce the computation time required.

1.3.4 Assisted Image Registration

An user-assisted image registration programme was developed, which is a semi-automatic

instead of an automatic approach to the registration of images. By using the advantages of

the human eye, it is possible to accurately register images even when large magnitudes of

image transformations exist in a simple and yet effective and efficient manner.

1.3.5 Māori artefacts

Even though the artefacts were not the centre of attention inthis research, there were two

advantages in using these as case studies. First, the artefacts posed additional challenges in
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addition to dealing with large magnitudes of image transformations, namely: (a) repetitive

regions; and (b) combination of both feature-rich regions and those that lack distinct

features. These additional challenges were useful as it meant that more robust methods

were required to deal with these images, thus making them even more suitable to a wide

variety of applications. Secondly, by introducing a new approach for registering images of

Māori artefacts, these images can be used for the 3D reconstruction of the artefacts in future

research. This is a contribution towards preserving information of valuable artefacts.

1.4 Outline of Thesis

The remaining chapters of this thesis introduce the methodsdeveloped in the course of this

research, as well as the experimental work conducted to verify the performance of these

methods. Chapter 2 presents an overview of published research in related fields. First, a

review of various image registration techniques, in particular, a detailed discussion on recent

work in local descriptor processes is presented. A review of3D reconstruction methods

is also presented, as well as results from a recent evaluation study that demonstrated the

capabilities of 3D reconstruction using computer vision. Following the literature review,

a discussion on the relationship of image registration and 3D reconstruction, and how the

information provided by image registration can be used for 3D reconstruction is presented.

Lastly, research projects on reconstructing artefacts from museums around the world relevant

to this thesis which are related to the application concerned are presented.

An evaluation study which studied the performance of various local descriptor processes

is presented in Chapter 3. This chapter includes a discussionon the experimental design

used for all the experimental work conducted, the image pre-processing steps used to ensure

fair and consistent controlled experiments were carried out, and a detailed discussion on

the results from the evaluation study. Based on the results from this evaluation study,

issues in different stages of the local descriptor process are addressed. The direction for

the development of new methods is finally discussed.

In Chapter 4, first a detailed discussion on the limitations ofexisting local descriptor

formation methods, and the shortfalls of using greyscale images compared to colour images

are presented. Two methods for computing local descriptorsbased on colour images were

developed and experimental work conducted show that these methods are superior and more

robust compared to existing methods. To address the issue ofan increase in computation time

due to the use of colour images, two feature-reduction methods were developed and applied.

The results show that it is possible to reduce the computation time, while maintaining gains

in matching accuracy over existing methods.

Chapter 5 discusses the current methods for matching local descriptors and based on

close analysis of these methods, a new approach that matcheslocal descriptors using SVM
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is presented. The performance of the SVM-based local descriptor matching method was

verified through a set of experiments. Two feature-reduction methods were introduced to deal

with the increased computation time, while retaining the performance through the reduction

in dimensionality of the difference vectors of local descriptor pairs used for matching. The

versatility and robustness of the method was tested by usingthree different machine learning

algorithms in place of SVM, and integrating the new matchingmethod with different types

of local descriptor formation methods.

In Chapter 6, the two sets of methods discussed in the two previous chapters are

combined, and a complete local descriptor process is presented. Experiments were conducted

and the results show that the combined approach can registerin a more robust manner

compared to existing methods. In addition to combining these two sets of methods, Chapter 6

also presents an assisted image registration approach which allows end-users to interact with

the image registration process, and demonstrates how a minimal amount of user input greatly

improves the robustness of image matches.

Chapter 7 presents the concluding marks of the thesis. This isfollowed by a summary of

the important contributions made in this research, and the reasons that these contributions are

significant. A list of future work is finally discussed, whichpresents potential improvements

to the work presented in this thesis.
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Literature Review

This chapter presents a comprehensive literature review inthe relevant fields of image registration and 3D

reconstruction. As the focus of the research was on image registration, in particular local descriptor processes,

much attention was given to this field. 3D reconstruction algorithms were reviewed and a recent evaluation

study is discussed to show that these algorithms can be used to construct 3D models of the objects used as

case studies. Lastly, the relationship between image registration and 3D reconstruction was investigated and

discussed.

In order to design and develop image registration methods suitable for the application

concerned for this research, it was important to first understand the various methods available

and what makes these types of approaches suitable or unsuitable. The main aim of this

research was to develop methods for registering images whenlarge magnitudes of image

transformations exist [13], for example when only 16 imageswere used for constructing

3D models of objects [3]. This means that the algorithms would need to handle image

transformations of approximately 22.5◦. The main focus of the research was on providing the

necessary information for 3D reconstruction algorithms using image registration techniques

instead of specialised equipment. In addition to reviewingimage registration methods in

computer vision, 3D reconstruction methods were also reviewed.

There are three primary objectives of this chapter, and the chapter is structured according

to these objectives. Firstly, to present a review of image registration methods with the main

focus on local descriptor processes which formed the basis for the work presented in this

thesis. The literature review on image registration algorithms is presented in Section 2.1

and local descriptor processes in Section 2.2. Secondly, a review of 3D reconstruction

methods and their performance is presented in Section 2.3. Lastly, Section 2.4 presents

the relationship between image registration and 3D reconstruction algorithms and how the

information from image registration can be used for 3D reconstruction. In addition to these

three objectives, an overview of the work carried out by various universities and research
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Figure 2.1: Overview of the image registration process.

institutes around the world which share similar goals to theEPICS team are presented in

Section 2.5. The chapter is concluded in Section 2.6.

2.1 Review of Image Registration Methods

As it has been indicated in [9], there are a vast number of papers published in this field and it

is therefore impractical to provide a comprehensive reviewon all the techniques developed

over the years. This section aims to first provide an overviewof the different types of image

registration methods, before focusing on the group of imageregistration methods which form

the basis of methods developed in this thesis.

Figure 2.1 shows the processes involved in registering a pair of images, and an example

is shown in Figure 2.2. First, a set of features in different forms is detected for each image,

resulting in two sets of features for the image pair. These sets of features are then matched

in order to identify a set of corresponding features betweenthe two images. Given this

set of corresponding features, the transformation matrix,in the case of this research the

homography matrix which will be defined in Section 2.4 is computed.

Many researchers in image registration have placed their focus on different aspects of

image registration, with the majority being around detecting or creating a set of useful

features that are easily detectable across all the images, are unique and can be easily

distinguished and represented to facilitate the matching of these features. The term ‘features’

may refer to points, lines or regions in images and differenttypes of methods developed based

on the different features utilised for the particular approach or application. An important

aspect in determining and utilising the right type of algorithm for image registration is the

type of features in an image.

In this research, images of M̄aori artefacts were used as case studies and these images

needed to be registered for the purpose of 3D reconstruction. One of the difficulties with

these types of images is that they often contain both feature-rich regions and regions that

lack distinct features. In addition, there are also regionsthat have repetitive or very similar

features and these needed to be considered when determininga suitable approach for the task.

Examples of these difficulties will be discussed in Section 3.1, where the M̄aori artefacts used

in this thesis are discussed.

Image registration methods can be categorised as either area-based or feature-based
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Figure 2.2: Example of the image registration process: (a) aset of features is detected for
each image; (b) the features are matched automatically; and(c) the matched features are
used to compute the homography matrix, which is then used to transform one of the images
to match it onto the other image.

(a) (b) (c)

Figure 2.3: Example of the difference between area-based and feature-based image
registration methods: (a) image where a region or feature iscomputed; (b) area-based
method, which uses a region of the image; and (c) feature-based method, which computes a
feature around the region.
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methods depending on the type of feature used for registering images [22, 23], as shown

in Figure 2.3. Area-based methods utilise regions from images directly in identifying

correspondences, as shown in Figure 2.3b. For feature-based methods, a set of features are

identified from the images, and the features are often simplified or represented using other

means before the matching process takes place [9]. An example is shown in Figure 2.3c.

An example that distinguishes between area-based methods and feature-based methods

utilising region features is that area-based methods utilise a region from an image directly

for matching. In contrast, feature-based methods describethe region and reduce the amount

of information carried by the region, for example the centroid and momentum of a region

might be utilised instead of the region itself for matching.

2.1.1 Area-Based Methods

Area-based methods have traditionally been popular methods for their simplicity and ability

to deal with any kind of images. The regions used for area-based methods range from regions

detected using region detectors, a window of a pre-defined size or even the entire image.

Therefore they are most suitable for images that lack distinct features, thus making it difficult

for feature detectors to extract features.

A classic area-based approach is to utilise methods like cross-correlation, which directly

compares the intensity values of two regions from an image pair. As these methods do not

take into account factors such as intensity changes or different sensor types, they are prone

to noise and can fail when surrounding conditions change. Another downside to the use

of cross-correlation methods is that due to the computationof the cross-correlation value

for different regions being computationally expensive, cross-correlation methods are often

slow [24].

One remedy to such a problem with normalised cross-correlation to utilise Fourier

transforms. Fourier methods have traditionally been used for area-based registration

methods, however, because of the similarity between area-based methods and region

features, they have also been used extensively in feature-based methods [9]. The Fourier

transform transforms images from the spatial domain to the frequency domain, and the

properties of the images in the spatial domain such as translation, rotation, reflection,

distributivity and scale all have their counterparts in thefrequency domain [25]. The

images are usually transformed to the frequency domain either via hardware or use of the

fast Fourier transform algorithm. The original image registration method in the frequency

domain is based on the Fourier shift theorem [26] and was onlyproposed for translations.

This method is robust against correlated and frequency dependent noise, as well as time-

varying illumination disturbances, as the matching is performed in the frequency domain,

making it simple to filter out the effect of these noises. Thiswas enhanced in [27] to handle
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rotation by analysing the phase correlation. When the image involves translation, rotation or

scaling, [28] proposed a combination of the Fourier-Mellintransform and the cepstrum filter

to handle these changes. The work was originally proposed toprocess medical images, in

particular intraoral radiographs, and showed excellent results [29].

When using Fourier methods, one important factor is that noise in images is usually

represented by high frequency signals in the frequency domain. As a result, low-pass filters

are often used to deal with images in the frequency domain. This approach fails if the object

in the image appears as high frequency signals when transformed to the frequency domain,

as the object itself would be filtered out. Also because images are matched in the frequency

domain, this kind of approach fails when there is frequency dependent noise in the images.

To further enhance the speed of normalised cross-correlation in the Frequency domain,

Hii et al. [30] proposed a significantly faster method for calculatingthe normalised cross-

correlation by using rectangular approximations in place of randomly placed landmarks.

These approximations serve as an optimal set of basis functions that are automatically

detected, and experiments from their work on Digital Image-based Elasto-Tomography show

that the method is 37-150 times faster than the Fast Fourier transform-based normalised

cross-correlation.

A relatively new type of area-based methods are the mutual information methods which

originated from information theory and are a measure of statistical dependency between

two data sets. The aim is to maximise the mutual information between two images and are

typically used in multimodal applications, or the registration of images taken from different

imaging sensors, such as a charge coupled device sensor and MRT images [31]. Over

time, different methods have been developed to effectivelymaximise the mutual information

methods, including the Marquardt-Levenberg method [32], the hierarchical search strategy

together with simulated annealing [33], and the multiresolution hill climbing algorithm [34].

Mutual information has been primarily used in medical imaging due to the need to register

multimodal images, for example in [35] where MRI, CT and positron emission tomography

images of human brains were registered. MR images of the breast have been registered

in [36] and muscle fibre images were registered in [37, 38].

The biggest downside to area-based methods lies in the fundamental approach of the

methods. As many area-based methods compare the intensity of the pixels directly, the

reference and sensed images must have similar intensities,either identical or near-identical

in the case of cross-correlation methods or be statistically dependent in the case of mutual

information methods. In terms of image transformations, because this type of methods

compare pixels directly, only translation and small amounts of distortion such as rotation

and tilt changes can be easily accommodated for. While it is theoretically possible to deal

with distortion and scale changes, it is impractical to resample the images repeatedly for the

different combinations of distortion of images due to viewpoint and scale changes and hence
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the computation time is too high. On the other hand, this disadvantage does not render area-

based methods useless in real-life applications, as they possess one important advantage over

feature-based methods, which is the ability to deal with images where feature-rich regions

do not exist.

2.1.2 Feature-Based Methods

Unlike area-based methods, feature-based methods first extract a set of features from

the images and these features, instead of the areas or regions, are used for identifying

correspondences. Features used in image registration can be divided into three groups:

points, lines and regions. The discussion on both the features and the matching of these

features in this section is categorised accordingly.

Features

Points are the simplest primitives and have been used widelyin image registration since they

are easily identifiable by humans. However, while these features are intuitive for humans,

points are difficult to define mathematically. Traditionally points have been defined as line

intersections [39], centroid of a closed-boundary region [40], or local maxima/minima of the

wavelet transform [41, 42].

One of the earliest point detection algorithms was developed by Moravec [43], who

defined a corner to be a point with low self similarity. Each pixel in the image is tested

by considering how similar a patch is to the nearby patch, with the pixel being the centre

of one patch. The similarity is calculated by the sum of squared differences of the two

patches. A large sum of squared differences means that the patch and its neighbour is

sufficiently different to be an edge [43]. One issue with the Moravec corner detector is

that this algorithm is non-isotropic, that is, if an edge is not along the direction of the

neighbouring patch, then the algorithm will consider it to be a line instead of a point. To

overcome this problem, Harris and Stevens [44] considered the differential of the corner

with respective to the direction, instead of using patches.The corner score is computed

by taking the second derivative of the sum of squared differences between the two patches

which is called the Harris matrix. A corner is present if botheigenvalues of the Harris matrix

are large. Other popular corner detectors include the Kanade-Tomasi corner detector [45],

the smallest univalue segment assymilating nucleus detector [46], and the features from

accelerated segment test detector [47].

Line features in image registration are not restricted to edges and can represent any

elongated structure, such as roads [48], coastal lines [49,50], or anatomical features in

medical applications [51]. Intuitively, edges and lines can be easily distinguished by human

eyes, since it often involves a change in the intensity of pixels. However the problem lies
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in how to define the threshold for the difference in intensity, which is application specific

and often non-trivial. Amongst the many edge detectors developed over the last 20 or so

years, the Canny detector [52] is the most commonly used detector today. Even though a

large number of papers have been published on edge detectors, none have shown substantial

advantages over the Canny detector [53, 54, 55]. The Canny detector first convolves the

image with a Gaussian mask to reduce the noise level, four different masks are then used

to detect vertical, horizontal and diagonal edges. This produces an intensity gradient for

each pixel which also includes the direction of the edge because of the four masks used. The

intensity gradients are then used to find the lines. The high intensity gradients are more likely

to be edges that can be traced through by utilising the intensity gradients and their directions.

Region features are usually closed-boundary regions with orwithout high contrast

between the inner and outer regions. One characteristic often used for representing a region is

its centroid, since it is invariant to many forms of transformation including rotation, skewing

and scaling [9]. Different examples of regions include lakes [56, 57, 58], buildings [59]

and shadows [60]. Region feature extraction is usually a combination of edge detection and

segmentation [61]. One of the most common region detector isbased on the Laplacian of

Gaussian (LoG). The LoG first convolves an image by a Gaussiankernel to give a scale-space

representation of the image, the Laplacian operator is thencomputed, resulting in strong

positive responses for dark regions and strong negative responses for bright regions [62].

Feature matching

Given the vast number of feature-based methods that have been developed over the years,

a comprehensive review of these methods is not only impractical, but also overwhelming.

Instead, the focus is placed on a representative few. These are discussed which aim to

cover a wide variety of methods targeting different types offeatures available for feature-

based methods. The first group of methods is the clustering technique which estimates

the transformation parameters by a voting process. Initially, six accumulating vectors are

defined which are used to estimate the transformation parameters. These accumulating

vectors are initially zero, and by testing each combinationof three point pairs between

the images for correspondence, the transformation parameters can be defined, and their

corresponding entries in the accumulating vectors are incremented by one. After the

different combinations have been tested, the entries with the highest counts are used as the

transformation parameters. This technique was first proposed in [39] which was originally

used for matching image features to maps or models. Local errors in the images do not

influence the global consistency of the registration process. Although the registration method

was originally proposed to deal only with rigid transformations, it has been extended to deal

with other forms of simple transformations [25].

A drawback of the original clustering registration method is the time complexity of the
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algorithm which isO(n4) [57]. To deal with this issue, [57] suggested the use of a selection

of points instead of all the feature points on the images. A subset of points are selected on

the convex hulls of the images, with the assumption that there are common feature points

on the convex hulls. In [58] it was proposed that the centre ofgravity of region features are

used as control points, and correspondences are searched between the control points. The

matching is iteratively refined and the registration parameters are determined by the least

squares method to achieve sub-pixel accuracy. Instead of the centre of gravity of region

features, the images were divided into triangular regions in [63], which were formed by

triangulating the control points. A linear mapping function was determined by registering

the pairs of corresponding triangular regions.

The clustering technique has been implemented and improvedin a number of studies.

One notable area where the clustering registration technique has been applied is in biological

and medical applications with multimodal images [64, 65]. [66] proposed a generalised

framework for multimodal image registration based on the clustering of the feature space.

The technique registers images by plotting all corresponding pairs on an x-y point which

corresponds to the intensities of the points from the two images. [67] looked at

the registration of biological images, such as histological sections, autoradiographs and

cryosections. Given a pair of images, the dense similarity field is first computed with a block

matching algorithm, hierarchical clustering method is then used to automatically partition

the field into different categories, where the independent corresponding pairs are obtained.

The transformation parameters can be estimated by using theEarth mover’s distance [68]

and a modified least squares method.

Clustering methods are generally less sensitive to uncorrected local variations as the

spatial relationships between the control points of the images are used, and the methods

consider all possible matches based only on supporting evidence. However, an important

note is that the search space is usually large for clusteringmethods and to overcome

this issue,a priori knowledge of the camera placement is usually required to reduce the

computation time [25]. To overcome this issue, the performance of the clustering methods

was improved in [69] by reducing the dimension of the parameters from four, including

scaling, rotation and two translations to just scaling and rotation. This eliminates the noise

effects of the translation components, making the algorithm more robust and more efficient.

A method was also proposed in [70] to improve the performanceof the clustering technique

which is a coarse-to-fine approach based on [58]. The technique first estimates the scaling

and rotation parameters between the images, the translation is then determined based on

these information. The result is refined iteratively by matching the convex hull vertices. This

approach also allows for image registration between imagesof different resolutions.

A method designed to deal with line features is the chamfer matching algorithm first

presented in [71]. Chamfer matching was used to find the model of a coastline in segmented

16



Chapter 2 Literature Review

aerial images. This approach works by first binarising an object in an image and the image

itself, then using the sum of distances between the corresponding object and image points

as the match-rating. The algorithm iteratively shifts the object and at each position, the

sum of distances between the closest points is computed. Theshift with the smallest sum of

distances is used to find the true transformation of the images. Chamfer matching can be used

when the local differences of objects are small but the global differences between images

are large. An issue with the chamfering matching method is that sometimes the solution

would converge incorrectly to a local minima, depending on the initial starting position of

the algorithm. To overcome this, one approach is to use an exhaustive global search which

has a high computation time due to the large search space [72], however does not guarantee

the correct convergence. An improvement to this problem waspresented in [73] by using a

better, more generalised distance measure, as well as implementing a coarse-to-fine approach

which significantly reduces the computational load. A recent study compared the shape

context method with chamfer matching and it was demonstrated that chamfer matching is

more robust in clutter compared to the shape context method,however is prone to local

minimas even when using a global search [74].

Two groups of methods based on region features are the momentinvariants and relaxation

methods. The moment invariants method is a statistical measure of the characteristics of

regions that may or may not specify a location in the image. This method was introduced

in [75] and it was shown that the method is independent of translation, rotation and scaling

changes. It was initially developed as a versatile way of describing and recognising patterns

but have since evolved into a method for matching images. In essence, image moments are

weighted averages or moments of the pixel intensities. Someproperties of an object such as

the area, total intensity, centroid and orientation can be identified using moment invariants.

To match two images using moment invariants, the similaritybetween the values of the

moments in the images are maximised. One of the problems of moment invariants is the

computation time of the algorithm. This was especially problematic when the algorithm was

first introduced as the computation power was significantly weaker compared to computers

today. To overcome this problem, it was proposed in [57, 76] to use lower order moments for

the matching process. Many variants of the moment invariantmethod have been proposed

for different applications. Interesting algorithms whichhave been developed over the years

include a way of dealing with blurred images [77] and 3D images [78].

The relaxation method has been around for a long time in mathematics, however it was

only introduced into computer vision some 20 years ago [79].This group of methods

determines the point matching and transformation of imagessimultaneously, which is

different from the majority of the other approaches, where the matching between images

is determined before the transformation parameters are computed. The algorithm assigns,

for each feature from the sensed image, a label and a feature from the reference image with
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Figure 2.4: Overview of the three stages of the local descriptor process.

the same label. Each possible match of a feature defines a rating according to how closely

other pairs would match under this transformation. The algorithm then iteratively adjusts the

weight of each pair of points based on their ratings, with those matches whose locations are

close to the actual location having a higher rating, thus having a bigger influence on the final

match.

Relaxation methods are capable of handling global and local variations, however they can

only handle translations. In order to deal with rotation andscaling, a uniformly distributed

direction and size needs to be defined. This increases the computational complexity toO(n4)

and is normally not suitable for real-time applications. The performance was improved

in [40] to O(n3) by taking advantage of the properties of the features as wellas the relative

displacements and the use of two-way matching. This work wasdemonstrated using Landsat

images in [40]. It was also suggested in [40] that in order to improve the performance when

rotation or scaling is involved,a priori information of the scene should be used.

In contrast to area-based methods, features, instead of theintensity of the pixels in

images are used for identifying correspondences in feature-based methods, therefore image

intensities do not significantly affect feature-based methods. It is, however, still the best

to normalise the images prior to registration. Because feature-based methods describe the

images in terms of features and these feature representations are often small and efficient, it

is possible to deal with distortion in images due to viewpoint or scale changes. On the other

hand, because feature-based methods need to first identify aset of regions before features

can be identified and used for matching, it is crucial that feature-rich regions exist in the

images.

2.2 Review of Local Descriptor Processes

In addition to the methods discussed in the previous section, a subset of feature-based

methods, local descriptor processes, are reviewed. Unlikemany other feature-based methods

which use the features extracted from the images directly toidentify correspondences, local

descriptor processes first extract a set of interest regions, local descriptors are then computed

for each of these regions and these local descriptors are used for matching. This is a

relatively new group of methods and the main advantage of these methods is that they

have more distinguishing power compared to other traditional feature-based methods, as

18



Chapter 2 Literature Review

(a) (b)

Figure 2.5: Example of a local descriptor: (a) a region is detected using a region detector,
and is divided into a number of sub-regions; and (b) for each sub-region, descriptors are
computed. The number of sub-regions and descriptors in eachsub-region are dependent on
the type of local descriptor method used.

the local descriptors formed for the interest regions are generally more unique, depending on

the method used for computing the local descriptors. A recent study of various feature-

based methods showed that local descriptor processes can register images of the M̄aori

artefacts used as case studies with limited success [80]. Feature-based methods were of

interest, as for 3D reconstruction it is desirable to have a wide coverage of the object and

as it will be shown in Section 2.3.2. Current state-of-the-art 3D reconstruction algorithms

can successfully reconstruct objects with few images, meaning that the change in viewpoint

involved can potentially be large in order to reduce the effort required to take images for 3D

reconstruction. Area-based methods cannot easily deal with large transformations [9], and

due to the need to register images with varying degrees of image transformations, they were

not suitable for the requirements of the application concerned.

Local descriptor processes can be divided into three stagesas shown in Figure 2.4, and

an example is presented in Figure 2.5: (a) region detection;(b) local descriptor formation;

and (c) local descriptor matching. The last stage, local descriptor matching is not discussed

as very little work has been carried out. It should be noted that throughout this thesis, the

term ‘local descriptor process’ refers to the complete approach that consists of detecting a

set of interest regions, computing local descriptors for each interest region and matching

these local descriptors, whereas ‘local descriptor method’ refers to the computation of local

descriptors given a set of interest regions. The two terms are defined explicitly as the

three components of local descriptor processes were studied individually in order to perform

controlled experiments to verify the performance of the developed methods.

2.2.1 Region Detectors

Region detectors aim to identify a set of regions in images andare designed to be

invariant under a variety of image transformations such as rotation, scale, translation and
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viewpoint changes. It is vital that a set of robust regions isdetected, as each image may

undergo different transformations and the algorithm must be sufficiently robust in order to

accommodate for these changes. Since the quality of the regions determine the quality of the

local descriptors formed, and this ultimately affects the robustness of the registration process,

a vast amount of work has been put into perfecting the region detectors, improving both the

computation speed and robustness. In particular, because translation changes do not affect

the local descriptors formed, and changes in rotation are handled when the local descriptors

are computed, the important area which determines the usefulness of a detector lies in its

ability to detect a set of region which exists in different scales and viewpoints, and many of

the region detectors utilise a method known as the scale-space theory [81, 82, 83].

One of the first region detectors introduced was the LoG. One problem with LoG is that

it is inefficient due to the Laplacian operator, and to overcome this issue, the Difference

of Gaussian (DoG) was introduced in [62] which is based on theLoG, however instead

of using the Laplacian operator, the difference of the successive Gaussian-blurred images

is computed. This variation is more efficient than the Laplacian approach, since the DoG

can be computed by simple image subtraction instead of the Laplacian. Based on the DoG

approximation, Bayet al. pushed the approximation of the LoG even further by using box

filters [84]. Their work is based on the Determinant of Hessian (DoH) matrix and aimed

at improving the efficiency of region detectors. Various measures have also been used to

increase the computation efficiency, including keeping theweights applied to the filters

simple and with the use of box filters, eliminate the need to iteratively apply the same filter to

the output of a previously filtered layer, instead the filtersare applied directly to the original

image.

In addition to the LoG-based methods, four region detectorsbased on the Hessian and

Harris detectors were proposed in [85, 86]. The Harris-Laplace detector is based on the

Harris detector [44], and the regions are extracted by first searching for a set of interest

regions in an affine Gaussian scale-space based on the LoG operator [83]. The interest

points are initialised using the multi-scale Harris detector, which is followed by an iterative

procedure that modifies the position, scale and shape of the region. The Harris-affine

detector is similar to the Harris-Laplace detector, however instead of using the LoG operator,

the Harris-affine detector is based on the second moment matrix and local extrema of the

normalised derivatives. The Hessian-Laplace and Hessian-affine detectors are similar to the

Harris-Laplace and Harris-Affine detectors, respectively. Instead of using the Harris detector,

the Hessian corner detector is used for both these methods. The Hessian-Laplace is claimed

to be more stable than the DoG operator proposed in [62], since the DoG detects edges and

corners which are often unstable in the presence of large image transformations.

Methods that take different approaches to the LoG-based or Harris detectors are also

present. The maximally stable extremal region detector [87] selects a set of extremal regions
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which is a set of regions where all the pixels inside the regions have either higher or lower

intensity than all the pixels on its outer boundary. The ‘stable’ regions are selected in

the threshold selection process of the algorithm, which identifies those regions that are

unlikely to change under various types of transforms. The regions are selected by identifying

monotonic changes in the intensity of the pixels. Since thismonotonicity is preserved when

images undergo affine transformation, a matching extremal region will exist in the reference

image, assuming the region is visible in both images.

The use of the probability density function of the intensityvalues of pixels to detect a

set of salient regions was proposed in [88]. This region detector involves a two-step process.

First, for each pixel, the entropy of the probability density function is computed over the

parameters of ellipses, namely the scale, orientation and the ratio of the major to minor axes.

The entropy extrema and the corresponding ellipse parameters are then recorded. After all

the salient regions have been computed, they are ranked according to the magnitude of the

probability density functions with respective to the scaleand a threshold is defined depending

on the number of regions required.

The edge-based region detector [89] is one of the earlier region detectors, which aimed

at detecting affine invariant regions for image registration. This approach is based on

the robustness of edge features [25], which are partially invariant to changes in image

transformations and illumination conditions. The advantage of using edge features is the

reduced amount of data that needs to be processed. The edge-based region detector starts off

from a point detected using the Harris detector, and a close by edge using the Canny edge

detector under different scales. From the corner detected,two points are moved away from

the corner along the edge, and the relative speed of these twopoints are computed. These

two points, along with the detected corner, form a parallelogram, and the points move away

until the area of the parallelogram reaches a defined value. The parallelogram’s centre of

gravity of the region, intensity and the location of the point opposite of the original corner

detected are used as the parameters describing the invariant region which can be described

as a one-dimensional (1D) region as a function of the two vectors, defined by the original

corner and the two points which moved away from the corner along the edge.

A similar method to the edge-based region detector later proposed in [90] is the intensity

extrema-based region detector. This approach represents regions radially and replaces

irregularly-shaped regions with ellipses. The method starts by detecting local intensity

extremums at different scales and the intensity functions along rays emanated from each

extremum are studied. For each local extremum, each ray is analysed by a function, which

considers the intensity value at all points along the ray, and the point at which this function

reaches an extremum is considered to be invariant under affine transformations. The points

along all the rays of the local extremum which correspond to maxima of the function above

are linked together to form an affine invariant region. This region is then replaced with an
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ellipse having the same second order shape moments as the original, irregular-shaped region.

In the evaluation study by Mikolajczyket al. [91], the Harris-Laplace detector and

maximally stable extremal region detector had high scores under different scenarios in

both the repeatability and accuracy of the algorithms. The maximally stable extremal

region detector has been used successfully in [92], where license plates, faces and fibres

in paper were tracked. The salient region detector was applied in object retrieval [93],

video tracking [94] and detection of sea-surface targets [95], and the edge-based region and

intensity extrema-based region detectors were used in image retrieval from large databases

and servoing [89] and wide baseline image matching [96].

2.2.2 Local Descriptor Formation

After a set of regions is detected using a region detector, local descriptors are computed for

each region using one of the following local descriptor formation methods. The uniqueness

of a local descriptor determines how well a region can be distinguished from other regions

which do not come from the same part of the object in 3D space. Many local descriptor

methods have been proposed over the years in an attempt to produce local descriptors which

best describe a region using the smallest amount of data possible. While it may seem that

local descriptors containing a large amount of informationwill out-perform those of smaller

dimensionality, it is a trade-off between the dimensionality of the local descriptors and the

computation time in both forming and matching the local descriptors. It has been shown in

many cases that the advantages gained in over-increasing the local descriptor dimension is

not worth the extra computation time involved [97, 13, 84].

The Scale-Invariant Feature Transform (SIFT) proposed by Lowe [62] is one of the

earliest and most well-known local descriptor method, which consists of three steps. (a) Low

contrast regions at edges are eliminated using the Taylor expansion of the DoG scale-space

function and the Hessian matrix, respectively; (b) orientations are assigned using a Gaussian-

smoothed image; and (c) the local descriptors are formed which are 3D histograms of the

gradient location and orientation, where the location is quantised into a 4×4 location grid

and the gradient quantised into eight orientations. This results in 4×4×8= 128-dimension

(128D) local descriptors and the contribution of each pixelin the histogram is weighted by

the gradient magnitude and a Gaussian with respective to thescale of the region.

Based on the SIFT local descriptor method, various extensions have been proposed,

one of such is the Principal Component Analysis-SIFT (PCA-SIFT) [97] which samples

at 39× 39× 2 locations. PCA is applied in order to reduce the dimensionality of the

local descriptors for it to be usable in real-life applications. Another extension to SIFT is

the Gradient Location Orientation Histogram (GLOH) [13] method which was designed

to increase the robustness and distinctiveness of local descriptors. Instead of Cartesian
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coordinates, polar coordinates are used and PCA is applied toreduce the dimensionality

of the local descriptors down from 272 produced in 17 bins. The Colour SIFT (CSIFT) [98]

is yet another extension to SIFT, where instead of greyscaleimages, colour images are used.

To achieve colour invariance, the Kubelka-Munk colour model [99] is used and SIFT local

descriptors are then computed from this colour model. It wasshown to be more robust

against colour and photometrical variations compared to SIFT.

The Speeded-Up Robust Features (SURF) local descriptor method [84] has advantages

over existing techniques, in particular, it focuses on improving the repeatability, distincti-

veness and robustness and at the same time, decrease the computation time required. The

method is based on 2D Haar wavelet responses [100] and makes use of integral images

efficiently. Experimental work has shown that the SURF local descriptor method has shown

significant advantages in terms of both performance and computation time when compared

with the SIFT local descriptor method [84, 80]. Local Energy-Based Shape Histogram

(LESH) [101] is a recently proposed local descriptor method, which is built on a local energy

model of feature perception. It encodes the underlying shape by accumulating local energy of

the underlying signal along several filter orientations. Several local histograms from different

parts of the image are generated and concatenated together into a compact spatial histogram.

The LESH local descriptor method was originally developed for face recognition across

different poses, however can also be applied in applications such as image retrieval, object

detection and pose estimation.

Other types of local descriptors, which are not directly related or derived from the SIFT

local descriptor method, have also been developed over the years. Shape context [102] has a

similar approach to SIFT. It is based on edges extracted using the canny edge detector instead

of image gradients. Shape context is a histogram of edge point locations and orientations

containing 36D by using a log-polar grid. Shape context has been shown to give good results

in the comparison carried out in [91], however since it is based on edges of images, when

dealing with textured scenes or images where edges are not easily detected, the performance

is reduced. The intensity-domain spin image approach proposed in [103] is based on spin

images [104]. This approach computes a histogram of pixel distances from the centre

point and intensities which are invariant under a number of transformations. The proposed

approach utilises ten bins for distance and ten bins for intensity value, resulting in 100D

local descriptors. Complex filters [105] rely on the use of a rotational invariant filter, based

on the Gaussian filter. This generates a set of invariant local descriptors normalised to have a

radius of one and samples in a grid of size 41×41. Rotation of the image changes the phase

of the local descriptors, but the magnitude remains constant. The largest coefficients of the

responses are used to orient all the descriptors to eliminate the effect of rotation of images.

Another local descriptor method was developed in [106]. Themethod is based on moments

and the moments of the images are computed for derivatives ofan image patch as a function
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of the order, degree and image gradients in the x and y directions. The moments describe

the shape and intensity of an image patch, which can be easilycompared in the case that

geometric transformations exist. Although it is possible to compute moments of any order, it

has been shown that high order moments are sensitive to smallchanges and distortions and

should therefore be avoided [13].

2.3 3D Reconstruction Methods

Research in 3D reconstruction has been carried out for many years and there are a large

number of methods developed. Given that the main focus of this research is on image

registration, it is impractical to provide a comprehensivereview in this area and instead,

a specific type of 3D reconstruction method is presented to provide an understanding of

the capabilities of 3D reconstruction methods. In addition, in order to understand the

performance of state-of-the-art 3D reconstruction algorithms, a comparison of recent 3D

reconstruction methods, along with their reconstruction accuracies using the same dataset is

presented [3].

3D reconstruction algorithms usually utilise one of three types of methods for repre-

senting the reconstructed 3D models [1]: (a) point clouds; (b) triangular meshes; and

(c) voxels. Point clouds is the simplest form of representing 3D models, where the models

consist of a set of points. These points can be used to either represent the surface of an

object only, or in the case of more complexed objects, the points can be used to represent

the solid components of objects. Point clouds can be desirable in certain applications, since

it is simple to fit the points to the data acquired, and the points can be simply defined by

their 3D coordinates. In the case that a colour representation is desired, the point clouds

are represented by their 3D coordinates and colour information. A downside to using point

clouds is that as the approximation error is proportional tothe square root of the inverse

of the number of points, a large number of points is often required in order to accurately

represent the object [107, 108].

Triangular meshes is the most common method utilised today for representing 3D

models. The method is capable of representing complex surfaces in an efficient manner.

The main advantage of triangular meshes over point clouds isthat meshes are flexible and

the storage size required depends heavily on the geometry ofthe surface of the object

represented. For a flat surface, only a few meshes are required for a large volume while

for complex features, the density of the meshes increases thus increasing the accuracy

in representing these surfaces, whereas point clouds requires the same number of points

regardless of the type of surface that needs to be represented. In addition, due to the

popularity of triangular meshes, many graphics hardware, for example video display cards,

have the capability of processing these meshes, reducing the computation time required by
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software.

Voxels, or volume pixels, are volume elements representingvalues on regular grids in

3D space. Voxels are frequently used in medical data, for example data from Computed

Tomography (CT), Magnetic Resonance Imaging (MRI) or ultrasonic scans. Voxels have

not been utilised nearly as much in other computer vision applications, mainly due to the

success of triangular meshes. However, their simplicity and ease of understanding, as well

as these methods’ ability to work directly in 3D space meant that occlusion can be easily

handled [109].

2.3.1 Voxel Colouring

Traditionally, many 3D reconstruction algorithms are based on stereovision, which rely on

computing disparity maps from stereo camera setup. One of the earliest work done in

this field was by Marr and Poggio [110] who introduced and developed the fundamental

theories of computing disparity maps based on triangulation. For the past 30 years numerous

algorithms and techniques have been developed in an attemptto perfect 3D reconstruction

process. The 3D reconstruction process can be roughly categorised into one of the following

four groups [1]: (a) computing a cost function on a 3D volume,and extracting a surface from

this volume; (b) iteratively evolve a surface to match the scene; (c) stereo-based methods to

compute disparity maps; and (d) extract feature points fromthe scene and fit a surface by

interpolating between the feature points. The methods presented in this section belong to the

second group. This group of algorithms work by iteratively evolving a surface to decrease

or minimise a cost function and the different types of approaches in this category include

voxel-based, level sets and surface meshes.

Visual Hull

The visual hull [111] is a method in the shape-from-silhouette class of 3D reconstruction.

It can be thought of as a 3D version of the 2D silhouette of an image, where only the

outline of the scene is reconstructed. Unlike conventional3D reconstruction methods, which

usually reconstruct the scene by using all the pixel information available, the visual hull

only uses the silhouette information of the images. Given a set of images of an object, each

image is first divided into foreground and background through means of segmentation and/or

thresholding. This produces a set of images, which containssilhouettes of the scene from

different viewpoints. The outlines of the silhouette of theimages are then projected into 3D

space, and the intersection of the projection of the images is the reconstructed 3D model of

the scene. Because this approach only uses information from the silhouette of the images, it

is extremely fast compared to other 3D reconstruction algorithms.

This approach however suffers from one major drawback when compared to other
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methods, that is it is not capable of dealing with scenes withconvex features. Because

the silhouette of images is used, there is no way of detectingthe presence of convexity in

an object, therefore regardless of the number of images used, the reconstructed model will

never contain convex parts itself. The quality of reconstruction is also more dependent on

the number of images compared to other methods, however apart from the need to take more

images of the object, this usually does not pose a great issue, as the technique is extremely

efficient and can easily deal with large number of images. Thevisual hull method is an

important part of many voxel colouring-based methods, as itis often utilised to provide an

initial bounding volume for many of the methods, since it cansignificantly reduce the initial

volume of the object and hence reduces computation time.

Voxel Colouring

Many traditional 3D reconstruction techniques utilise stereopsis [112, 113, 114, 2, 115]

which is how humans perceive objects in 3D. Instead of utilising stereopsis, Seitz and

Dyer [109] took a different approach to solve the 3D reconstruction problem. Their work

is similar in nature to that of [116] which, instead of the shape reconstruction problem that

many stereo-based techniques have tackled, the problem is treated as a colour reconstruction

problem. The voxel colouring algorithm starts with a volumeof opaque voxels, which

surrounds the target scene, typically a cuboid, however thevisual hull can also be used to

provide a bounding volume. The algorithm then traverses through the voxels one by one in

a consistent manner, checking for the colour or photo-consistency of each voxel. Each voxel

is then projected onto all the visible images. The colour value of the projected pixels are

compared. If the colour of the projected pixels are the same,the voxel is considered to be

colour consistent and remains in the volume. If on the other hand, the colour is inconsistent,

the voxel is carved away, in other words they are made transparent. The algorithm progresses

until all the voxels are photo-consistent.

Colour consistency, also referred to as photo-consistency,requires each voxel to project

the same colour onto the pixels of all images from which they are visible from. Therefore, the

photo-consistency check does not actually deal with the shape of the scene in the sense that

no shape information is used for reconstruction, as it solely relies on the colour information.

Under ideal conditions, for a photo-consistent voxel, the colours of the projected

pixels are exactly the same, however this is not the case in real-life scenes due to noise

or imperfections in the imaging sensors. To compensate for this error, different photo-

consistency measures have been developed to determine whether a given voxel is photo-

consistent or not. Some examples include the use of standarddeviation [109], adaptive

threshold [117], and histogram [118].

Similar to other 3D reconstruction algorithms, voxel colouring makes assumptions about

the scene in order to simplify the reconstruction process. First, the scene surface is assumed
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to be approximately Lambertian, all surfaces are opaque, there exists constant illumination

and the camera used is strongly calibrated. Lambertian surfaces mean that they have the same

reflectivity, and a strongly calibrated camera is one where both the intrinsic and extrinsic

parameters are known [119].

An additional constraint for the voxel colouring algorithmwhich is used to simplify

the visibility issue, is the ordinal visibility constraint. This constraint defines the way the

camera should be positioned in order to ensure the correctness of the algorithm. Two

examples of camera placements are described in [109]. The first is a set of inward-facing

overhead cameras traversing 360°around an object, and the second is an array of outward-

facing cameras placed in a very similar manner to the first example. This assumption is

however very restrictive and limits the type of object that can be reconstructed using the

voxel colouring algorithm.

To solve the problem of restricted camera placement defined by the ordinal visibility

constraint, Kutulakos and Seitz introduced the space carving algorithm [120]. Similar to the

voxel colouring algorithm, space carving scans through thevoxels one by one, checking for

their photo-consistency as the algorithm progresses. In order to allow for arbitrary camera

placement, the algorithm makes multiple scans of the volume, thus eliminating the constraint

that the camera has to be placed in an orderly fashion. The carving process in space carving

is conservative in that it never carves a voxel it should not remove, but it is likely that a voxel

which is photo-inconsistent will be left in the scene due to the way the visibility of voxels

are computed. When scanning through the voxels, a plane of voxels is checked at a time.

Only the images from the camera viewpoints which are in frontof this voxel plane are used

for photo-consistency checks. A downside to this is that it is possible that a camera which

is behind the voxel plane is visible to the voxel being checked, however, due to the way the

photo-consistency is checked, this camera is not used for the photo-consistency check for the

particular voxel.

To further improve on the voxel colouring algorithm, Culbertson et al. proposed

the generalised voxel colouring method [121]. This is similar to the space carving

algorithm [120], however the visibility of voxels is computed exactly, unlike space carving,

where the visibility is only computed approximately, and therefore a more photo-consistent

model can be produced compared to the space carving algorithm. Two different versions

of the generalised voxel colouring algorithm were presented. The first utilises item

buffers [122] and is referred to as generalised voxel colouring-item buffers, while the second

utilises layered depth images [123] and is referred to as generalised voxel colouring-layered

depth images. The generalised voxel colouring-item buffers records, for each pixel in all

images, the surface voxel that is visible from the pixel. Once the item buffers are computed

the voxels are then checked for photo-consistency in the usual manner. At the end of

each iteration, the item buffers for all the pixels are computed again by rendering, using
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z-buffering [124]. This process is repeated until all voxels are photo-consistent, at which

point the algorithm stops and a photo-consistent model is formed.

The method used in generalised voxel colouring-item buffers ensures that all visible

images are used when checking for photo-consistency for each voxel, however when a voxel

is carved, the visibility of the remaining voxels change andtherefore for each iteration it

is required to recompute the item buffers to ensure that during each iteration, the visibility

information of the voxels are correct. This is time-consuming and often only a small portion

of the voxels have changed visibility, and is thus not a very efficient way of computing the

visibility. The generalised voxel colouring-layered depth images approach is similar to item

buffers but instead of recomputing the item buffers at each iteration, it records, for each pixel,

a list of all voxels along the projection ray. The nearest voxel is considered to be the visible

voxel for the pixel and is used for photo-consistency measures. When a voxel is carved,

the layered depth images are updated and the next closest voxel for each pixel becomes the

new surface voxel. The advantage of the generalised voxel colouring-layered depth images

approach is that it does not require recomputing the item buffers each iteration. This saves

a considerable amount of computation time, since it is relatively efficient to update only

the surface voxel for each pixel, and does not require computing the distance of each voxel

along the projection ray again. It does, however, require a much larger memory to store the

information in the layered depth images compared to the generalised voxel colouring-item

buffers approach.

To further enhance the performance of generalised voxel colouring, the appearance-

cloning method was proposed in [125], where it was noted thatwhile voxel colouring

overcame the problem of self-occlusion found in many stereo-based methods, a new problem

of photo-consistency is introduced. To overcome this issue, it was proposed that in addition

to photo-consistency, the shape of the object of interest should also be utilised. From

the experiments conducted in [125], it was found that the appearance-cloning method out-

performed generalised voxel colouring without the use of any a priori knowledge about the

object. It was noted that by includinga priori information and tailoring the algorithm to be

application-specific, further improvements can be achieved.

Alternative approaches that studied the problem from a statistical point of view also

exist [126, 127]. Eisertet al. proposed a multi-hypothesis voxel colouring method [128,

129], where the process was divided into two stages: hypothesis assignment and hypothesis

removal. In the hypothesis assignment stage, each voxel centre is projected onto each image.

These pixel colours are compared for all pairs of views and ifthe voxel is consistent with

at least one pair of images, a hypothesis is assigned. This isperformed for all the voxels,

including the interior voxels. In the hypothesis removal stage, occlusion is taken into account

and for each image, the voxel space is traversed in an occlusion-compatible direction [130,

131]. A visible voxel is projected onto the image, and the pixel to which the voxel centre
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projects is compared with the voxel’s hypothesis. The inconsistent ones are then removed,

and this process is repeated for all views. This process simplifies the visibility problem for

each voxel, however at the cost of extra computation, since hypotheses need to be assigned

to all the voxels, including interior ones.

Broadhurst and Cipolla introduced a statistical consistencycheck for the space carving

algorithm [132, 133], where the global noise parameter, required for the space carving

algorithm is eliminated and instead, an additional constraint that the object contains no

holes is imposed. By utilising a probabilistic framework forspace carving, where each

voxel is assigned a probability, a new consistency functionwas defined which calculates the

probability that each voxel exists using Bayes’ rule [134].

In addition to improving the voxel colouring method by developing new methods for

checking the photo-consistency of voxels, studies that focused on overcoming the different

constraints posed by the original voxel colouring algorithm also exist. One such group

of studies focused on dealing with different surface types.Various methods have been

proposed to deal with specular highlights, such as the colouring caching method [135], the

study in [136], where a method was proposed to reconstruct objects with specular highlights

without the need to calibrate for lighting conditions, and [137] where multiple views of a

calibrated camera were used to handle specular highlights.In addition to specular highlights,

transparent surfaces were also studied in [138, 139].

A special case of 3D reconstruction using voxel colouring deals with dynamic scenes.

The dynamic voxel colouring method [140] aimed to reconstruct scenes from video images

by utilising texture mapping in hardware, spatial and temporal coherence and a coarse-to-fine

approach. Similar spatial and temporal coherency approaches were also utilised in [141, 142,

143]. In all these studies, non-rigid bodies were studied and it was found that these methods

can successfully reconstruct the scene or object using thisspatial and temporal coherence in

a similar fashion to optical flow methods [144].

One of the main drawbacks of the voxel colouring approach is the relatively long

computation time required compared to other 3D reconstruction methods. To make the voxel

colouring approach more suitable for real-life applications, one of the methods proposed

in [140] is the coarse-to-fine approach which is one of the most widely used method for

improving the performance of voxel colouring methods [145,146]. The generalised voxel

colouring-layered depth images [121] is another way of increasing the performance of the

voxel colouring-based methods. An alternative approach tothe generalised voxel colouring-

layered depth images algorithm was proposed in [147]. In this study, ray traversal is

used for determining voxel visibility incrementally whichinvolves projecting a ray from

each pixel, then finding the voxels on its path until it hits a surface voxel and stops. A

Method for efficiently reconstructing 3D models of both static and dynamic scene from

stereo images, stereo image sequences, and images capturedfrom multiple viewpoints was
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proposed in [145, 146], and is referred to as the embedded voxel colouring approach.

2.3.2 Accuracy of 3D Reconstruction Methods

One of the common misconceptions is that computer vision methods for 3D reconstruction

have a significantly lower resolution compared to laser scanners. While it is true that

laser scanners can achieve a higher resolution, with the advancement of 3D reconstruction

methods over the years, the difference in performance is decreasing steadily. In order

to further improve current state of the art, 3D reconstruction algorithms have been

compared [1]. The datasets used in [1] are also made available to future researchers for

benchmarking purposes [3]. Images of two objects are included in the dataset. The first is

a plaster reproduction of the Temple of the Dioskouroi, alsoknown as the Temple of Castor

and Pollux and the second is a plaster stegosaurus. These objects are shown in Figure 2.6.

To ensure fairness of comparison, the ground truth models are not made available in [1]

and instead, results were submitted to the authors, which were then compared against the

ground truth models. Both models have a resolution of 0.25mm, which were captured using

the Stanford spherical gantry [148]. The calibration of theimages used for 3D reconstruction

have an accuracy of approximately one pixel, and the images provided have resolutions of

640× 480 pixels or video graphics array resolution. For each object, three sets of images

are available: full, ring and sparse. The full set contains the most number of images taken

from different viewpoints around the objects, the ring set contains 48 images taken on a ring

around the object, and the sparse set is similar to the ring set, except only 16 images are

available. The results from the full set are reproduced from[3] and discussed. The best

reconstruction results from [3] are shown in Table 2.1.

In order to quantise the performance of the various methods,two terms were introduced

in [1]: accuracy and completeness. Accuracy is defined as thedistance, inmm, such that 90%

of the reconstruction is within this defined distance of the ground truth, and the completeness

is the percentage of points on the ground truth that are within 1.25 mmof the reconstructed

models. Lower accuracy and higher completeness values denote better algorithms.

As can be seen in Table 2.1, the methods shown have accuraciesof less than 1mm

and a completeness percentage of 98% or higher. Noting that the images used by all these

algorithms are of video graphics array resolution, this demonstrates the improvements to

3D reconstruction algorithms in recent years, and prove that a computer vision approach

to the problem of reconstructing M̄aori artefacts used as case studies is a viable one. As

the resolution of reconstruction for computer vision approaches is highly dependent on the

resolution of the images used, better results could be obtained by using images with a higher

resolution than video graphics array resolution.

One thing that should be noted from the results shown in Table2.1 is that the results
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(a) (b) (c)

(d) (e) (f)

Figure 2.6: Objects used in [1] to compare the performance of3D reconstruction algorithms:
(a) image of the temple of the Dioskouroi used for 3D reconstruction; (b) 3D ground truth
model of the temple; (c) 3D model of the temple by [2]; (d) image of the stegosaurus used
for 3D reconstruction; (e) 3D ground truth model of the stegosaurus; and (f) 3D model of the
stegosaurus by [2] (reproduced from [3]).

shown were reconstructed using the full set of images, and inmost cases when using the ring

or sparse sets, the results are not as desirable except in a few cases, one most notable being the

work by Furukawa and Ponce [2]. The results obtained using the algorithm presented in [2]

are similar for both objects when the full and sparse sets were used. This result is important

as it will be shown later that by being able to use a small number of images for reconstruction,

in this case only 16 images were used, the requirements for image registration is increased.

This leads to a need for algorithms that are capable of dealing with these changes.
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Table 2.1: Matching accuracy of various 3D reconstruction algorithms (reproduced
from [3]).

Temple Stegosaurus
Accuracy Completeness Accuracy Completeness

Campbellet al. [149] 0.41 99.9
Furukawa and Ponce [2] 0.49 99.6 0.33 99.8
Goeseleet al. [150] 0.42 98.2 0.46 96.7
Habbecke and Kobbelt [151] 0.66 98.0 0.43 99.7
Hernandez and Schmitt [152] 0.36 99.7 0.49 99.6
Hornung and Kobbelt [153] 0.58 98.7 0.79 95.1
Vogiatziset al. [154] 0.50 98.4
Zach [155] 0.51 98.8 0.55 98.7

2.4 Image Registration and 3D Reconstruction

So far this chapter has presented an overview of the capabilities of the state-of-the-art 3D

reconstruction methods, however the relationship between3D reconstruction and image

registration has not yet been clarified. In Section 2.3, it was mentioned that for many 3D

reconstruction algorithms, the camera needs to be stronglycalibrated, in other words, the

extrinsic and intrinsic parameters of the camera for each viewpoint need to be known. In

computer vision, the extrinsic parameters refer to the pose, or location and orientation, of

the camera, and the intrinsic parameters refer to the characteristics of the camera used. For

simplicity as well as practical reasons, it is often assumedthat the same camera configuration

is used for capturing a set of images for 3D reconstruction, which is not an unrealistic

assumption, as it is unlikely that different cameras would be used when taking the required

images. The extrinsic parameters are often acquired by the use of specialised equipment, for

example the Stanford spherical gantry. In order to utilise image registration techniques for

computing the required extrinsic parameters instead of relying on specialised hardware, first

the advantages of an image registration approach compared to utilising specialised hardware

is compared. The relationship between image registration and 3D reconstruction is then

discussed.

2.4.1 Advantages of Automatic Image Registration

While dedicated equipment like the Stanford spherical gantry is capable of traversing the

camera to the required location in an accurate manner, they restrict where the equipment can

be used, as well as the type of object that can be photographed. An alternative approach is

the use of turntables [25, 156], an example is the one used in the Virtual Heritage Acquisition

and Presentation project [6]. A limitation of this type of approach is that the size is restricted

by the size of the turntable.
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To avoid the need of using equipment which operates under very strict conditions,

alternative approaches for acquiring images for 3D reconstruction were studied. One

possible approach is to manually align images. This involves manually selecting a set of

corresponding points from image pairs. However this methodis labourious, time-consuming

and not realistic when a large number of images are concerned. Image registration

without user input is the most suitable approach, as it eliminates the afore-mentioned

problems of using specialised hardware and handling issues, and instead relies on computer

vision algorithms to register the images automatically. Automatic image registration using

computer algorithms has numerous advantages over manual registration. For example, it has

the ability to register a large number of images simultaneously, which is time-consuming and

labour intensive if done manually. Another advantage is that due to the vast improvement

in computation power in personal computers, it is possible for end-users to reconstruct 3D

models of objects using these methods. As the methods are automatic, no special training is

required and this broadens the use of computer vision algorithms, as well as attracting more

researchers into the field.

2.4.2 Relationship Between Image Registration and 3D Reconstruction

Figure 2.7 shows an overview of the conventional approach to3D reconstruction, where

hardware such as the Stanford spherical gantry or turntables are normally used. When

using such hardware, the extrinsic parameters, denoted by(R,T)1 and(R,T)2 in the figure

which refer to the extrinsic parameters of the reference andsensed images, respectively, are

obtained as images from different viewpoints are taken as shown in Figure 2.7. Figure 2.8

shows an overview of the relationship between image registration and 3D reconstruction.

Instead of acquiring the extrinsic parameters of viewpoints when images are taken, the

extrinsic parameters are computed by using image matches. Note that in both cases, the

intrinsic parameters of the camera are assumed known, whichis a reasonable assumption, as

the calibration of the intrinsic parameters is an offline process and only needs to be performed

once. This can be performed prior or after the required images are taken.

In order to compute the extrinsic parameters of images, the relationship between image

pairs needs to be identified. Given a pair of images where the intrinsic parameters are known,

the images can be described by the homography matrix:

x2 = H12x1 (2.1)

Wherex1 andx2 are the pixel locations in the reference and sensed images, respectively,

defined as:
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3D reconstruction

3D model

Sensed image +
(R,T)2

Reference
image +
(R,T)1

Image acquisition

Figure 2.7: 3D reconstruction using specialised hardware for acquiring the extrinsic
parameters of each viewpoint.

Reference
image
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Figure 2.8: Relationship between image registration and 3D reconstruction.
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x1 =




x̂1

ŷ1

l1


 (2.2)

The location of a pixel(x1,y1) in the reference image is then given by:

x1 =
x̂1

l1
(2.3)

Similar equation holds fory1 and x2. H12 is the homography matrix describing the

projection of these pixels from the reference image to the sensed image [119]. The

homography matrix is a 3×3 matrix and can be computed given a set of matching points

from the image pair. Many methods exist for computing the homography matrix and one

popular approach is the RANdom SAmple Consensus (RANSAC) algorithm [157] combined

with a least squares fit approach. This combination of algorithms is capable of computing the

correct homography matrix given a set of corresponding point pairs from the image pair in the

presence of outliers. The ability to handle and discard outliers means that the homography

matrix will be accurate, and will not be affected when outliers are present, which is inevitable

in real-life applications. RANSAC is an iterative method that works by first selecting a

random subset of the original data, the data are then defined as the hypothetical inliers and

the hypothesis is tested as follows: first a model is fitted to the hypothetical inliers, all the

other data are then tested against the fitted model, if a pointfits, then the point is considered

a hypothetical inlier. This fitted model is considered a goodmodel if a sufficient number of

points are classified as inliers. If the model is considered good then it is refitted using all

the hypothetical inliers and the error of the model is computed using the refitted model and

the set of hypothetical inliers. This process is repeated using randomly selected points as

hypothetical inliers, and if the error is smaller than the previous models, the refined model is

defined as the best model until a threshold or a pre-defined number of iterations have been

executed.

Given the homography matrix, the next task is to relate Equation 2.1 with the extrinsic

parameters. The projection equation can be utilised to achieve this and is defined by:

x = K [R|T]X (2.4)

WhereK is the camera matrix,R andT are the rotation and translation matrices which

form the extrinsic parameters of a camera viewpoint, andX is a set of 3D points on the

object which corresponds to the set of image pointsx. The camera matrix is also known as

the intrinsic matrix and defines the intrinsic parameters:
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K =




fx s cx

0 fy cy

0 0 1


 (2.5)

Where fx, fy are the focal lengths along the x- and y-axes,cx,cy is the location of the

principal point ands is the distortion factor. By combining Equations 2.1 and 2.4,the

following is derived:

x2 = H12x1

K [R2|T2]X = H12(K [R1|T1]X
)

H12 =
(
K [R2|T2]

)(
K [R1|T1]

)−1
(2.6)

In other words, the homography matrix can be defined as a function of the extrinsic

parameters of both images as well as the camera matrix. In order to compute the extrinsic

parameters given the homography matrix, Equation 2.6 is rearranged:

x2 = H12x1

K [R2|T2]X = H12(K [R1|T1]X
)

[R2|T2] = K−1H12(K [R1|T1]
)

(2.7)

From Equation 2.7, it can be seen that if the extrinsic parameters of the reference image

are known, then the extrinsic parameters of the sensed imagecan be computed given the

homography matrix which is computed from the matching of image pairs using image

registration. Note that the pose of each viewpoint is relative to each other, it becomes

obvious that the extrinsic parameters of the first referenceimage can be manually defined

and all subsequent extrinsic parameters of images can be computed using the first image as

the reference.

2.5 Review of 3D Reconstruction of Artefacts

2.5.1 Current Projects Around the World

Over the past decade or so, work has started to reconstruct artefacts around the world.

Examples include the Canadian Heritage Information Network[158], the Virtual Heritage

Acquisition and Presentation [6] in Europe, the Salzburg Research Institute [159] in Austria,

the Statue of Liberty in New York by Texas Tech [160], the virtual Monticello [4] by the
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University of Virginia, the Cuneiform tablets [15] by Johns Hopkins University in Baltimore,

the plastico di Roma antica [16] of Rome and the David statue by Michelangelo [17, 5] by

Stanford University and the University of Washington.

In addition to these work, various universities and museumshave also started exploring

the field in a more technical manner or initiated digitisation programmes, including the

University of Stanford, the University of Ireland, Museum of the City of New York [161],

Royal Ontario Museum [162], Museum of Science in Boston [163] and the American

Museum of Natural History [164]. Museums have been successful in establishing 3D virtual

museums on the internet to allow the general public easy access to the resource. Examples

include the Canadian Museum of Civilisation [165, 166], the New Orleans Museum of

Art [167] and the Victoria and Albert Museum [168] in the United Kingdom. Some of

the notable examples are presented to provide an understanding of what has been achieved

in the 3D reconstruction of artefacts around the world.

Monticello

Monticello was the home of the third president of the United States, Thomas Jefferson. In

2002, Luebke and a team from the University of Virginia’s Computer Science department

in conjunction with the University of North Carolina scannedthe estate using a laser

scanner [14]. The 3D model constructed by the laser scanner was then combined with colour

images to provide coloured 3D models. The reconstructed building is showcased in the

Virtual Monticello at the New Orleans Museum of Art [167]. Anexample of the scanned

and reconstructed model of Thomas Jefferson’s library is shown in Figure 2.9a.

Cuneiform Tablet

The Cuneiform script is one of the earliest known forms of written language and Cuneiform

tablets are tablets with the Cuneiform script carved onto them. Kumar and a team of students

from the Johns Hopkins University in Baltimore scanned the tablets in 2003 using a laser

triangulation scanner with a regular grid pattern at a resolution of 0.025mm[15]. However

despite the resolution the laser scanner is able to achieve,it was concluded that the Cuneiform

tablets are difficult to scan due to the complexity of the pattern which exists on the surface

of these tablets. An example of a Cuneiform tablet is shown in Figure 2.9b.

plastico di Roma antica

The plastico di Roma antica is a model of ancient Rome and Guidiet al. [16] scanned

the model using a modulated light scanner, supplemented by atriangulation scanner. The

modulated light scanner was utilised as neither triangulation-based methods nor time of

flight methods were satisfactory, due to the object containing both large and small details.
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(a) (b)

(c) (d)

(e)

Figure 2.9: Examples of 3D models computed by research institutes around the world: (a)
Thomas Jefferson’s Virginia home (reproduced from [4]); (b) an example of a Cuneiform
tablet; (c) model of ancient Rome, plastico di Roma antica; (d)David statue by Michelangelo
(reproduced from [5]); and (e) cup digitised by the Virtual Heritage Acquisition and
Presentation project (reproduced from [6]).
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The modulated light scanner was able to overcome this by providing both high accuracy for

the small details and a wide range for the large details. The plastico di Roma antica model is

shown in Figure 2.9c.

David Statue

Stanford University and the University of Washington digitised a number of sculptures

and architectures of Michelangelo in 1999 using laser scanners [17], and the David statue,

one of the most famous sculpture today was part of the collection of sculptures digitised.

The objects were scanned at a resolution of 0.25 mm and was detailed enough to see

Michelangelo’s chisel marks. The work is presented at the ‘The Digital Michelangelo

Project’ [5]. An example of the digitised David statue is shown in Figure 2.9d.

Virtual Heritage Acquisition and Presentation Project

Virtual Heritage Acquisition and Presentation was a project funded by the European Union

and was designed to increase public awareness of Europe’s most precious artefacts and

documents. The project aimed to develop new tools for 3D scanning and acquisition of

visually rich 3D models, post-processing and virtual heritage tools for presentation and

navigation. Artefacts of varying sizes have been scanned. In particular, the project focused

on the digitisation of ceramic artefacts, and these have been digitised using a 3D laser scanner

with an accuracy of 0.008mm. The scanner was mounted on a track and the scanning process

was automated through the use of turntables. The digitised objects are displayed online [6].

An example of a cup which was digitised, along with the process in digitising the object is

shown in Figure 2.9e.

2.5.2 EPICS

The EPICS project at the University of Auckland aimed at creating accurate 3D models

of various M̄aori artefacts from the Auckland War Memorial Museum with the goal

of utilising these 3D models for archival documentation, historical conservation, online

exhibition, replication and educational purposes [169]. The project started in 2006, where

comprehensive research was undertaken to investigate a suitable digitisation approach for

these artefacts. Various laser scanning technologies and devices were examined. Based on

the research, a low resolution Polhemus FastSCAN laser scanner [170] was first utilised. The

scanner has a resolution of 1mmand was used to scan artefacts in greyscale, as the scanner

was not capable of scanning in colour. A higher resolution colour laser scanner [171] was

later purchased which allows for the scanning and construction of fully colour rendered

3D models. Various improvements were made over the years to improve on the scanning

of these artefacts, including the use of a KUKA robotic arm toovercome one of the
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(a) (b)

Figure 2.10: Some artefacts scanned by the EPICS team: (a) canoe prow; and (b) wahaika
club (reproduced from [7]).

problems faced due to the inconsistency in the movement of the laser scanner operated

by hand [18, 20, 21]. The EPICS project website [7] contains a number of 3D models

of artefacts scanned throughout the years, as well as a detailed discussion on the process

involved in the reconstructing these artefacts. Part of thecollection of artefacts reconstructed

by the team are shown in Figure 2.10.

2.5.3 Issues with Current Approach

As with all real-life applications, the EPICS project was notwithout problems. The main

problems include: (a) need for specialised equipment; (b) intrusiveness of the approach;

(c) scanning time and labour intensity; and (d) reflective surfaces. It should be noted that

while these issues are discussed in terms of the problems faced by the EPICS team, they

are definitely not unique and are common problems faced by many groups attempting 3D

reconstruction using laser scanners.

Specialised Equipment

It is no secret that specialised equipment like laser scanners are expensive and often require

some form of training in order to properly utilise the equipment. This is no exception in

this case and as described in [18], the original Polhemus FastSCAN laser scanner utilised

suffers from a number of drawbacks including accuracy issues and the inability to scan colour

information from the artefacts, and as a result a new laser scanner was required. While the

purchase and use of specialised equipment are often not a major issue for research institutes

or industries, the use of these equipment meant that the scanning of the artefacts or any other

types of objects are restricted as it is often not viable to have multiple scanners to share the

workload.
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Intrusiveness

Even though laser scanners are non-contact 3D scanners, a certain amount of hand-handling

is often required for various reasons, such as transportingthe objects to the scanning

equipment or positioning the object for scanning. This is particularly problematic when

dealing with artefacts which have high historical values and are often fragile due to their age.

One issue that was noted by the EPICS team was that the artefacts that the team had access

to were restricted due to the amount of handling that is required for scanning the objects.

Many of the artefacts available from the Auckland War Memorial Museum are one-off items

and it was not possible to scan these artefacts due to fear of damage to the artefacts.

Scanning Time

Due to the nature of laser scanners which can often only scan asingle line at any given

time, the scanning of objects is done in a sweeping manner, where the laser scanner is

moved from one end of the artefact to the other. Due to hardware restrictions, this sweeping

movement often needs to be slow and in addition, even though the laser scanner is attached

to a coordinate measurement machine, which measures and records the movement of the

scanner as scanning is being performed, it was found that best results were observed when

the sweeping motion is at a constant velocity for the duration of the scan [21]. This meant

that in order to perform a scan, an end-user is required to hold the laser scanner and slowly

and consistently sweep across the different surfaces of theartefact one at a time, until all the

surfaces have been scanned, at which point a post-processing software is required to combine

these scanned surfaces into a 3D model. This is a very time-consuming and labourious

process and due to the need to move the laser scanner at a slow and consistent motion, it is

difficult to achieve by humans operators. Even though a KUKA robotic arm was utilised to

assist in the scanning process, it is still a tedious and slowtask and often took days or weeks

to scan a single artefact to a satisfactory level.

Reflective Surfaces

Another problem with many laser scanners is that they do not function well with shiny,

reflective surfaces, as laser scanners rely on the time of flight of laser beams and when

reflective surfaces were concerned, it was found that the lights were scattered and could not

be properly scanned. This meant that a large number of artefacts such as those made of

pounamu, or greenstones, could not be scanned as the resultsfrom scanning these objects

are poor and could not be used in the construction of 3D models. An alternative approach is

to use contact sensors, however this is undesirable for manyobjects that have high historical

values. Computer vision is an attractive alternative, sincereflectivity of surfaces is often not

an issue for these methods.
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2.6 Conclusions

This chapter presented a comprehensive review in related fields. First, an overview

of various image registration methods proposed over the years was discussed before a

detailed discussion on local descriptor processes, a subset of feature-based methods that

showed promising performance for registering images when large magnitudes of image

transformations exist were discussed. Large magnitudes ofimage transformations can be

defined based on the evaluation study in [3], where as few as 16images were used for

the 3D reconstruction of objects [3]. Based on this definition, the algorithms would need

to handle image transformations of approximately 22.5◦. This detailed discussion on the

various local descriptor processes provided a good background knowledge and collection of

local descriptor processes that needed to be evaluated, in order to determine which method

would be suitable for registering images when the discussedissues exist.

Because the goal of the application concerned was to construct 3D models of objects,

using image registration to provide the necessary information, a review of 3D reconstruction

methods and a comparison of the performance of the state-of-the-art techniques in this field

was investigated. From the review of 3D reconstruction methods, it was clear that while

computer vision methods still trail methods like laser scanners in accuracy, this difference

is constantly reducing due to advancements in imaging sensors and 3D reconstruction

algorithms. It was concluded that there are advantages to a computer vision approach for 3D

reconstruction, such as the wide coverage of computer vision methods, and does not require

specialised equipment. The discussion on how the required parameters for 3D reconstruction

can be obtained by image registration methods demonstratedthat the two fields can be

efficiently integrated, and eliminate the need for specialised hardware to capture images for

3D reconstruction.

Lastly, projects that aimed at reconstructing artefacts orcultural and historical sites

around the world were discussed. The challenges the EPICS team at the University of

Auckland were faced with in dealing with the reconstructionof Māori artefacts were also

investigated.
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Performance Evaluation of Local

Descriptor Methods

In order to understand the issues which exist with current local descriptor processes, an evaluation study was

carried out and presented. Based on the results from the evaluation study, issues in two of the three stages of

the local descriptor process were identified, namely the lack of uniqueness in the local descriptors computed,

and discarding important information from from the local descriptors when they are matched. Based on these

issues, new algorithms were proposed to improve local descriptor methods.

Based on the discussion of the advantages of local descriptorprocesses over both area-

and feature-based methods presented in the literature review in Chapter 2, an evaluation

study was required. The evaluation study was necessary in order to determine the most

suitable local descriptor process for registering images to deal with large magnitudes of

image transformations, as defined in Chapter 2. The aim of thisresearch was not to simply

utilise existing methods, but instead, the algorithms presented in existing studies serve as the

basis for the development of new methods. It was therefore vital that the performance of

these methods were well understood and evaluated.

There are three project objectives described in this chapter. The first is to present a

discussion on the artefacts used as case studies and the types of features found on these

artefacts. The features found in these objects pose additional challenges in the registration

of images of the objects, and it was therefore crucial that a thorough understanding of

the features was gained. The experimental setup also needs to be discussed, as the same

experimental setup was used for all the experimental work presented in the remaining

chapters of this thesis. This discussion includes the various equipment utilised and the

pre-processing steps carried out to ensure controlled experiments can be conducted. The

last important piece of work is an in-depth performance study of various local descriptor

processes proposed over the years and based on the results, the suitability of these methods
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for the application of concern was determined.

This chapter is structured as follows. The Māori artefacts used in the various experi-

mental work in this thesis and the reasons for choosing theseartefacts, as well as a detailed

discussion on the types of features found on these artefactsare presented in Section 3.1. The

definitions of the two terms used to describe the results presented, accuracy and robustness,

are presented in Section 3.2, followed by the experimental design in Section 3.3 which

provides an insight into the hardware setup used to capture the required images. In addition,

the four image transformations studied are also discussed in this section. The pre-processing

steps used to process the images to ensure that fair and controlled experiments can be

conducted are presented in Section 3.4, followed by the results from the evaluation study

in Section 3.5. Following the evaluation study, the areas where further research is required

are presented in Section 3.6, and the chapter is concluded inSection 3.7.

3.1 Māori Artefacts

Four artefacts were used for experimental work, composing of three wooden carvings and

a greenstone pounamu tiki. These were selected as they are representative of the typical

artefacts often found in M̄aori culture. These four artefacts are shown in Figure 3.1.

The wooden flute shown in Figure 3.1a is a replica of a typical flute found in M̄aori

culture and was used as it consists of highly complex geometry on the surface. This

complexity increased the difficulty of registering images of the flute, making them ideal

for evaluating the robustness of the image algorithms developed in this research. It was of

interest to develop algorithms which are sufficiently robust to deal with the various imaging

conditions, as well as the difficulties posed by the artefacts which will be presented in the

next section. The patu and wahaika in Figures 3.1b and 3.1c are different types of short

striking weapons used by the M̄aori in battles [172]. These two weapons were chosen as

they consist of different surface make-ups compared to the flute. The patu has a relatively

smooth surface, however with a high level of texture, both from the grains of the wood

used to carve the artefact as well as the drawings found on thesurface. In contrast, the

wahaika consists of both highly complex geometrical surface features as well as smooth

regions, which increases the difficulty of image registration when different distinct features

are involved. Lastly, the pounamu tiki was chosen due to its importance in the M̄aori culture

where they are considered as taonga, or treasure. In today’ssociety, tikis are often presented

as gifts to visitors. In addition, since this type of objectshave shiny, reflective surfaces,

it was difficult for the laser scanner approach adapted by theEPICS team [18, 20, 21] to

construct 3D models of these objects. It would therefore be of great significance to develop

a new approach which is capable of reconstructing these objects in a simple and yet efficient

manner.
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(a) (b) (c) (d)

Figure 3.1: The four M̄aori artefacts used for the set of experiments conducted in this
research: (a) flute; (b) patu; (c) wahaika; and (d) tiki.

These artefacts were selected as they were readily available due to the relative simplicity

in making these artefacts compared to larger or rarer and more valuable ones. While it would

have been desirable to work with rare artefacts, this was avoided for practical and security

reasons. Regardless, the four artefacts provided a good representation of the different types

of artefacts typically found in the M̄aori culture and were ample for evaluating and verifying

the performance of local descriptor processes.

3.1.1 Features on the M̄aori Artefacts

Unlike many objects which consist of either feature-rich surfaces or surfaces which lack

distinct features, many M̄aori artefacts consist of both these types of surfaces. Feature-

rich surfaces are best dealt with by feature-based methods while those that lack distinct

features often require area-based methods, and the combination of these two types of surfaces

meant that it is difficult to use one method for all the objectsinvolved. An example of

this is the wahaika artefact shown in Figure 3.1c. The bottomof the artefact in the figure

shows intrigue carvings found in typical M̄aori artefacts, while the remaining surface of the

artefact is smooth, with the only detail being from the grains of the wood used to carve the

artefact. This combination of different surface structures makes it difficult for existing image

registration methods to correctly register these images. Feature-based methods will struggle

to register the smooth surface found on the majority of the surface of the artefact, while area-

based methods cannot efficiently register the surfaces which are feature-rich, such as the part

of the artefact containing the intrigue carvings.

Another issue with existing image registration methods forregistering these images is

the repetition of features found on the artefacts, such as the flute shown in Figure 3.1a. An

example of the repetitiveness of features is shown in Figure3.2, where there exist many

swirl-like features on the object. This set of swirl-like shapes is another typical carving style

found in many M̄aori artefacts and is found throughout the surface of the flute. Due to the

repetitiveness of these patterns, it is very easy for image registration methods to mis-identify

features from images, as many regions from the reference image may appear similar to a

region from the sensed image. Another example is the tiki shown in Figure 3.1d which,
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Figure 3.2: Example of the repetitiveness of certain features in Māori artefacts.

despite being hand-carved, is very symmetrical and similarto the flute. It causes problems

when attempting to match images of these objects as the localdescriptors representing

different regions of the objects appear similar, thereforemismatches are more likely to

occur. These two types of features posed challenges in the registration of the images of these

objects, in addition to dealing with images with large magnitudes of image transformations.

To overcome these issues, local descriptor methods capableof producing more unique local

descriptors, and hence simplify the task of registering images using local descriptors were

needed. This ensured that the local descriptor methods developed will not only perform well

for the objects used as case studies, but in addition, due to the more unique local descriptors

required, can perform favourably for other objects also.

3.2 Definitions of Accuracy and Robustness

Prior to presenting the evaluation work, the terms ‘accuracy’ and ‘robustness’ need to be

formally defined to allow for a better understanding and interpretation of the results presented

in this thesis.

3.2.1 Accuracy

The matching accuracy describes how accurate the matching of local descriptors is, and is

defined in terms of the number of correct matches:

accuracy=
number of correct matches
total number of matches

(3.1)

It will be shown in a later section that the results presentedin this chapter are described in

terms of the 1-precision, or 1-accuracy, which are two different names used in literature that
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Figure 3.3: Difference between accuracy and robustness.

refer to the same term. The 1-precision was used in the evaluation study, as this format was

utilised in existing studies [13]. The use of 1-precision therefore allowed for a comparison

of results with existing literature. In later chapters, theprecision, or accuracy, instead of the

1-precision, was computed for all experiments conducted asintuitively, accuracy is easier

to understand. Because the recall values are not computed forreasons to be discussed later

in the chapter, there are no advantages in using the 1-precision. The matching accuracy is

a quantitative term and is used to describe how well a method has performed for a specific

magnitude of image transformation, for example for a rotation change of 5◦.

3.2.2 Robustness

The robustness of methods refers to the overall performancefor an image transformation,

such as the accuracy of a method for images with scale changesin the range of[1.1,1.5]

and is a qualitative measure. The main difference between accuracy and robustness is the

type of measure, where accuracy is a quantitative term and robustness is a qualitative one.

This is best illustrated in Figure 3.3. The figure shows two possible results, described by

the matching accuracy and plotted against scale changes. Ata given scale, the second result

has a lower matching accuracy compared to the first result. Asa whole, the second result

degrades quicker than the first, even though the initial performance of the two is the same.

From the figure, it can be seen that the first result is more robust over the range studied

due to higher matching accuracies for all scale values. In the discussion of results however,

both terms provide a good understanding of the results presented and these two terms should

therefore not be treated with great difference.
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3.3 Experimental Design

In order to conduct well-controlled experiments to evaluate and further understand the

suitability of local descriptor processes, an experimental setup was designed to capture

the necessary images used for the experimental work. As the aim of this research was to

develop methods to robustly register images for the purposeof 3D reconstruction, images

encompassing the objects studied were required to provide agood coverage of the objects

from all viewpoints. Due to this requirement, image pairs with large transformations, as

defined in Chapter 2, needed to be registered. The experimental setup was designed with this

in mind and covered image transformations along all three primary axes.

Four image transformations were considered: (a) rotation;(b) scale; (c) tilt; and

(d) viewpoint changes. These image transformations are shown in Figure 3.4. These image

transformations include the rotation of the camera about the three primary axes, as well

as a fourth transformation which studied the effects of the change in scale of the size of

the object in images. Translation changes were not considered as it is a well-known fact

that translation changes are often easily dealt with by botharea- and feature-based image

registration algorithms [9]. The translation of the cameradoes not cause significant distortion

of the object in images and this distortion is often negligible for pure translation, depending

on the size of the movement of the camera relative to the distance of the camera from the

object. This is shown in Figure 3.5, whereC1
o andC2

o are the optical centres andd1, d2 are

the distances from the object to the reference and sensed images, respectively.θ is the angle

and∆T the translation change between the reference image and sensed image, and O is the

object concerned. The angle of change can be defined as:

θ = tan

(
∆T
d1

)
(3.2)

If d1 ≫ ∆T, then:

θ ≈ tan(0)

≈ 0 (3.3)

Since the angle of change is approximately zero, then the distortion of the object in the

image due to viewpoint changes is approximately zero or in other words, negligible.

In order to provide a consistent lighting for all the images taken for the controlled

experiments, a device was constructed to provide diffused lighting as shown in Figure 3.6.

This also dealt with the problem of reflective surfaces, as diffused lighting meant that there

were no specular highlights in the images. This problem is normally not encountered in a

museum environment where the artefacts used as case studiesare typically stored, as diffused
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Figure 3.4: The four different image transformations utilised in the experimental work in
this research: rotation, scale, tilt and viewpoint changes.

Figure 3.5: Effects of translation changes on the object in images.

lighting already exists, and was therefore not considered aconstraint in this research. The

same device was also used in Chapter 4 when studying the effects of different illumination

colours and intensities. A data projector was used instead of standard light bulbs to provide

the necessary illumination condition changes.

Examples of images taken for each of these four image transformations are shown

in Figure 3.7. Figure 3.7a is the reference image for images in Figures 3.7b-3.7e,

which represent the images taken when rotation, scale, tiltand viewpoint transformations

exist, respectively. The four local descriptor processes evaluated in this chapter are:

SIFT [62], GLOH [13], PCA-SIFT [97] and SURF [84], which were discussed in detail

in Section 2.2.2. These four methods were evaluated as they showed good performance in

previous studies [173, 13].
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Figure 3.6: Experimental setup used to capture images in theAuckland War Memorial
Museum for the experimental work conducted in this research. The device was constructed
to allow for consistent, diffuse lighting to be projected onto the object and eliminated the
problem of specular highlights in images.

(a) (b) (c) (d) (e)

Figure 3.7: Images showing examples of the four different image transformations utilised
in the experiments in this research: (a) reference; (b) rotation; (c) scale; (d) tilt; and (e)
viewpoint changes.
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3.3.1 Rotation Changes

The rotation changes describe the rotation of the images about the optical centre of the

camera, as shown in Figure 3.4. In order to take images of the object under rotation changes,

the rotation of the camera, instead of the object, was utilised. This approach was taken as it

was a much simpler task to rotate the camera, which was mounted on a tripod. Depending

on the size of the object concerned, it is a more difficult taskto rotate the object about the

optical centre of the camera due to difficulties in mounting the object to a rotatable fixture

in a safe manner. The centre of rotation was aligned approximately with the optical centre

of the camera. As the alignment was not perfect, in addition to rotation, small amounts of

translation also existed. This was however not an issue as the small translations had no effect

on the images as it did not distort the object’s appearance inthe images, since it was assumed

that the translation was very small given that the distance of the camera from the object was

significantly bigger than the translation caused by the misalignment of the centre of rotation

and the optical centre of the camera as shown in Figure 3.5. For the evaluation study, images

used to study the effects of rotation changes were taken in the range of[0◦,90◦] at intervals of

5◦. This range and interval, and the ones to follow, were chosento provide a good coverage

of the transformation concerned in order to evaluate the performance of the methods.

3.3.2 Scale Changes

Scale changes refer to the change of the size of the object in the images without the rotation

of the camera or object in any of the three axes. To capture images for scale changes, three

options were available: (a) utilising the zoom lens of a digital camera; (b) compute images

of different scales from a reference image; and (c) physically move the camera or object to

change the distance between the two. While the first two approaches are relatively simple,

they are not without problems. Depending on the type of zoom lens used, the focal length

is changed when the zoom of the camera is changed, which affects the intrinsic parameters

of the camera, thus making the post-processing of images more difficult as the intrinsic

parameters needs to be computed for each scale, making the approach difficult and time-

consuming. Changing the scale of the object in images can be done easily in almost any

image manipulation software, however this often introduces artifacts in the images and

furthermore, using the same base image to generate a set of images of different scales,

resulting in complications when registering these images.Due to these drawbacks, the

images for scale changes were captured by mounting the camera on a slide rail which is

capable of traversing in a linear fashion away or towards theobject. The scale of an object

in an image can be defined as:

S=
h2

O

h1
O

(3.4)
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Figure 3.8: Effects of scale changes on the object in the images.

Whereh1
O and h2

O are the height of the object,I1 and I2 are the image planes in the

reference and sensed images of scaleS, respectively. From Equation 3.4, it can be seen that

the scale is proportional to the height of the object in the sensed image, as the height of

the object in the reference image is constant. This is best illustrated in Figure 3.8, where

Figure 3.8a shows the reference image, and Figure 3.8b showsa new image with scaleS.

Using properties of triangles, the following relationshipwas identified:

h1
O

f
=

hO

f +d1 (3.5)

WherehO is the actual height of the object andf the focal length of the camera. Similar

equation holds forh2
O. By rearranging Equation 3.5 in terms ofh1

O and similarly forh2
O and

substituting these into Equation 3.4, the distance betweenthe camera and the object for a

required scale can be obtained:

S=
h2

O

h1
O

=
f hO

f +d2

f +d1

f hO

=
f +d1

f +d2 (3.6)

In other words, the scale of an image is a function of the focallength of the camera and

the distance from the reference and scaled images to the object. For the evaluation study,

images used to study the effects of scale changes were taken in the range of[1,3] at intervals

of 0.5.

3.3.3 Tilt Changes

In order to take images of tilt changes while maintaining a constant distance of the camera

to the object, a turntable was used. The turntable was constructed based on a phonograph

turntable and is shown in Figure 3.9. As various Māori artefacts needed to be placed on the
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Figure 3.9: Turntable used to capture images for tilt and viewpoint changes.

turntable, safety of the artefacts was considered carefully in the design and construction of

the turntable. A rubber surface ensured that the objects would not slip during the rotation of

the turntable, and therefore no fixture was required to prevent the artefacts from moving. In

addition, by using a rubber surface, it reduced possible damages due to the contact of hard

surfaces.

The images for tilt changes were acquired by placing the artefacts on the turntable, but

rotated 90◦. This approach was chosen over moving the camera as it was difficult to maintain

a constant distance between the camera and the object if the camera was moved. The use of

a turntable is a much more efficient method compared to the design and construction of a rig

similar to the Stanford spherical gantry [148] to move the camera in the desired trajectory.

3.3.4 Viewpoint Changes

Similar to images for tilt changes, the images for viewpointchanges utilised the turntable

shown in Figure 3.9. Instead of placing the objects on the turntable and rotated 90◦ as it was

done for the images for tilt changes, the objects were placedup-right. The hardware setup

for capturing images for both tilt and viewpoint changes is shown in Figure 3.10. The same

reason applied for the choice of the turntable over a rig, which moved the camera around the

object in the desired trajectory. Previous studies have shown that viewpoint changes pose

the biggest challenge for image registration algorithms [9], and this was therefore the main

focus of attention in the evaluation study, as viewpoint changes account for the majority of

image transformations when taking images for the purpose of3D reconstruction. For the

evaluation study, images used to study the effects of viewpoint changes were taken in the

range of[−90◦,90◦] at intervals of 2.5◦.

3.4 Image Pre-Processing

In order to conduct controlled experiments, it was desirable to eliminate as much variance as

possible in order to focus on the evaluation of the performance of local descriptor processes.

To achieve this, it was necessary to pre-process the images before these were used for
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(a) (b)

Figure 3.10: Hardware setup for capturing images for: (a) tilt; and (b) viewpoint changes.

experimental work. Three pre-processing steps were involved, including: (a) background

removal; (b) image undistortion; and (c) computation of thehomography matrix. These

steps ensured that the results obtained are fair and consistent for all the image registration

algorithms evaluated and developed. The homography matrices also allowed for the

verification of image matching results.

3.4.1 Background Removal

The backgrounds of all the images were removed for the following reasons. First, these

backgrounds may either have a positive or negative contribution towards the performance

of the methods discussed. By providing additional features,it either simplifies the task of

registering images, or makes the registration process moredifficult by introducing features

similar to those found on the objects. Another reason was that for the images taken using the

turntable, the location or orientation of the object changes with respective to the background

when these images were taken. As a result of this, the relationship of two images described

by the background in the images and the relationship of the two images described by the

object in the images do not agree, thus affecting the accuracy of methods. By removing

the background in the images, these issues were avoided. Since the background did not

contribute towards the matching accuracy of images, it was possible to concentrate on the

matching accuracy of images which were solely dependent on the features found on the

objects alone. To ease the removal of background in images, achroma key was used in the

image acquisition stage, and the backgrounds were later removed and checked using image

manipulation software.
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(a)

(b)

Figure 3.11: Processes used for removing noise introduced from imaging sensors: (a)
dilation, which adds pixels to fill in gaps or missing pixels;and (b) erosion, which removes
noise introduced from the imaging sensor.

3.4.2 Noise Removal

Because the image registration method of concern in this thesis is a feature-based method,

noise in images such as the salt and pepper noise are not of great concern. However, as it will

be discussed in Section 4.4, the hybrid local descriptor method developed is a combination

of both area- and feature-based methods, and as such, noise removal was performed in order

to enhance the performance of the method. This is achieved bythe use of a median filter,

as well as dilating and eroding the images [174]. Dilation and erosion are demonstrated in

Figure 3.11. In Figure 3.11a, the image is dilated by adding surrounding pixels to existing

ones to fill gaps or missing pixels after background removal.In Figure 3.11b, the image is

eroded by removing the border pixels and in the case of individual pixels, as shown in the

top left of the first image in Figure 3.11b, this is removed completely as it is considered to

be a salt and pepper noise.

3.4.3 Image Undistortion

Images taken by digital cameras are often distorted both radially and tangentially, due to

the imperfection of the camera lens, affecting the geometryof the features of objects in

images [119, 175]. To compensate for this distortion in the camera lens, the images needed

to be undistorted before being used for experimental work. This was achieved by computing

the intrinsic parameters of the camera, a 3×3 matrix describing the internal characteristics of

the camera as shown in Equation 2.5 and using the distortion factor to undistort the images.

It has been shown that tangential distortion can often be ignored for industrial applica-

tions, and often only one radial distortion term needs to be considered, as more elaborate
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Figure 3.12: Calibration grid used to calibrate for the intrinsic parameters of the camera used
for capturing images used for the experimental work in this thesis.

models would often result in numerical instability [175]. The intrinsic parameters were

obtained by using a calibration grid, which contains grids of known geometry, as shown in

Figure 3.12. A series of images of the calibration grid were taken at different locations, and

for each image, the location of the corners in the grid were automatically extracted and these

corners were used to compute the intrinsic parameters by using the Open Source Computer

Vision Library [176]. The images can be undistorted by:

x̂= xc+s(x−xc) (3.7)

Wherex is the measured location of a pixel along the x-axis,xc is the radial distortion

centre along the x-axis and ˆx is the corrected pixel location. A similar equation holds for ŷ.

3.4.4 Homography Matrix

The homography matrix defines the spatial relationship of two images in terms of rotation

and translation. The homography matrix for all image pairs acquired in this research needed

to be computed, as the homography matrix allows for checkingof the correctness of matches

of local descriptors from image pairs. This was achieved by projecting the location of local

descriptors from one image onto another and comparing the location of the projected and

matched local descriptors. In order to compute the homography matrix, for each image pair,

at least four corresponding point pairs were manually selected. A corresponding point pair

refers to two points, one from each of the reference and sensed image, that describe the same

point in the 3D space. As the homography matrix is a 3×3 matrix defined up to scale, a

minimum of eight pieces of information is required [119] in order to compute the matrix.

This means that at least four point pairs are required, as each pair consists of two pieces of

information: the location of the points in the x and y directions, respectively. In practice,

more than four pairs are often used to ensure the accuracy of the homography matrix. To

compute the homography matrix from an over-fitted equation,the RANSAC algorithm in
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combination with a least squares fit approach was utilised which iteratively checked whether

a point pair should be used in computing the homography matrix or not.

3.5 Results and Discussion

The performances of local descriptor processes were evaluated using the criterion discussed

in [13], which are based on the number of correct matches, mismatches and correspondences

for an image pair. A plot of the recall versus 1-precision wascomputed for each image pair

used for the experiments. In addition, the recall value for each image pair was plotted against

the viewpoint changes to study the change of performance of local descriptor methods as the

image viewpoint changed. Recall is a measure of how well the local descriptor processes

performed, based on the ratio of the number of correct matches and the total number of

corresponding regions, determined by the overlap error [85]:

recall=
number of correct matches

total number of correspondences
(3.8)

An overlap of 50% was used in this research, as suggested in [85]. The 1-precision is a

measure of accuracy and is defined as:

1-precision=
number of incorrect matches

total number of matches
(3.9)

These two measures were used in evaluating the performance of local descriptor

processes in the evaluation study, as these measures are thecommon choice for existing

studies. They allow for the comparison of the performance oflocal descriptor methods with

images used in this thesis and images of other objects used inprevious studies. However,

the recall measure takes into account the performance of region detectors. Because the

local descriptor process was divided into three separate stages and studied separately in this

research, and as a result of this, the performance of the region detector methods was not of

interest and therefore the recall measure was of no practical use. The recall measure was

therefore discarded for the experiments conducted in laterchapters.

In addition, the precision, instead of 1-precision, was utilised in later experiments since

intuitively, precision is a better representation of performance. The precision is also referred

to as the ‘matching accuracy’ in later chapters. Also note that the effects of tilt changes

were not studied in the evaluation study, as it was felt that due to its similarity in nature with

viewpoint changes, an in-depth study of the effects of tilt changes for the evaluation study

was not required. The effects of tilt changes were, however,studied for the experiments

discussed in later chapters, and it was therefore introduced in this section along with the

other three image transformations.

The three image transformations that were studied for the artefacts are shown in
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Figure 3.1, and the results are shown in Figures 3.14-3.17. Due to the similarity in the trend

of the results, and because the study aimed to compare the methods involved against each

other, the discussion of the results in the following sections refer to the results for the flute

artefact. Similar trends were observed for the other artefacts and the discussions presented

are applicable to the results presented in Figures 3.15-3.17.

3.5.1 Recall versus 1-Precision Plot

Before discussing the results from the evaluation study, it is first necessary to explain how

the recall versus 1-precision plot is useful in analysing the performance of local descriptor

processes. Figure 3.13a shows three types of possible outcomes from the recall versus 1-

precision plot. The ideal result is a vertical line along they-axis, indicating that regardless

of the number of correspondences, which is a function of the overlapping error, the number

of correct matches is always the same as the number of total matches. In other words, the

precision is always one, or that the 1-precision value is always zero. This is the ideal case and

is almost never observed in real-life applications, as inaccuracies will almost always exist,

regardless of how small they may be.

The worst case scenario is a horizontal line along the x-axis, meaning that the number of

correct matches is always zero, in other words regardless ofhow many regions the algorithm

identifies, none of these regions will be correctly matched.In this case the recall value

does not change as the recall is defined as the number of correct matches over the number

of correspondences, and since the number of correct matchesis always zero, the recall is

subsequently always zero. While rare, this is possible in real-life applications where the

algorithm fails to identify any correct matches.

The typical result is a curved line that increases in value asthe 1-precision increases.

This is the most common result and often, but not always, contains a curve which has a steep

initial gradient which then flattens and increases slowly asthe 1-precision increases. One of

the possible reasons for the change in gradient of the curve is the similarity of the features in

the different regions of the images, thus making it difficultto distinguish and identify correct

matches in later parts of the registration process [13].

Figure 3.13b shows an example of how the recall versus 1-precision plot should be

interpreted. In general, the more the plot shifts towards the upper left corner, in other

words towards the ideal curve, the better performance can beexpected. On the other hand,

if the plot consists of low x values for most of the curve, as observed in some results

shown in Figure 3.14, then the performance of the local descriptor process is undesirable

and improvements are needed in order to make these methods more robust.
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Figure 3.13: Recall versus 1-precision plot showing: (a) thethree possible outcomes; and
(b) how the plot should be interpreted.

3.5.2 Rotation Changes

Figure 3.14a shows the recall plot for rotation changes. Thefigure shows minor changes

in the performance of local descriptor processes as the angle of rotation increased. An

explanation to these changes is that due to the way the local descriptor processes evaluated

are constructed [84], the recall values are higher when the angle of rotation of the image

is aligned with the angles at which the vectors of these localdescriptors were assigned.

However, due to the magnitude of changes being relatively minor, it is most suiting to

conclude that the performance of these local descriptor processes were consistent for rotation

changes.

3.5.3 Scale Changes

Figures 3.14b and 3.14c show the results for scale changes. The recall versus 1-precision plot

shown in Figure 3.14c is near straight with a slight curve, indicating that the performance of

the local descriptor processes are constant and do not change dramatically with changes

in scale. The recall plot shows that initially, changes in scale have little effect on the

performance, however as the scale change increased, it was found that the performance

degraded sharply. Further study of the images and the local descriptors computed from

these images indicated that the drop in the recall value was due to the loss of information

in the images, as a result of the images being taken from a further distance away from the

object. As a result of this, it was not possible for the methods evaluated to identify the same

set of features from the images due to this loss of information with the increased distance,

resulting in a lower recall value compared to scale changes of lower magnitudes.
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The relatively good performance of local descriptor processes for both rotation and scale

changes compared to viewpoint changes, to be discussed in the section to follow, is in

agreement with results from a previous study [173]. In the study, it was reported that the

local descriptor processes are robust against rotation andscale changes regardless of the type

of object under study. The high performance of local descriptor processes for images with

rotation changes was expected, as the local descriptors arenormalised in terms of orientation

prior to being used to identify correspondences in image pairs. As such, rotation changes

should, in theory, have no effect on the robustness of the algorithms. As the local descriptors

are also normalised for scale, robustness against scale changes was also expected and this is

partly true, where for scale changes of up to two the performance did not vary significantly.

The poor performance of the algorithms for scales of higher values was identified to be due

to the removal of backgrounds in the images, and the object does not cover the entire image

for images of larger scales. This means that the size of the object in the images is smaller, and

therefore less information from the images are available compared to the evaluation studies

in [13, 91].

3.5.4 Viewpoint Changes

Viewpoint changes often posed the greatest challenge for image registration algorithms in

general and this is reflected in the results obtained. Figures 3.14e and 3.14f show the recall

values plotted against the 1-precision values for two different viewpoint changes: 5◦ and 10◦.

In Figure 3.14e, a slowly increasing curve is shown which indicates that the performance

was influenced by the degradation of images, in particular, changes in viewpoint angle.

The near-horizontal curve in Figure 3.14f indicates that the performance was limited by

the similarity of the features of the objects due to distortion of the objects in images, and the

local descriptor processes can no longer distinguish between these features. From the results

obtained for viewpoint changes of higher magnitudes, it is clear that as the angle of viewpoint

change increased, the smaller the gradient of the curves became, as a result of the difficulties

the local descriptor processes had in registering images under these circumstances.

Figure 3.14d shows the recall values for the different viewpoint angles, similar to

Figures 3.14a and 3.14b. As can be seen, the recall values degraded rapidly as the viewpoint

angle increased or decreased away from zero, indicating thepoor performance of the local

descriptor processes for dealing with images consisting ofviewpoint changes. Note that the

recall value for a zero viewpoint change was computed from two images of the artefacts

taken from very close, however not identical, viewpoints. Close inspection of the matched

local descriptor pairs show that the reason for a relativelylow recall value for this zero

viewpoint angle change is due to the way local descriptors were matched. For a low threshold

value for matching using the threshold matching method which will be discussed in detail
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in Chapter 5, not all the local descriptors which describe thesame point in the 3D space

were matched correctly, however if the threshold value was increased, then the number of

mismatches increased which also decreased the recall value.

Mismatches are particularly problematic in images of objects such as the flute and tiki

artefacts, due to the repetitive regions which exist on the surface of the objects. By analysing

the mismatched local descriptor pairs, it was found that there are two issues associated with

the mismatches. The first is that the local descriptors are not distinct enough and as a result,

for regions which have similar appearances, the local descriptors computed are very similar,

making it nearly impossible to distinguish between two different regions. Another issue is

due to the way local descriptors were matched. By using the threshold matching method,

all the features which exist in the difference vectors of local descriptor pairs were reduced

down to scalar values and the comparison of local descriptorpairs were made based on the

scalar values computed from the difference vectors. This method removed a lot of potentially

useful information and led to a lower matching accuracy.
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Figure 3.14: Image matching results using four different local descriptor processes for the
flute artefact: (a) recall values for rotation changes; (b) recall values for scale changes; (c)
recall versus 1-precision plot for scale changes; (d) recall values for viewpoint changes; (e)
recall versus 1-precision plot for a 5◦ viewpoint change; and (f) recall versus 1-precision plot
for a 10◦ viewpoint change.
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Figure 3.15: Image matching results using four different local descriptor processes for the
patu artefact: (a) recall values for rotation changes; (b) recall values for scale changes; (c)
recall versus 1-precision plot for scale changes; (d) recall values for viewpoint changes; (e)
recall versus 1-precision plot for a 5◦ viewpoint change; and (f) recall versus 1-precision plot
for a 10◦ viewpoint change.
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Figure 3.16: Image matching results using four different local descriptor processes for the
wahaika artefact: (a) recall values for rotation changes; (b) recall values for scale changes;
(c) recall versus 1-precision plot for scale changes; (d) recall values for viewpoint changes;
(e) recall versus 1-precision plot for a 5◦ viewpoint change; and (f) recall versus 1-precision
plot for a 10◦ viewpoint change.
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Figure 3.17: Image matching results using four different local descriptor processes for the
tiki artefact: (a) recall values for rotation changes; (b) recall values for scale changes; (c)
recall versus 1-precision plot for scale changes; (d) recall values for viewpoint changes; (e)
recall versus 1-precision plot for a 5◦ viewpoint change; and (f) recall versus 1-precision plot
for a 10◦ viewpoint change.
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3.5.5 Ranking of the Algorithms Based on Accuracy

For the three types of image transformations studied, the four local descriptor methods

compared had similar performances, however, it was clear that SURF out-performed the

other three. This was in contrast to some previous studies which suggested that SIFT was the

best local descriptor method. The improvement was particularly noticeable in Figure 3.14d

which shows the performance of the local descriptor processes for viewpoint changes which,

as discussed earlier, was the main image transformation of concern due to the nature of the

images required for 3D reconstruction purposes.

From the results, the ranking of the local descriptor methods is as follows: SURF out-

performed the other methods, with SIFT following close in second, followed by PCA-

SIFT and GLOH which have similar performance for the image transformations studied.

In addition to the higher accuracy achieved with the SURF local descriptor method, it was

significantly faster than all the other methods, including SIFT. This is because SURF was

designed with low computation time in mind, and due to the smaller number of features

found in the SURF local descriptors which is 64D as opposed to SIFT and GLOH which are

both 128D, the matching of these local descriptors by using the threshold method was faster.

Even though PCA-SIFT is 36D, the computation time for computing the local descriptors

was significantly higher than SURF and as a result, was slower than SURF overall. It should

however be noted that the computation time of local descriptors was not of the main concern,

as the aim of the research was to develop robust algorithms for registering images which can

then be used for 3D reconstruction of the objects. In addition, as the registering of images

for 3D reconstruction is an offline process, similar to the majority of image registration

applications, real-time performance was not the main concern.

3.6 Issues with Existing Methods and Development of New

Algorithms

Based on the results from the evaluation study, issues with existing local descriptor processes

were identified. Close inspection of local descriptor processes led to the division of the

process into three separate stages: (a) region detection; (b) local descriptor forming; and

(c) local descriptor matching, as shown in Figure 2.4. By dividing the local descriptor

process into three stages, it was possible to analyse each stage individually and identify

the problems which exist in these stages. A close inspectionof the fundamental theory of

region detectors, a subset of feature detectors, suggestedthat it was difficult to improve on

the performance of these techniques for objects without distinct features, and in these cases,

other approaches such as laser scanners or manual alignmentof the images would be more

suitable approaches [18, 20].
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From the issues identified in the evaluation study, it was concluded that more unique

local descriptors were needed and the matching process should be improved. From this,

The focus of the research was turned to improving the second and third stages of the

process, namely local descriptor forming and local descriptor matching. This is discussed

in Section 3.6.1. In addition, as it was shown from the evaluation study, local descriptor

processes performed poorly for images which underwent significant viewpoint changes. This

is consistent with previous studies which concluded that image registration algorithms are

susceptible to changes in viewpoints. As a result, experiments were also conducted which

studied alternatives to pure image registration techniques for registering images by means of

an assisted image registration approach, while minimisingthe amount of end-user input as

much as possible. This is discussed in Section 3.6.2.

3.6.1 Improvements to Local Descriptor Processes

Local Descriptor Formation

The aim of developing new techniques for computing local descriptors was to increase the

uniqueness of the local descriptors formed. The uniquenessof the local descriptors affect

how easy it is for the matching algorithm to accurately matchlocal descriptors, and is

considered the most crucial stage of the local descriptor process. From the evaluation study,

it was clear that the mismatches were attributed with similarities of local descriptors from

the same image which originated from different regions. By developing new algorithms that

can produce more unique local descriptors, this issue can bereduced and ideally, eliminated.

In contrast to conventional methods which compute local descriptors from greyscale images,

it was proposed that colour images be used, as there are numerous benefits from using colour

images compared to greyscale images. This will be discussedin detail in Chapter 4, where

the developed algorithms are presented, and experimental work conducted that show the

developed algorithms out-performed existing methods.

Local Descriptor Matching

The second issue identified in existing local descriptor processes was the way local

descriptors were matched. By using the commonly utilised threshold matching method,

features from the difference vectors of local descriptor pairs are reduced to scalar values and

the correctness of matches of local descriptor pairs are based on these scalar values. Despite

this downside, the matching of local descriptors has been a much neglected area in the local

descriptor process. It is not hard to imagine the amount of information that are lost in this

transition from vectors to scalar values, and therefore this research explored new methods

for matching local descriptors. Instead of reducing the dimensionality of the difference

vectors of local descriptor pairs to scalar values and effectively discarding potentially useful
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information, the difference vectors were instead fully utilised. A local descriptor matching

method utilising SVM was developed and will be discussed in detail in Chapter 5.

3.6.2 Assisted Image Registration

In addition to improvements made to local descriptor processes, another area which was

explored was to develop an ‘assisted’ image registration method. As it is a well-known fact

that image registration methods have limited success when dealing with large magnitudes

of viewpoint changes [9], it was of interest to determine howmuch improvement can be

gained by having an assisted approach, where the end-user can assist in the alignment of

images, while reducing the effort and specialised knowledge in computer vision required by

end-users.

To this end, an user-assisted programme was developed whichrequires a minimal amount

of input from the end-user, however with a significant increase in the matching accuracy

of images even in the presence of large magnitudes of viewpoint changes. This will be

discussed in detail in Chapter 6.

3.7 Conclusions

The evaluation study highlighted issues with existing local descriptor processes. New

algorithms needed to be developed, keeping in mind the challenges posed by the objects

studied, resulting in a more robust approach for registering images. The two terms

used to discuss the results in the experimental work conducted throughout this research,

namely accuracy and robustness, were defined which allows for a better understanding and

interpretation of the results presented in this thesis.

Prior to presenting the results from the evaluation study, the experimental setup which

was used for all the experiments conducted was presented. The evaluation study was then

presented and from the results, it was concluded that viewpoint changes pose the biggest

challenge for image registration algorithms in general, and is in agreement with existing

literature. Based on the evaluation study, the areas which needed attention were discussed

and it was concluded that the different stages of local descriptor process should be tackled

separately. The focus of the research was placed on the localdescriptor formation and

matching stages. In addition to improvements to local descriptor processes in these two

stages, an assisted image registration was also proposed toovercome the common issue of

the inability of image registration methods in dealing withlarge viewpoint changes. This

approach aimed to combine image registration algorithms with the human eyes and provide

a more robust method for registering images while only requiring a minimal amount of user

input.
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The evaluation study carried out and discussed in this chapter is an important piece

of work, as it provides a detailed understanding of the capabilities of existing algorithms.

Without this understanding, it is difficult to improve on existing algorithms, since the issues

that exist cannot be fully understood. Due to this importance, it can be concluded that this is

an important contribution towards improving local descriptor methods.
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Chapter 4

Colour and Hybrid Local Descriptors

Methods

This chapter investigates local descriptor methods utilising colour images instead of greyscale images to

improve the uniqueness of the local descriptors. A colour model was utilised in order to be invariant to

illumination condition changes. Two local descriptor methods, namely colour local descriptor and hybrid local

descriptor methods, were developed. Results from the experiments conducted show that these methods are

more robust against a variety of image transformation and illumination condition changes compared to existing

methods.

The world we live in is filled with many colours, and the technology for acquiring

colour images have existed for over a hundred years, with thefirst known permanent colour

photography taken by Maxwell in 1861 [8] as shown in Figure 4.1. Intuitively, it therefore

makes sense that colour images, instead of greyscale images, should be used for computer

vision applications. This is, however, not the case in many real-life applications and for many

years the focus has been placed on greyscale images, whetherit is for object recognition,

image registration, 3D reconstruction or other aspects of computer vision [177, 178]. The

main drawback of colour images and reason for the popularityof greyscale images has been

the lack of computation power and the incapability of computers to process colour images,

however, with the growing computation power of modern computers [179] it is now possible

to develop a whole new range of methods for image processing applications. Integrating

colour images with existing techniques is however not a straight-forward process, as colour

images often suffer from illumination issues, which affectthe appearance of object in images,

thus affecting the performance of image processing techniques [180]. In addition, many

image processing techniques have been designed only with greyscale images in mind and

are not versatile enough to be used with colour images without significant modifications.

Existing studies that make full use of colour images for image registration have been

scarce, and only a handful of work exist for local descriptors utilising the advantages of
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Figure 4.1: The first known permanent colour photograph, taken by James Clark Maxwell in
1861 (reproduced from [8]).

colour images. There is clearly a need for further research in this area to take full advantage

of the computation power of modern computers today and the amount of additional data

available from colour images.

This chapter presents two new local descriptor methods by integrating local descriptors

with colour images and in doing so, the local descriptors aremade more unique and easier

for local descriptor matching methods to identify correct local descriptor pairs from image

pairs. A colour model instead of colour images is utilised tohandle changes in illumination

conditions. The performance of the two methods were verifiedusing images of M̄aori

artefacts presented in Chapter 3, which contain both regionswith repetitive features as well

as regions that have a lack of distinct features.

This chapter is structured as follows. The limitations of greyscale images are discussed

in Section 4.1 which forms the basis for the need for local descriptors utilising colour

images. This is followed by a literature review in Section 4.2 on existing methods for

integrating colour information with local descriptors, the issues faced and reasons why

improvements were needed. The two new local descriptor methods, referred to as ‘colour

local descriptors’ and ‘hybrid local descriptors’, are presented in Sections 4.3 and 4.4 which

include an in-depth discussion on the various colour modelsand why colour models were

preferred over using standard colour images. In addition, two feature-reduction methods to

reduce the computation time of the colour local descriptor method are also developed. An

uniqueness test for the local descriptor methods, as well asexperiments conducted to verify

the performance of the methods and the experimental setup are presented in Section 4.5. The

results for these experiments, as well as a detailed discussion on the results are presented in

Section 4.6 and the chapter is concluded in Section 4.7.
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4.1 Limitations of Greyscale Images

Results from the evaluation study presented in Chapter 3 suggest that local descriptor

methods have limited success in registering images of objects used as case studies in this

research. Close inspection of the registration results shows that the matching accuracy can

be further improved, since many local descriptors were mismatched due to the ambiguity

of these local descriptors. This is best illustrated in Figure 4.2, where local descriptors

of four different regions from an image pair are shown graphically. Figure 4.2a shows a

SURF local descriptor computed from a region in the sensed image, and this local descriptor

is incorrectly matched to Figure 4.2b, a SURF local descriptor from the reference image.

Figure 4.2c shows the local descriptor from the reference image, which is the correct match

for the local descriptor in Figure 4.2a. As can be seen in the figures, the local descriptors in

Figures 4.2b and 4.2c appear very similar and it is difficult to distinguish between the two.

A more unique local descriptor method, which has more variations in the individual vectors

of the local descriptor is shown in Figure 4.2d. The issue faced in Figure 4.2 was not unique,

and can be found throughout the matched local descriptor pairs in any given image pair in

the experiments conducted in Chapter 3.

In order to increase the uniqueness of the local descriptors, the images used in the

experimental work were carefully examined. By comparing theoriginal, RGBimages with

their greyscale counterparts, it is clear that a large amount of data is lost in the conversion

from theRGBcolour space to a greyscale one. ARGB image is typically converted to its

greyscale counterpart by:

Y = 0.3×R+0.59×G+0.11×B (4.1)

WhereR,G andB are the pixel intensity values of the red, green and blue channels in

the RGB image, respectively, andY is the pixel intensity value in the greyscale image. It

should be noted that the weights for computing a greyscale image presented in Equation 4.1

are typical values used, and the exact weights are dependenton the choice ofRGB

primaries [181]. From Equation 4.1 it is clear that this method of conversion is prone to

ambiguity in the greyscale image computed as multiple combinations ofRGBvalues can

result in the same value ofY. An example of this is shown in Figure 4.3. Figure 4.3a

is the originalRGB image and Figure 4.3b shows the greyscale image computed using

Equation 4.1. These figures demonstrate that a wide variety of colours are represented

by the same greyscale representation and while the figures shown is an extreme case, it

demonstrates the incapability of greyscale images in trulyrepresenting the colour captured

by modern cameras. This limitation meant that a search for better local descriptors that

utilise colour images was required.
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(a) (b)

(c) (d)

(e)

Figure 4.2: SURF local descriptors for: (a) local descriptorfrom the sensed image; (b)
local descriptor from the reference image to which (a) is incorrectly matched to; (c) local
descriptor from the reference image which is the correct match for (a); (d) an example of
a more unique local descriptor; and (e) images containing the local descriptors shown in
(a)-(c).
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(a) (b)

Figure 4.3: The incapability of greyscale images for representing colour images: (a) the
different colours which appear as the same shade in a greyscale image; (b) greyscale image
of (a).

4.2 Review of Local Descriptors Based on Colour Images

Published research studies on the effects of combining local descriptors with colour images

have been scarce. The primary focus of development in local descriptor methods is still very

much in using greyscale images. However, previous studies have shown that by combining

the additional data available from colour images with localdescriptors, the performance can

be improved and as such, it was of interest to pursue and further develop local descriptor

methods utilising colour images. A comprehensive review oflocal descriptor methods has

already been presented in Chapter 2, and this section discusses two more studies on local

descriptors based on colour images.

Abdel-Hakim and Farag [98] proposed the Colored SIFT or CSIFT local descriptor

method which is an extension to the SIFT local descriptor method. CSIFT combines SIFT

with a colour model based on the Kulbelka-Munk theory [99] which models the reflected

spectrum of coloured bodies. To detect a set of interest regions, the colour invariant images

from the colour model are used and the extrema in the difference of the Gaussian pyramid

are used for the interest points. Instead of the gradients ofgreyscale images as used in the

SIFT local descriptor method, the gradients of the colour invariants are used to construct

the CSIFT local descriptors. Experiments conducted showed an improvement over the

SIFT local descriptor method in the repeatability of the features under different illumination

directions and intensities [98].

Weijer and Schmid [182] also studied the effects of combining local descriptors with

colour images. Different colour models were studied including normalisedRGB, hue,

opponent angles, spherical angles and comprehensive colour image normalisation [183]

based on four criteria: (a) photometric robustness; (b) geometric robustness; (c) photometric
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stability; and (d) generality. Performance gains were observed in all the experiments

conducted. Based on the results, different colour models were suggested depending on the

images concerned. For scenes with saturated colours, it wassuggested that the hue model

should be used, and with less saturated colours, the opponent angle approach should be used.

One of the main issues in these studies was that from the evaluation study and

results presented in Chapter 3, it was found that SURF out-performed SIFT for all image

transformations studied, and it would be of interest to basethe work on the SURF local

descriptor method instead of the SIFT local descriptor method to take advantage of the better

performance observed. Another issue was that the effect of changes in illumination colour

was not studied, and this was a concern in the registration ofimage of M̄aori artefacts, as the

illumination colour in the Auckland War Memorial Museum, where a vast number of M̄aori

artefacts are stored and will be digitally reconstructed isnot always of the same colour and

this would have an impact on the performance of the local descriptor method used.

To overcome these issues, two new approaches combining local descriptors with colour

images have been developed based on the SURF local descriptormethod and a colour model

invariant to changes in various illumination changes including colour and intensity. The

colour local descriptor method uses colour models for computing the local descriptors, while

the hybrid local descriptor method is a hybrid method consisting of both area- and feature-

based methods. The two methods make use of the colour information available from the

original colour images, as shown in Section 4.1. The colour model contains much more

information than their greyscale counterparts and does notsuffer from the issues which

arose from the use of greyscale images, such as the incapability of distinguishing from two

different colours due to the way greyscale images are constructed.

To provide a fair comparison between conventional local descriptor methods such as the

SURF local descriptor method based on greyscale images and the two developed methods

in this thesis based on colour images, the interest regions used in the experiments conducted

in this chapter were computed from the same source for each image. The Harris-Laplace

detector [184] was utilised using the greyscale images of the artefacts for the experiments.

The Harris-Laplace was chosen due to its high performance inprevious studies [182, 80]

and by using the same set of interest regions, controlled experiments were possible. The

comparisons were made between the performance of the local descriptors constructed using

greyscale and colour images only and are independent of the interest regions computed.

4.3 Colour Local Descriptors

Figure 4.4 shows an overview of conventional local descriptor methods, which compute both

the interest regions and local descriptors from the greyscale image, often converted from the

original colour image. As can be seen, the colour information of the scene from the original
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Original image
Greyscale

image

Local
descriptors

Interest regions

Figure 4.4: Overview of conventional local descriptor methods. Both the interest regions and
local descriptors are computed from the greyscale image which in turn is computed from the
original, colour image.

image is not utilised since the image is converted to its greyscale counterpart before any

computation takes place. The first method in this chapter aimed at utilising this discarded

data and is referred to as the colour local descriptor method, which are local descriptors

computed from colour models instead of greyscale images. This approach was motivated by

previous study [98], however improvements were made to further enhance the capabilities

of the local descriptor method in dealing with illuminationcondition changes. The colour

local descriptor method was developed with the aim of havinga better representation of

specific regions from the images, achieved by increasing theuniqueness of local descriptors

by using colour images which contain more information aboutthe scene compared to

greyscale images. In addition, by integrating local descriptors with colour models, changes

in illumination conditions can be properly handled.

An overview of the colour local descriptor method is shown inFigure 4.5. The major

difference between the developed method and conventional local descriptor methods shown

in Figure 4.4 is that the colour local descriptor method makes use of a colour model to fully

utilise the information available from the original colourimages. The colour local descriptor

method is described as follows. First a reference image is converted to two images: (a) a

greyscale image; and (b) a colour model of the original image. After the two images are

computed, a set of interest regions are then detected using the Harris-Laplace region detector

on the greyscale image. This process is repeated for the sensed image of the same image

pair.

Once the interest regions have been computed for both the reference and sensed images,

the next step is to construct the colour local descriptors from the colour model in the

following manner. For them1m2m3 model used that will be discussed shortly, there are three

colour channels, namelym1, m2 andm3. For each colour channel, the local descriptor is

computed by first defining a square region around the interestregion with the orientation

of the square region defined by the region detector. The square region is then divided
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Original image

Greyscale
image

Colour model

Interest regions

Colour local
descriptors

Figure 4.5: Overview of the colour local descriptor method.The interest regions are
computed from the greyscale image while the colour local descriptors are computed from
the colour model of the original, colour image.

Original image

m3
m2

m1 m1

y

y

x

x

d

d

d

d

�

�

�

�

Figure 4.6: Overview of the computation of the colour local descriptor method. For each
region in a colour channel, it is divided into 4× 4 = 16 sub-regions. The Haar wavelet
responses are then computed for each sub-region. The wavelet responses from each sub-
region are combined to form the colour local descriptor.

into 4× 4 = 16 sub-regions. For each sub-region, the Haar wavelet responsesdx and dy

are computed along the horizontal and vertical axes, which are defined in relation to the

orientation of the square region. To increase the method’s robustness, the wavelet responses

are then weighted with a Gaussian centred at the centre of theinterest region. Given these

weighted wavelet responses, the following are computed:Σdx, Σdy, Σ|dx| andΣ|dy|. This

results in four vectors for each sub-region, resulting in a total of 4×4×4= 64D [84]. Once

the three sets of local descriptors are computed, one for each of the three colour channels,

these local descriptors are then combined to form the colourlocal descriptor for the interest

region concerned. Given three colour channels, this results in colour local descriptors of

64×3= 192D for each interest region. This process is shown graphically in Figure 4.6.

After sets of colour local descriptors have been computed for the reference and sensed

images, these local descriptors are then matched to identify a set of corresponding local

descriptors and this is achieved using the threshold matching method with Euclidean distance

measure. The Euclidean distance measure is one of the most common measure for comparing

local descriptors and is defined as:
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L2 =
(
Σn

i=1|x1
i −x2

i |2
)1/2

(4.2)

Wherex1
i andx2

i are theith vectors of local descriptors ofv dimensions from the reference

and sensed images, respectively. In this casev = 192. L2 is the Euclidean distance of the

difference vector of a local descriptor pair. To determine whether a colour local descriptor

pair is a correct match or not, a threshold is applied. For each colour local descriptor in the

sensed image, the Euclidean distance of colour local descriptors from the reference image

are computed and for any pair that has an Euclidean distance equal to or smaller than the

defined threshold, the pair is considered to be a correct match:

L2 ≤ τL2 (4.3)

WhereτL2 is the threshold for the Euclidean distance measure.

4.3.1 Colour Models

The main area of concern for the colour local descriptor method is the use of a colour model.

One of the reasons colour images are not used in many image processing applications,

aside from the increased computation requirement of the images, is that they are prone

to illumination changes. In order to integrate colour information with local descriptors,

first a method for utilising the colour information must be determined. This was affected

by the many external factors when taking images of Māori artefacts which cannot always

be controlled perfectly, even in a laboratory environment,which is not the case where

many Māori artefacts are stored in the Auckland War Memorial Museum. The common

conditions generally present real-life applications include changes in [180]: (a) illumination

colour; (b) illumination direction; (c) illumination intensity; (d) specular highlights; and

(e) viewing direction. The simplest method for utilising colour information for computing

local descriptors is to compute the local descriptors usingcolour images directly instead

of greyscale images as it has been done in many image registration algorithms. This is,

however, unreliable in many cases as theRGB colour space cannot handle the various

imaging conditions listed above. To gain a better understanding of the capabilities of various

colour models, a list of common colour models, as well as their strengths and weaknesses

are shown in Table 4.1.

TheRGBcolour space is the most widely known and commonly used colour space due

to its simplicity and wide usage both in industry and the consumer world. Each colour can

be defined by a combination ofR, G and B values, for example black is represented by

(R,G,B) = (0,0,0) and white by(R,G,B) = (M,M,M), whereM is the maximum value

for R, G andB. While theRGBcolour space is very simple to work with, it suffers from

the incapabilities in dealing with the various illumination conditions, and is therefore not
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Table 4.1: List of the common colour models and the imaging conditions which they are
invariant to.+ denotes the colour model is invariant to the particular imaging condition and
− denotes the colour model is susceptible to changes in the imaging condition.

Illumination Illumination Illumination Specular Viewing
colour direction intensity highlights direction

RGB - - - - -
Norm. RGB - + + - +

Intensity - - - - -
Hue - + + + +

Saturation - + + - +
c1c2c3 - + + - +
l1l2l3 - + + + +

m1m2m3 + + + - +
Opp. ang. - - + + -

Spher. ang. - + + - +

suitable for many image processing applications. A remedy for the issues in theRGBcolour

space is the use of the normalisedRGBcolour model. By normalising theRGBcolour space,

it is possible to achieve invariance to changes in illumination direction and intensity, as well

as changes in viewing directions. The normalisedRGBcolour model is defined as:

r(R,G,B) =
R

R+G+B
(4.4)

Wherer(R,G,B) is the normalised representation of theR channel. Similar equations

hold for g(R,G,B) andb(R,G,B), the normalisedG andB channels, respectively. Despite

the simplicity of theRGBcolour space and the normalisedRGBcolour model, however, for

many computer vision applications colour images are often not used. The intensity image

I(R,G,B) is used. Intensity is the combined value of theRGBcolour space and is computed

by:

I(R,G,B) = R+G+B (4.5)

This can be considered a special type of greyscale images computed using Equation 4.1.

While a typical greyscale image has weights for theR, G and B channels of 0.3, 0.59

and 0.11, respectively, an intensity image has weights of 0.33̇ for each of the three

channels. Similar to greyscale images, intensity images suffer from the ambiguity issue

when representing colour images.

Aside from intensity images, other popular methods for representing images include hue

and saturation. Hue refers to colour impressions which are often described by names such as

‘red’, ‘green’, and ‘blue’. Hue is computed from theRGBcolour space using the equation:
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H(R,G,B) = arctan

( √
3(G−B)

(R−G)+(R−B)

)
(4.6)

As a colour model, hue is often used due to its simplicity and ability to deal with almost

all types of illumination conditions as shown in Table 4.1, lacking only the ability to deal

with changes in illumination colour. The other popular choice next to hue is saturation,

which defines the colourfulness of a colour, and is the difference between a colour against

grey. Saturation can be computed from theRGBcolour space by:

S(R,G,B) = 1− min(R,G,B)
R+G+B

(4.7)

Similar to hue, saturation is invariant to various illumination conditions including

changes in illumination direction, illumination intensity and viewing direction. Unlike hue, it

is not invariant to specular highlights. In addition to the more common normalisedRGB, hue

and saturation colour models, many more sophisticated colour models have been presented

over the years. One of the colour models proposed in [180] is the c1c2c3 model, which is

invariant to illumination changes for matte, dull surfaces:

c1 = arctan

(
R

max(G,B)

)
(4.8)

c2 = arctan

(
G

max(R,B)

)
(4.9)

c3 = arctan

(
B

max(R,G)

)
(4.10)

The assumption that objects consist of only matte, dull surfaces, however, is unrealistic in

practice, and in order to accommodate for more object types,the effect of surface reflection,

or highlights, are considered. Thel1l2l3 model was presented as an improvement over the

c1c2c3 colour model, and is invariant to illumination intensity and direction changes, as well

as specular highlights for matte and shiny surfaces:

l1 =
(R−G)2

(R−G)2+(R−B)2+(G−B)2 (4.11)

l2 =
(R−B)2

(R−G)2+(R−B)2+(G−B)2 (4.12)

l3 =
(G−B)2

(R−G)2+(R−B)2+(G−B)2 (4.13)

While this model is invariant to all the different illumination conditions that have been

dealt with by other colour space and models discussed previously, one factor that was
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not considered by many methods including thel1l2l3 model is the change in illumination

colour. To counter the effect of illumination colour changes in images, the effects of

illumination colour changes was studied and based on this, anew model calledm1m2m3

was proposed [180]. This colour model aimed to be invariant to illumination colour changes,

as well as the more obvious issues of illumination intensityand direction changes:

m1 =
Rx1Gx2

Rx2Gx1

(4.14)

m2 =
Rx1Bx2

Rx2Bx1

(4.15)

m2 =
Gx1Bx2

Gx2Bx1

(4.16)

Wherex1 andx2 are the image locations of the two neighbouring pixels for each given

pixel. Without loss of generality,m1 is used to derive the results that also hold form2 and

m3. By taking the logarithm of both sides:

log(m1(Rx1Rx2Gx1Gx2)) = log

(
Rx1Gx2

Rx2Gx1

)
(4.17)

and expanding (4.17):

log(m1(Rx1Rx2Gx1Gx2)) = log

(
Rx1

Gx1

)
− log

(
Rx2

Gx2

)
(4.18)

Using (4.18), the colour ratios can be represented as the difference of two neighbouring

pixels,x1 andx2:

dm1 (x1,x2) =

(
log

(
R
G

))

x1

−
(

log

(
R
G

))

x2

(4.19)

By considering these differences in a particular orientation between the neighbouring

pixels,dm1, the finite difference differentiation is obtained, which is invariant to changes in

illumination direction, intensity and colour. Similar equations can be obtained form2 andm3

using the same approach. A disadvantage to this approach, however, is that unlike thel1l2l3
model and the hue image, it is not invariant to specular highlights.

Two colour models discussed in [182] are the opponent angle and spherical angle models.

The opponent angle is invariant to specularities in the caseof white illumination and is

defined by:
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angO1 =
R−G√

2
(4.20)

angO2 =
R+G−2B√

6
(4.21)

This is however unstable around the grey axis and therefore an error analysis is applied,

resulting in:

δangO =
1√

(angO1)
2
+(angO2)

2
(4.22)

The spherical angle on the other hand is invariant to change in illumination direc-

tions [182] and is defined by:

angS1 =
GxR−RGx√

R2+G2
(4.23)

angs2 =
RxRB+GxGB−BxR2−BxG2
√
(R2+G2)(R2+G2+B2)

(4.24)

Similar to the opponent angles, an error analysis is appliedfor stability:

δangS=
1√

(angS1)
2
+(angS2)

2
(4.25)

In [182], it was suggested that the opponent angle should be used in the case of diffused

lighting, and the hue image should be used in cases where saturated colours exist. While

there exists many more colour models, it is impossible to cover all of these and therefore

a selected few have been presented, and the selection of a suitable colour model was made

from the list of models discussed.

In order to fully utilise the invariant properties of the colour models discussed above,

it was important to first consider the imaging conditions that may be encountered. As

many Māori artefacts are of high historical value, the images often need to be captured in

environments where excessive lighting is not present so as to prevent damage to the artefacts.

This is due to the fact that many artefacts are fragile and sensitive to strong illumination.

Because of this, specular highlights are unlikely as diffused lighting is often used to evenly

distribute the light onto the objects, avoiding concentration of light in one region. Also, in a

museum environment it is not uncommon to have different colours and intensities of lighting

present in order to showcase the artefacts fully across different locations of the museum.

Since the aim was to develop a robust method that can be applied not only to images of

Māori artefacts, but is also versatile and can be applied to other objects with similar features,
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Figure 4.7: MATLAB programme for convertingRGBimages into various colour models.

it was desirable to acquire images of the artefacts without disturbing or moving the artefacts

greatly if possible, in other words, the various illumination colours and intensities needed

to be dealt with. Based on the conditions faced, it was determined that them1m2m3 model

is the most suitable as this colour model is invariant to changes in illumination colour and

intensity and in addition, is invariant to almost all other illumination conditions, only missing

the ability to deal with specular highlights which, as discussed previously, is unlikely to be

encountered and is therefore the most suitable model.

A MATLAB programme was developed to allow for a quick and efficient way of

visualising the images transformed to the various colour models discussed, and was used

to assist in determining the suitability of the colour models. This programme is shown in

Figure 4.7. In the figure shown, the image is separated into the three colour channels of the

RGBcolour space: red, green and blue.

4.3.2 Feature-Reduction

A disadvantage of the colour local descriptor method that does not in fact affect image

registration of images in many real-life applications is the increased computation time of the

developed method, due to the increased number of features inthe colour local descriptors.

As many image registration applications being offline processes, real-time performance is

often not required and this was therefore not considered a drawback. However, it is always

desirable to reduce the computation time as this leads to a reduction in the overall processing

time and potential reduction in the cost associated with theapplication of interest.

As the colour local descriptor method makes use of them1m2m3 colour model and is

based on the SURF local descriptor method, colour local descriptors are 192D. This is three

times the size of SURF local descriptors due to the three colour channels from the colour

model utilised. The computation time of local descriptors does not increase dramatically with
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Figure 4.8: The two feature-reduction methods for the colour local descriptor method.

the increased dimensionality of the local descriptors, dueto the relatively efficient method

of computing [84], the focus was the placed on the matching process which can be time-

consuming in comparison. By reducing the number of features in colour local descriptors,

the computation time required for computing the Euclidean distance measure of difference

vectors of colour local descriptor pairs can be reduced.

To reduce the size of these local descriptors, two methods were developed with the colour

local descriptor method. The first method makes use of PCA, while the second is based on

the weighting of the colour channels from the colour model. Note that the two dimension

reduction methods discussed below only apply to the colour local descriptor method and not

the hybrid local descriptor method to be presented in Section 4.4. This is due to the fact

that the two local descriptor methods discussed take different approaches to constructing

local descriptors using colour images, resulting in two local descriptor methods of different

nature. From the experimental work conducted which will be discussed in Section 4.6, it

was felt that the colour local descriptor method is the more practical approach of the two

methods developed in this research, more work had thereforegone into further developing

and improving the colour local descriptor method. Figure 4.8 shows how the two feature-

reduction methods are integrated with the colour local descriptor method. The weighted

channel method is applied after the local descriptors have been computed for each colour

channel of the image, before the local descriptors are combined to form the colour local

descriptors for the image. The PCA method on the other hand is applied after the colour

local descriptors are formed and works with the complete colour local descriptors.
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Principal Component Analysis

PCA is one of the most well-known and widely used feature-reduction methods in statistics

for its simple, yet effective approach. PCA has been previously applied in local descriptor

methods to reduce the number of features of local descriptors [97, 91], where larger-than-

conventional local descriptors are reduced to be in line with the size of conventional local

descriptors such as SIFT and SURF. In this research, PCA is applied in a similar manner

to [97, 91] where the aim was to reduce the number of features of colour local descriptors in

an attempt to reduce the computation time when comparing colour local descriptors, while

maintaining the performance the original colour local descriptor method is capable of.

The process for applying PCA is as follows. Suppose each colour local descriptor has

v dimensions, and there arem colour local descriptor pairs consisting of correctly matched

colour local descriptors from the reference and sensed images, the data matrixX is then

a 2m× v matrix. This data matrix is mean-shifted by first computing the mean for each

column, then shifting the data matrix by this vector of means. The covariance matrix of the

data matrix can then be computed by:

C = cov(X)

=
X′X
m

(4.26)

By finding the eigenvalues and eigenvectors of the covariancematrixV−1CV =D, where

D is the diagonal matrix of eigenvalues andV the eigenvectors, a set of principal component

(PC) scores can be obtained, where PC scores =XD. The eigenvalues give indication on how

much information the eigenvectors represent, and by analysing the eigenvalues, it is possible

to determine how many PC scores or vectors should be retainedin the local descriptors.

Two methods for determining the number of components required are utilised, namely the

Kaiser’s criterion [185] and scree graph [186]. The Kaiser’s criterion states that only those

components that have eigenvalues greater thanΣi
λi
v should be kept. One common problem

with Kaiser’s criterion, however, is that this method oftenretains too many components and

therefore the scree graph is also used in assisting the component selection process. The scree

graph is a plot of eigenvalues against thei-th component. If the corresponding eigenvectors

of the eigenvalues are sorted in descending order, then the scree graph obtained is a declining

curve which can be used to manually select the number of PCs by manually separating the

‘large’ and ‘small’ eigenvalues. This is determined by identifying where the ‘elbow’ of the

curve is which is the point where the gradient of the curve changes significantly.

Figure 4.9a shows an example of how PCA can reduce the number offeatures for colour

local descriptors. The data clouds in the figure are originally described by the two axes,x1
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Figure 4.9: (a) How PCA is used to reduce the number of featuresin the colour local
descriptor method; and (b) Scree-diagram used for selecting the number of PCs.

andx2. By computing the eigenvalues and eigenvectors of the data matrix, PCA transforms

the dataset to a new set of axis as shown in the figure, and it is now possible to describe the

data clouds by using a single axis while maintaining the majority of the information about

the dataset. Figure 4.9b shows an example of the scree graph and the Kaiser’s criterion. The

dashed line in the figure represents the Kaiser’s criterion valueΣi
λi
v . As can be seen from

the figure, the number of PCs from the two methods often do not match exactly and when

selecting the number of PCs, it is important to experiment with different numbers of PCs

suggested by these two methods.

An important factor is that in order to apply PCA for reducing the number of features in

colour local descriptors, the covariance matrix of correctly matched colour local descriptors

is required. Since it is not possible to obtain the covariance matrix when matching colour

local descriptors, as this implies that the correct matchesof the colour local descriptors are

known and therefore the images would have already been registered, the covariance matrix

needs to be estimated in a training phase. The training phaseinvolves acquiring images

of objects containing features similar to those found in theobject to be registered, and by

computing the homography matrix of the various image pairs,a set of training data consisting

of correctly matched colour local descriptors can be obtained. By using this set of correctly

matched colour local descriptors, it is then possible to obtain a covariance that is a good

representation of the covariance matrix of the colour localdescriptors to be matched in the

new image pairs of the object of interest.

In the case that the object of interest is an one off, or the nature of the features found on

the surface of the object is unknown, it is also possible to train the covariance matrix using

images from a wide variety of objects. This approach of obtaining the covariance matrix

is the same as it has been discussed in existing literature for both the PCA-SIFT [97] and

GLOH [13] local descriptor methods.
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Figure 4.10: Example of how the feature-reduction method using PCA works on colour local
descriptors. First, local descriptors are computed for each of the three colour channels. These
are then combined to form the colour local descriptor. Finally, PCA is applied to re-represent
the colour local descriptor with a reduced number of features.

Figure 4.10 shows a simplified example of how the feature-reduction method using

PCA works. First the local descriptors for the colour channels are computed, these local

descriptors are then combined together to form the colour local descriptors for each image,

and finally, PCA is applied to reduce the number of features in the colour local descriptors.

Weighted Channels

The second method developed for reducing the number of features of colour local descriptors

works by weighing the interest regions in the individual channels of the colour model,

m1m2m3, and based on the weights, the number of features of local descriptors from each

channel is reduced before they are combined to form the colour local descriptors. This

method works by analysing the variance of colour in each of the three colour channels,

which affects the way local descriptors are computed. Localdescriptors describe features in

local regions, and work best when the local regions have distinct features, in other words, the
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intensity of the pixels in a given region would ideally be changing across different locations

of the region.

The weighted channel method is described as follows. First the interest regions and

local descriptors for each colour channel of images from an image pair are computed. For

each colour channel, the variance is computed for each interest region by using the pixel

intensities inside the interest regions. This results inr variances forr interest regions in each

colour channel. This process is then repeated for the other two colour channels. Given the

three sets of variances, one for each colour channel, the weights of the colour channels can

be determined by taking into account how much variability there are in each of the channels.

The more variation means that the local descriptor for the colour channel is more unique

and would therefore be of more use in the decision making of the correctness of colour local

descriptor matches. To compare the variances from the threechannels, the median of the

three sets of variances is computed, and weights are assigned accordingly:

wm1 =
x̃(m1)

x̃(m1)x̃(m2)x̃(m3)
(4.27)

Wherewm1 is the weight assigned to the first colour channel, ˜x(m1) is the median for the

first colour channel and similarly for the second and third colour channels. Medians were

used instead of means to eliminate the effects of outliers which means are prone to. The

weights for the other two colour channels can be computed in asimilar manner. The weights

indicate how many vectors of the local descriptors from eachcolour channel would be used

in the colour local descriptors, and the number of vectors isdependent on the size of the local

descriptors desired:

vm1 = wm1 ×v (4.28)

Wherevm1 is the number of vectors from the local descriptors computedusing the colour

channelm1 andv the total number of vectors desired in the reduced colour local descriptor.

Similar results are obtained for the other two colour channels. An example of this is as

follows. If the weights for the three colour channels are 0.125,0.625,0.250, then to obtain

a colour local descriptor of size 64D, 0.125×64= 8 vectors would originate from them1

channel, 0.625×64= 40 from them2 channel and 0.250×64= 16 from them3 channel.

Figure 4.11 shows a simplified example of how the feature-reduction method with

weighted channels works. First local descriptors for each of the three colour channels are

computed, the required number of features are then extracted from each colour channel

depending on the weights assigned and these features are combined to form the colour local

descriptors required.
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Figure 4.11: Example of how the feature-reduction method using the weighted channels
method works on colour local descriptors. First, local descriptors are computed for each
of the three colour channels. Weights are then applies to thelocal descriptors from each
channel, and the required features are acquired from these local descriptors. Finally, the
features are combined to form the colour local descriptor with a reduced number of features.
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4.4 Hybrid Local Descriptors

4.4.1 Integration of Area-Based and Feature-Based Methods

The second method developed utilising colour images instead of greyscale images is the

integration of greyscale local descriptors with colour regions. The concept behind this

approach is that while feature-based methods are superior for feature-rich images, they

often perform poorly in the case that images do not contain distinctive features, due to the

incapability of feature-based methods to represent these regions. Area-based methods on the

other hand are superior in these cases, as these methods compare the regions directly and

do not attempt to condense the information available and describe the regions using a set of

features. Area-based methods however do suffer from the potentially high computation time

involved due to the nature of area-based methods. Since area-based methods compare each

region directly, often in a pixel-to-pixel manner, when image transformations in the form of

scale or rotation changes exist, a large number of comparisons need to be made by resampling

the image for every comparison. As each comparison is computationally expensive, the large

number of comparisons often make these methods impracticalfor real-life applications. By

utilising the scale and orientation information availablefrom local descriptors, however, it is

possible to reduce the number of comparisons required, and hence reduce the computation

time dramatically, making it a more practical approach.

An overview of the method is shown in Figure 4.12. Similar to the colour local descriptor

method, the original image is first converted to a greyscale image and a colour model. Local

descriptors are then computed for each interest region using the greyscale images. For each

image, the region in the colour model described by each interest region is then recorded

alongside its corresponding local descriptor, in the form of a colour patch. The scale and

orientation of the interest regions are used to first re-orient the colour patches before these

are recorded, and by doing so eliminating the need to systematically rotate the regions when

comparing two patches. In order to compensate for the fact that the orientation obtained from

the interest regions are not perfect, two neighbouring angles are also included, one to each

side of the defined orientation from the interest regions. The colour patches are then resized

to a standardised size ofp× p pixels to allow for quick comparison of two regions from each

of the reference and sensed images. The resizing process is achieved by first dilating the

colour patches to fill gaps or missing pixels after background removal. The colour patches

are then eroded to remove noises introduced from the image acquisition device [174]. The

local descriptors and the colour patches are combined to form hybrid local descriptors, which

are combination of both area- and feature-based methods. The disadvantages of the two

methods, namely the incapability of feature-based methodsto deal with regions lacking

distinct features and area-based methods’ high computation time are then minimised.
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Figure 4.12: Overview of the hybrid local descriptor method. The interest regions and
local descriptors are both computed from the greyscale image, while the colour patches are
computed from the colour model of the original image. The local descriptors and colour
patches are then combined to form the hybrid local descriptors.

4.4.2 Matching of Colour Patches

Once sets of hybrid local descriptors have been computed forboth images in an image

pair, the hybrid local descriptors are then matched in orderto find correspondences. The

local descriptors formed from greyscale images are matchedusing the threshold matching

method defined in Equation 4.2. To match the colour patches, for each region in the sensed

image, only some regions from the reference image are selected based on the results from

the threshold matching method to reduce the computation time. This research took the

best five matches based on the Euclidean distance measure, that is, the five regions in the

reference image that have the smallest Euclidean distance values. Each of these five regions

are then compared with the region from the sensed image usingan area-based matching

method known as normalised cross-correlation [187, 188]. The method is defined as:

NCC=
Σx,y

(
r1(u+x,v+y)− r1(u,v)

)
r̂2(x,y)

√
Σx,y

(
r1(u+x,v+y)− r1(u,v)

)2
r̂2(x,y)2

(4.29)

Wherer1 andr2 are the interest regions from the reference and sensed images of sizep1×
p1 andp2× p2, respectively.(x,y) and(u,v) are indices valid in{1, . . . , p2} and{1, . . . , p1−
p2}. r1(u,v) is the mean of the region from the reference image at location(u,v) and r̂2 =

r2(x,y)− r2 is the mean subtracted region from the sensed image. Note that p1 = p2 since

the interest regions from both images are resized top× p regions before comparisons are
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made. There is however a problem in the standard normalised cross-correlation approach. As

normalised cross-correlation was designed to work with greyscale images, it is not capable of

dealing with colour images. To overcome this problem, Sangwine and Ell [189] proposed a

modified normalised cross-correlation method for colour images based on quaternions [190].

Quaternions contains four components, one real and three imaginary:

q= a+ ib+ jc+kd (4.30)

Where a, b, c and d are real numbers, whilei, j and k are complex operators. A

quaternion is considered a pure quaternion if the real component is zero. ARGB image

can be represented as a pure quaternion as:

qI = iR+ jG+kB (4.31)

The normalised cross-correlation in Equation 4.29 is then applied to this quaternion

representation of the image. Once a set of normalised cross-correlation values are obtained

for all the colour patch pairs, the correctness of matches ofhybrid local descriptor pairs can

be defined using a weighted scheme:

wL2 ×L2+wMNCC×CC≤ τHLD (4.32)

WherewL2 andwMNCC are the weights assigned to the Euclidean distance measure from

the local descriptor matches and the modified normalised cross-correlation value from the

colour patches, respectively. If the smallest value of the sum of these two values between the

five regions for each region in the reference image is below a defined threshold,τHLD, then

it is considered to be the correct match.

4.5 Experimental Design

To demonstrate the robustness of the developed colour localdescriptor and hybrid local

descriptor methods, extensive experiments were conducted. For each of the experiments,

the effects of the the following image transformations werestudied: (a) rotation; (b) scale;

(c) tilt; and (d) viewpoint changes. To study the robustnessof the method against illumination

changes discussed in Section 3.2, two sets of experiments were also conducted to examine

changes in: (a) illumination colour; and (b) illumination intensity.

4.5.1 Uniqueness

To determine whether the local descriptors computed from colour images are indeed more

unique or not, an uniqueness test was carried out. The uniqueness of local descriptors
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is defined by their eigenvalues [13] and for each local descriptor method compared in

this chapter, their eigenvalues were computed and the sum ofthese values compared. As

the hybrid local descriptor method contains both area- and feature-based components, its

uniqueness was not able to be determined using this measure.However, as stated in [13], the

robustness of methods in registering images is equally, if not more important, as uniqueness

only gives an indication of how well a method might perform. To this end, the uniqueness

of hybrid local descriptors was not computed and instead, only its robustness was analysed

from the various experimental work carried out.

4.5.2 Local Descriptors Based on Greyscale versus Colour Images

The first set of experiments compared the performance of the SURF local descriptor method

and the colour local descriptor method. The same image transformations used in Chapter 3

were used, however, the range of the image transformations are different from those

presented in Chapter 3 for practical reasons. The focus on theexperiments conducted in

this, as well as the chapters to follow, was on the practicality of the methods for registering

images for the purpose of 3D reconstruction and as such, the range of image transformations

were re-considered. For example, as it has been shown in [3],the largest transformation

involved was approximately 22.5◦. Also, it is unlikely there would be a large change in

the scale of the object from image to image, and has thereforebeen reduced from[1,3] to

[1.1,1.5]. This reduction in the range of image transformations studied allowed for a more

in-depth study of the changes in the performance of the methods in the more realistic ranges,

as the intervals in the ranges were reduced.

4.5.3 Feature-Reduced Colour Local Descriptors

The same set of experiments as those carried out in Section 4.5.2 was conducted for the

two feature-reduction methods described in Section 4.3.2,as it was of interest to make a

direct comparison between the conventional methods and thecolour local descriptor method

and its two derivatives using the feature-reduction methods. Because of this, the number of

features of the colour local descriptors after they have been reduced in dimensionality was

designed to be the same as the SURF local descriptor method. This was also the case for the

PCA-reduced colour local descriptors, where instead of using the scree graph and Kaiser’s

criterion, the number of vectors was selected to allow for a direct comparison where the

number of features are the same.
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4.5.4 Illumination Changes

In addition to enhancing the performance of local descriptor methods by integrating local

descriptors with colour images or colour models, the main reason for utilising them1m2m3

colour model was to utilise its ability to handle changes in illumination colour and intensity.

The ability of them1m2m3 colour model to deal with changes in illumination colour and

intensity has already been proven in [180], however the colour model’s ability to handle

these changes in conditions when integrated with local descriptors was unknown, therefore

experimental work were carried out to study the effects of these changes. For both changes

in illumination colour and intensity, a video projector wasutilised to provide the necessary

lighting. This was used as it was possible to produce lighting of different colours and

intensities using the video projector, and was a much more efficient method of controlling

the light projected onto the object. Using methods like different coloured light bulbs was

not only difficult to control, but also limited the range of illumination colour available. The

video projector was also able to provide lighting of different intensity which was significantly

more efficient compared to the use of filters to reduce the intensity of the light. Five different

illumination colours, as well as a wide range of illumination intensities were studied.

4.5.5 Hybrid Local Descriptors

The experiments conducted for the hybrid local descriptorsutilised the same set of

experiments conducted in Section 4.5.2. As a comparison of performance, the results for the

colour local descriptor, hybrid local descriptor and conventional local descriptor methods are

presented together for ease of discussion and comparison inSection 4.6.

4.5.6 SURF versus SIFT

The local descriptor method of choice that formed the basis of the methods discussed in

this thesis is the SURF local descriptor method. This is in contrast to the majority of existing

studies, which were nearly always based on the SIFT local descriptor method. The reason for

choosing SURF over SIFT was based on the results obtained in Chapter 3. In the experiments

discussed, it was found that the SURF local descriptor methodout-performed the SIFT local

descriptor method when registering images of the artefactsstudied. Based on the results

obtained, it was determined that the SURF local descriptor method was a more suitable

approach. In order to justify this selection, a comparison of the performance of the two

local descriptor methods was carried out and experiments were carried out using the same

setup outlined. Colour local descriptors were constructed based on both the SURF and SIFT

local descriptor methods. The methods for constructing these colour local descriptors were

the same, except that where the SURF local descriptor is 64D, the SIFT local descriptor is
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Table 4.2: Uniqueness of the four local descriptor methods compared in this chapter.

Σi=1:10λi Σiλi

Colour local descriptors 1.8147×1013 3.6324×1013

CSIFT 1.9058×1012 3.0975×1012

SIFT 4.1270×109 7.2785×109

SURF 7.9134×109 1.5469×1010

128D, meaning that the colour local descriptors computed using the SIFT method have a size

of 128×3= 384D. The difference in the size, or the number of features, of the colour local

descriptors was ignored, as this difference had been ignored in all previous experiments in

Chapter 3 as well as previous studies [84, 80] and despite thisdifference, the SURF local

descriptor method still out-performed SIFT [84, 80].

4.6 Results and Discussion

4.6.1 Uniqueness

Table 4.2 shows the uniqueness of the four local descriptor methods compared, excluding

the hybrid local descriptor method. These values were computed from local descriptors

from randomly selected regions of images, and the same regions were used to compute local

descriptors for the different methods to ensure fairness ofthe results. The second column

in the table shows the sum of the first ten eigenvalues and the last shows the sum of all the

eigenvalues computed from these local descriptors [13]. The values in the table illustrate the

amount of variance described by each local descriptor and consequently, how unique these

local descriptors are. As can be seen, the colour local descriptor method has the largest sum,

followed by CSIFT, SURF and SIFT. This shows that the colour local descriptors are the

most unique and should, in theory, perform the best. It should be noted however that this

is simply a measure of variance and while it provides a good indication of how useful these

local descriptor methods might be, the matching accuracy isequally if not more important in

the ranking of the performance of these local descriptor methods [13].

4.6.2 Local Descriptors Based on Greyscale versus Colour Images

The results for the comparison of SURF and the new colour localdescriptor method for

image transformations of rotation, scale, tilt and viewpoint changes are shown in Figures 4.13

and 4.14. For viewpoint changes the results for all four artefacts are presented. For the

rotation, scale and tilt changes, only results for the flute artefact are shown in this chapter,

however similar trends were observed for the patu, wahaika and tiki artefacts. Because it

was of interest to study the trend, since the methods were compared and the results are
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relative to each other, and as the trend of the results from the objects are similar, they are not

presented in this chapter. Instead, complete results for the experiments conducted, as well as

the experiments in the sections to follow, can be found in Appendix B.

For all four image transformations, notable improvements were observed for the colour

local descriptor method, with gains of up to approximately 10% in matching accuracy

observed, depending on the type of transformation involved. The trend of the matching

accuracy of the colour local descriptor method follows closely of that of the conventional

approach, which demonstrates the improvement of the colourlocal descriptor method under

all types of imaging conditions. An interesting attribute in the results is that the gain in

improvement of the colour local descriptor method is reduced as the angle of transformation

increases for rotation, tilt and viewpoint increased. The gain in matching accuracy reduced to

approximately 5% in these cases. This is an indication of thelimitation of image registration

techniques under large magnitudes of image transformations. Due to the magnitudes of

transformation involved which distorted the images, it wasnot possible for image registration

techniques to accurately register these images despite theimprovements gained in the

discussed method. This trend was not observed in the resultsfor scale changes as for scale

changes, no distortion of the object in the images were present, only a change of the size of

the object in the images.

4.6.3 Feature-Reduced Colour Local Descriptors

Principal Component Analysis

The results for reducing the dimensionality of colour localdescriptors using the PCA and

weighted channel methods are shown in Figures 4.13 and 4.14.From the seven result plots, it

is clear that while the performance degraded when PCA was applied, better accuracies have

been achieved over conventional local descriptors. The improvement of the PCA-reduced

colour local descriptors varied depending on the type of image transformation involved, with

an average of approximately 5% over the local descriptors computed from greyscale images.

Experiments were also conducted to analyse the effects of different sized colour local

descriptors with the number of features reduced with PCA, andit was observed that

generally, the more features the colour local descriptors contained, the better matching

accuracies can be achieved. This is shown in Figure 4.15. Thenumber of PCs used in

Figures 4.13 and 4.14 was 64, and is the same as the number of features found in SURF

local descriptors. The Kaiser’s criterion and scree graph suggested to 34, and based on this,

two additional values, 30 and 68, were included for comparison. 30 was chosen as it is lower

than 34, and was used to demonstrate the result when less features than suggested by these

two methods was used. 68 was chosen as it was slightly higher than the number of features

which exist in SURF local descriptors.
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Figure 4.13: Image matching results using four different local descriptor methods for the
flute artefact with different image transformations: (a) rotation; (b) scale; (c) tilt; and (d)
viewpoint.
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Figure 4.14: Image matching results using four different local descriptor methods for the
patu, wahaika and tiki artefacts with viewpoint transformations: (a) patu; (b) wahaika; and
(c) tiki.
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Figure 4.15: Image matching results using five different matching methods for the flute
artefact with different image transformations: (a) scale;and (b) viewpoint.

As can be seen from the figure, using more PCs than recommended has limited benefits,

where the improvement in matching accuracy is approximately 1−2% between 64 and 68.

When fewer PCs were used, the matching accuracy reduced by approximately 5− 10%

compared to when 64 was used. This means that the performancedegradded rapidly once the

number of features was reduced below the number suggested bythe scree graph and Kaiser’s

criterion. This was of no surprise, as these two methods measure how much information the

vectors contain, and by not including the useful vectors as suggested by the two methods,

critical information from the local descriptors were discarded.

As it has been discussed, in order to apply PCA, the covariancematrix is required. PCA

has been applied to the methods in [97, 91] in a similar mannerand is sufficiently adequate

for the said techniques, however a problem arose for the reduction of the number of features

in the colour local descriptor method developed. Due to the different colour make-ups of

different types of objects, for objects of significantly different colour make-ups, the PCA

approach would not work well as the covariance matrix computed for one type of object

would have a different emphasise on which vectors of local descriptors are more useful in

the registration of images.

An example to illustrate the potential problem of using PCA isas follows. Consider the

RGBcolour space instead of them1m2m3 colour model used in this research to simplify the

example. If the covariance matrix computed from an image where the surface is made up

primarily of different shades of red, then the covariance matrix would put strong emphasise

on the local descriptors computed from the red component of the image, while placing little

or no emphasise on the local descriptors computed from the green and blue components. If

the covariance matrix obtained from this training image is applied to an image pair of an

object where the surface is made up primarily of different shades of green, then the PCA-

reduced local descriptors would have little or no distinguishing ability since the emphasis
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Figure 4.16: Example of the importance of choosing the rightimages for training and
estimating the covariance matrix when using the PCA method for reducing the number of
features of colour local descriptors: (a) covariance matrix estimated using an image primarily
made up of different shades of red; (b) the covariance matrixcomputed from the (a), shown
by the red line, does not suit the image since this image is primarily made up of different
shades of green, and the true covariance matrix, shown by thegreen line, is significantly
different.

is primarily placed on the red component of the image. In the case that the surface of the

object is constructed primarily of different shades of green, there would be little change in

the red colour channel of theRGBcolour space and therefore the local descriptors computed

based on the red colour channel would be very similar to each other, since they would all

appear to be near zero. This example is shown graphically in Figure 4.16, with the three

axes in each figure representing the correspondingR, G and B values of the pixels in an

image. Figure 4.16a shows the case when an image is made up of different shades of red,

therefore there is little variance in the green and blue components, and as a result, PCA is

able to represent this data cloud using a single axis along the red axis. If the covariance

matrix computed from this data is applied to Figure 4.16b, because the image is made up of

different shades of green, the covariance matrix is of little use and in this case, the correct

covariance matrix which describes the data is best represented by the green line instead of

the red line in Figure 4.16b.

This is not an issue for the objects studied in this thesis, asthe colour make-up of many

artefacts are similar, since the majority of the Māori artefacts are carved from wood and

therefore have a similar surface colour, and the problem discussed does not degrade the

performance of the local descriptors enough to render them useless. This may however pose

an issue for other applications, where the colour make-up ofobjects can vary greatly from

one to another. This factor needs to be taken into account when determining the suitability

of the PCA feature-reduction method for colour local descriptors for other applications.
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Weighted Channels

The results for reducing the number of features of colour local descriptors are shown in

Figures 4.13 and 4.14. It can be see from the figures that the performance of the local

descriptors after the number of vectors has been reduced by the weighted channels method

is poorer compared to the PCA-reduced colour local descriptors, where differences of

3− 4% were observed for different image transformations. The only exception is shown

in Figure 4.14a, where the performance is only marginally better than the conventional

approach in most cases for all experiments conducted. Againthe size of the colour local

descriptors had an impact on the performance and similar to the results from the PCA-

reduced local descriptors, by having a higher number of vectors in the local descriptors,

the performance was improved.

Despite the slightly lower performance, an advantage of this approach over the PCA

method is that it does not requirea priori knowledge of the colour make-up of the object.

This is untrue in the case of the PCA method depending on the application involved, as the

covariance matrix is required. Although it can be argued that in the application concerned in

this thesis, due to the similarity of the raw material used for many of the objects, the need

for this requirement is reduced, it is certainly a factor forother applications. By eliminating

the need of thisa priori knowledge, it is more versatile and can be used for a wide variety

of images, as the selection process for which vectors to be included in the local descriptors

is achieved by analysing the images concerned, instead of basing the dimension reduction

process on a set of similar images compared to those which need to be registered. This

property makes this approach more suitable for applications where colour changes are more

significant, however, in the case of M̄aori artefacts, the PCA method is more useful as it

achieved a better matching accuracy as shown in Figures 4.13and 4.14.

It should be noted that while the two dimension reduction methods both performed

favourably compared to the conventional method, the aim of this research was to robustly

register images for the purpose of 3D reconstruction. As real-time performance is not

expected, nor required for many real-life image registration applications, the best approach

is to retain all the vectors of the colour local descriptor method to achieve the best matching

accuracy possible.

4.6.4 Illumination Changes

The performance of the colour local descriptor and hybrid local descriptor methods in

the presence of illumination condition changes are shown inFigure 4.17. Five different

illumination colours and five intensity levels were studied. For the illumination colours,

the reference was white light, and the other five colours were: (1) red; (2) green;

(3) blue; (4) random colour 1; and (5) random colour 2. The tworandom colours were
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chosen randomly by selecting random values for(R,G,B). This was done to evaluate the

performance of the two developed methods under unknown illumination colours. In addition

to the two developed methods, the SURF and CSIFT local descriptor methods were also

used in the experiments which were used as baselines for comparing the performance of

these methods.

The results from the experiments in Figure 4.17a show that the colour local descriptor

method is the most robust against changes in illumination colour with approximately

10−15% improvement in matching accuracy. This is followed by the hybrid local descriptor

method, CSIFT and finally SURF. The figure also shows that the reduction in matching

accuracy is the lowest for the colour local descriptor method, and CSIFT and SURF both

have similar reduction in matching accuracy. While the hybrid local descriptor method

is placed second, the matching accuracy reduced significantly for this method, and in

comparison to the other three methods, the reduction in matching accuracy is around

20− 25%. This reduction is significantly more than the colour local descriptor method’s

reduction of 10− 15% and CSIFT and SURF’s reduction of 15− 20%. The cause for

this was identified as the hybrid nature of the method. Unlikethe other three methods,

the hybrid local descriptor method combines both area- and feature-based methods, and

for the colour patches computed, even though a colour model was utilised and the cross-

correlation of the colour patches were normalised, these colour patches are based on area-

based image registration approaches and are more susceptable to changes in illumination

colours compared to local descriptors, which are feature-based methods.

For the experiments which studied the effects of changes in illumination intensities, the

standard lighting condition used for all the other experiments was used as the reference.

A reduction in illumination intensity is defined as the reduction in lux with respective to

the reference lighting condition. From Figure 4.17b, a similar trend to Figure 4.17a can

be observed. While the hybrid local descriptor method has thehighest matching accuracy

initially, this quickly deteriorated as the change in intensity increased, again due to the area-

based component in the hybrid approach. Similar performances were observed for CSIFT

and SURF, while the colour local descriptor method has the smallest negative gradient,

suggesting that the colour local descriptor method is the most robust against illumination

intensity changes. The colour local descriptor method is approximately 10% more accurate

compared to existing methods in all cases.

4.6.5 Hybrid Local Descriptors

The results for the hybrid local descriptor method are shownin Figure 4.18. The results for

the colour local descriptor method as well as the SURF and CSIFTlocal descriptor methods

are also shown in the figure to ease the comparison of these methods.
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Figure 4.17: Image matching results using four different local descriptor methods for the
flute artefact with different illumination changes: (a) colour; and (b) intensity.

As can be seen from the figure, the hybrid local descriptor method had mixed results

compared to the SURF, CSIFT and the colour local descriptor methods. Examination of

the results shows that the change in the colour patches used by the hybrid local descriptors,

defined by the interest regions changed rapidly as the changein transformation increased.

This is in contrast to the colour local descriptors which aremore invariant to these changes.

As a result of this, while the performance of the hybrid localdescriptor method was superior

to the colour local descriptor method in certain cases, withgains of up to 3−5% in accuracy,

the performance quickly deteriorated as the transformation increased. This was observed

for the rotation, tilt and viewpoint changes. The accuracy was lower than the colour local

descriptor method for angles below approximately 20−25◦ for rotation changes, 10◦ for tilt

changes and 10− 15◦ for viewpoint changes. The only image transformation that did not

suffer from this is the scale changes. This is due to the colour patches being standardised to

a p× p pixel region, and as a result the change in scale of the objectin the images did not

have a dramatic effect as it did in the other three image transformations studied.

From these results, it can be concluded that the hybrid localdescriptor method is most

suitable for small magnitudes of image transformations, which, based on the results, can

be defined as up to approximately 10◦ in image transformations. In these conditions, it

can out-perform the colour local descriptor method. However, in the case that larger image

transformations exist, it is best to utilise the colour local descriptor method for its consistency

and robustness throughout the different ranges in the four image transformations studied. It

should also be noted that the computation time of this approach is relatively higher compared

with the colour local descriptor method. This was due to the need to compare colour patches

of regions using the modified normalised cross-correlationalgorithm. This is again not a

major disadvantage as real-time performance was not required. The characteristics of not

being able to handle large image transformations and a relatively high computation time
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Figure 4.18: Image matching results using four different local descriptor methods for the
flute artefact with different image transformations: (a) rotation; (b) scale; (c) tilt; and (d)
viewpoint.

is in line with the attributes of area-based image registration methods. This was expected

considering the nature of the hybrid local descriptor method which combines feature-based

with area-based methods.

4.6.6 SURF versus SIFT

The results for computing colour local descriptors using the SURF and SIFT local descriptor

methods are shown in Figure 4.19. From the figures it can be seen that there are only

minor differences in performance of the SURF and SIFT local descriptor methods. Overall,

while small, SURF out-performed SIFT slightly by around 1−3% under the different image

transformations. This difference is not as significant as those observed in Chapter 3, and was

therefore difficult to conclude that there was a clear advantage of one method over another.

One important factor is that due to the advantage of SURF beinga smaller local descriptor,

where SURF is 64D versus 128D of SIFT in their original form, and 192D versus 384D

for the colour local descriptor method, it was significantlyfaster in both forming the local
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Figure 4.19: Image matching results using colour local descriptors computed from two
different local descriptor methods for the flute artefact with different image transformations:
(a) rotation; (b) scale; (c) tilt; and (d) viewpoint.

descriptors and in the matching process. Based on these results, the choice of SURF was

justified.

4.7 Conclusions

Two new local descriptor methods were presented in this chapter, namely the colour local

descriptor and hybrid local descriptor methods. These methods have different approaches

to improving existing local descriptor methods. Experiments were conducted to verify the

performance of these methods, and based on the results, it was concluded that the colour

local descriptor method performed better compared to existing methods for all the image

transformations, as well as illumination condition changes, studied. The gain in matching

accuracy was approximately 10% for this method. The resultswere also supported by the

uniqueness test, where the colour local descriptors were the most unique. This means that

it is easier to distinguish between regions which appear similar and therefore less likely for
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mismatches to occur.

The hybrid local descriptor method had mixed results, wherefor small image transfor-

mations of up to approximately 10◦ for rotation, tilt and viewpoint changes, the method

performed better than both existing, as well as the colour local descriptor methods. In these

conditions, the matching accuracy was up to approximately 5% better than the colour local

descriptor method. For larger transformations, the performance was not favourable and this

was concluded to be due to the hybrid nature of the method.

Based on the results, it was concluded that the colour local descriptor method is the

more versatile and robust of the two, and is capable of handling larger magnitudes of

image transformations compared to the hybrid local descriptor method. As the colour local

descriptor is the preferred method because of its robustness, two feature-reduction methods

were developed to reduce the computation time required. Boththe PCA and weighted

channels methods reduced the computation time, while minimising the amount of accuracy

lost. The PCA out-performed the weighted channels approach slightly by approximately

3− 4%. The PCA feature-reduction method is approximately 5% less accurate compared

to when PCA was not applied, however, still performed better than existing methods by

approximately 5%.

These two methods are considered to be important contributions to local descriptor

methods, as new approaches have been proposed which cover a variety of image trans-

formations, including: (a) rotation; (b) scale; (c) tilt; and (d) viewpoint changes, as well

as changes in illumination colour and intensity. Based on theresults from the experiments

conducted, it can be concluded that significant gains in matching accuracy were observed

in all the conditions listed. They are suitable not only for the artefacts used as case studies

in this research, but can also be applied for other applications. This is due to the focus of

development being placed on computing more unique local descriptors, and hence making

them easier to match for any image the methods are applied to.
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Chapter 5

Local Descriptor Matching with Support

Vector Machines

Local descriptor matching is the most overlooked stage of the three stages of the local descriptor process, and

this chapter proposes a new method for matching local descriptors based on support vector machines. Results

from experiments show that the developed method is more robust for matching local descriptors for all image

transformations considered. The method is able to be integrated with different local descriptor methods, and

with different machine learning algorithms and this shows that the approach is sufficiently robust and versatile.

Local descriptor matching is the final stage of the three stages of the local descriptor

process as shown in Figure 2.4, and is by far the most overlooked stage in current research

in local descriptor processes. While much research had been on the robustness of local

descriptor processes by improving existing or developing new region detectors and methods

for computing local descriptors, the matching of these local descriptors often relied on

methods based on metric distance measures. Using metric measures, the difference vectors

of local descriptor pairs are reduced to scalar values, and these scalar values are then used

for determining the correctness of matches. This method removes the majority of the useful

information from the difference vectors, and is therefore undesirable, in particular when

similar local descriptors exist, and it can easily lead to mismatches. With this understanding

of the methods which are currently used for matching local descriptors and from the results

acquired in the evaluation study in Chapter 3, there is a strong need for improvement to the

matching of local descriptors.

This chapter describes a new method for matching local descriptors based on SVM.

Instead of computing scalar values from difference vectorsof local descriptor pairs, the

developed local descriptor matching method utilises all the vectors of the difference vectors,

and is capable of handling outliers in these difference vectors, which are previously ignored.

The method aims to provide a more accurate and robust method for registering images. The
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Figure 5.1: (a) Local descriptor from the reference image; (b) local descriptor from the
sensed image; and (c) difference vector of the local descriptors in (a) and (b).

approach is robust and a wide variety of machine learning algorithms, not just SVM, can

also be used with the developed approach.

Also, it should be pointed out that throughout this chapter,the word ‘vector’ has two

different meanings, as shown in Figure 5.1. First, it refersto the individual vectors found in

a local descriptor. For many local descriptor methods, in the construction stage of these local

descriptors the individual values are computed and assigned a magnitude and orientation,

therefore the word ‘vector’ is more suitable than simply referring to them as ‘values’.

Graphically, this refers to the four arrows and their corresponding values in Figure 5.1a.

The values, 1.0, 0.6, 0.8 and 0.4 are the magnitudes and the arrows are the orientations. The

word ‘vector’ also refers to the difference vectors of localdescriptor pairs and is similar to

a row or column vector in that they are collections of values or in this case, vectors. This is

shown in Figure 5.1c, and ‘vector’ in this case refers to the collection of the four arrows and

their corresponding values. The values are computed from Figure 5.1a and Figure 5.1b and

are the difference of the magnitudes.

This chapter is structured as follows. The currently used local descriptor matching

methods based on metric distance measures and their limitations are discussed in Section 5.1.

This provides an insight into the limitations of existing methods for the present research. An

overview of SVM is presented in Section 5.2. The new local descriptor matching method is

discussed in detail in Section 5.3. Experiments were conducted to verify the performance

of the new local descriptor matching method using SVM and theexperimental setup is

presented in Section 5.4. The experimental results and detailed discussions on the results

are presented in Section 5.5 and finally, the chapter is concluded in Section 5.6.

5.1 Limitations of Metric Distance Measures

The aim of the last stage of the local descriptor process, local descriptor matching, is to

identify a set of corresponding local descriptor pairs given two sets of local descriptors, one

set each from the reference and sensed images. Currently, themost commonly used method

for matching local descriptors is the threshold matching method. This method compares
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local descriptors by first computing the metric distance orLp norm of the difference of local

descriptor pairs:

Lp =
(
Σn

i=1|x1
i −x2

i |p
) 1

p (5.1)

The resulting distance measure is then thresholded and if this distance measure is equal

to or smaller than a pre-defined threshold, then the pair is considered to be a correct match:

Lp ≤ τT (5.2)

Using this method, it is possible for each local descriptor in the sensed image to have

multiple matches from the reference image if there are regions with similar features, and

hence similar local descriptors, across the images [80]. The most popular distance measure

used for the threshold method is the Euclidean distance, or the L2 norm as defined in

Equation 4.2, and has been used in various studies such as [191, 84, 13]. The other

popular distance measure is theL1 norm, also known as the taxicab geometry or rectilinear

distance. The method is sometimes used as an alternative to the Euclidean distance in order

to eliminate the additional computation requirement involved in computing the square and

square root of values:

L1 = Σn
i=1|x1

i −x2
i | (5.3)

In addition to the threshold method, two other methods for comparing local descriptors

were introduced in [13]. The first is the Nearest Neighbour (NN) method, which is similar

to the threshold method, except that the threshold method can have more than one match

for each local descriptor from the sensed image. The NN method only considers the local

descriptor pair, which has the smallest distance measure, in other words, the most similar,

and if the distance measure is equal to or smaller than a pre-defined threshold, then the local

descriptor pair is considered a correct match:

Lp ≤ τNN (5.4)

The advantage of this approach is that for each local descriptor in the sensed image, it

is possible to have one match from the reference image, and does not need to deal with the

multiple matches each local descriptor may have. The secondmethod introduced in [13] is

the Nearest-Neighbour Ratio (NNR) matching method. This method is similar to the NN

method, except that the threshold is applied to the ratio of the two closest neighbours, in

another words, the ratio of the closest and the second closest local descriptor pairs as defined

by:
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Lp
smallest

Lp
second smallest

≤ τNNR (5.5)

The idea behind this approach is that in any given image pair,there should only be one

correct match from the reference image for every local descriptor in the sensed image. All

other local descriptors in the reference image are significantly different from the correctly

matched local descriptor from the same image.

One issue with all the above-mentioned methods is that due tothe large number of

features of local descriptor methods, extensive search where the metric distance of all

possible local descriptor pairs needs to be computed is required and often time-consuming.

To rectify this problem, the best-bin-first algorithm introduced in [192] is an approximate

algorithm based on thek-d tree search algorithm [193]. The algorithm was designed to avoid

the need for the expensive search and hence improve the computation efficiency. Best-bin-

first algorithm reduces the computation time by matching only a small fraction of the vectors

from each local descriptor and by doing so, it is possible to gain speedups of up to 1000

times compared to when all the vectors are used for the comparison, 95% of the time.

One obvious and critical drawback of these methods for matching local descriptors is

that they reduce the difference vectors of local descriptorpairs into scalar values before

determining whether these local descriptor pairs are correctly matched. As such, it is

impossible for these methods to compensate for factors suchas outliers in the individual

vectors or noise in local descriptors. As a result of this, itis possible to mismatch a local

descriptor pair if, for example, one of the vectors from a local descriptor in the reference

image, which is the correct match to a local descriptor from the sensed image had an

abnormal value due to factors such as noise in the image. Figure 5.2 shows a simplified

example of the case when the values of the individual vectors, and not the summed value of

all the vectors in the difference vectors of local descriptor pairs, are used to better determine

correct matches for local descriptor pairs. TheL1 norm for the difference vector of the

local descriptor pair in Figures 5.2a and 5.2b is|1.0−0.95|+ |0.6−0.65|+ |0.8−0.75|+
|0.4− 0.35| = 0.2. The L1 norm for the difference vector for Figures 5.2a and 5.2c is

|1.0− 1.0|+ |0.6− 0.6|+ |0.8− 0.6|+ |0.4− 0.4| = 0.2; and for Figures 5.2a and 5.2d is

|1.0−1.0|+ |0.6−0.5|+ |0.8−0.8|+ |0.4−0.3|= 0.2. Both are the same as the first pair,

resulting in the case where the matching method cannot determine the correct corresponding

local descriptor for the local descriptor represented by Figure 5.2a. To overcome this issue, it

is required to preserve the individual values of the difference vectors as they carry important

information for determining the correctness of matches.
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Figure 5.2: Simplified example local descriptors showing the difference of local descriptor
pairs with theL1 norm: (a) local descriptor from the sensed image; (b) correct corresponding
local descriptor from the reference image; (c) and (d) possible but incorrect matches for the
local descriptor in (a) from the reference image.

5.2 Overview of Support Vector Machines

To overcome the issue currently faced, an alternative approach which makes use of all the

vectors in a local descriptor pair was required. Depending on the type of local descriptor

method involved, the amount of data involved is potentiallylarge. For example, the SURF

local descriptor is 64D, the SIFT local descriptor is 128D and the colour local descriptor

discussed in Chapter 4 is 192D. Due to this large number of vectors, machine learning

methods were preferable since they can easily deal with large amounts of data. Also,

because the algorithm is trained, this eliminates the problem with many manually designed

systems when large amounts of data are involved. The designing of a system to handle large

amounts of data in such cases is often difficult, if not impossible to achieve manually. SVM

was chosen as it is one of the most widely used matching learning algorithm [194, 195]

and because of its success with a large number of applications, including various image

processing applications such as text recognition and face recognition [196, 197, 198, 199,

200, 201, 202]. It is a proven technique and if properly utilised, could greatly improve the

robustness of the matching of local descriptors.

SVMs are a set of supervised machine learning methods used for the purpose of

classification and regression in many different fields of research, in particular data-mining in

statistics and pattern recognition [203, 204, 205, 195]. Because of the increase in the amount

of data produced in various fields of research and applications over the years, computers are

increasingly relied upon for the processing of these data for their ability to easily handle

large amounts of data. Machine learning methods allow computers to easily deal with large

amounts of data without the need to design complex rules or algorithms, instead the decision

making criteria are learnt or trained from a set of training data, which are data with known

input and output values [194, 206]. This process reduces thetime and effort required to

develop a system which is not only customised for the matching of local descriptors, but

also very flexible. Because the system is trained and not manually designed, it can be easily

changed when there is a change in the requirements of the system, for example when the
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number of variables in the input is changed.

There are two types of problems in SVM, namely classificationand regression problems.

In classification problems, the aim is to determine the classto which the data belongs to,

given an input data vector. The training data consists of values from all the available classes,

or outputs. This includes the input vectors,x and their corresponding output values,y. The

simplest classification problem involves two classes or labels,(+1,−1), and the output value

yi ∈ {1,−1} represents the input vectorxi belonging to either class. This can be extended to

a n-class problem, where each of the input vector belongs to oneof then available classes,

yi ∈ {1, · · · ,n}, depending on the values of the input vector. In regression problems, the

aim is to try and find the value of the outputyi, given an input vectorxi. The process for

regression is similar to classification. It requires a set oftraining data, which identifies the

underlying relationship between the input vectors and output values,x∈ℜn andy∈ℜ [194].

For the matching of local descriptors, the aim is to determine, given the difference vector of

a local descriptor pair, whether the local descriptor pair is correctly matched or not. In this

research, the difference vectors of local descriptor pairscan be considered the input data

vectors, and the correctness of matches the output values, and by matching the requirement

of the task with the description of the two types of SVM problems, it was concluded that the

matching of local descriptors is a typical classification problem.

5.3 Local Descriptor Matching with Support Vector Ma-

chines

In order to utilise SVM for local descriptor matching, a SVM algorithm called Iterative

Single Data Algorithm (ISDA) [194] was implemented. ISDA isa fast and efficient

algorithm, which solves quadratic programming-based problems in an iterative way. It

belongs to the class of working set solvers. The process involved in developing a SVM model

for matching local descriptors is shown in Figure 5.3. A set of training data, consisting of

examples of both correctly and incorrectly matched local descriptor pairs is computed from

a set of training images. These training data are then used totrain the SVM model using a

10-fold cross-validation process, automatically tuning the parameters for the model. Once a

set of parameters is determined, the SVM model is then computed and can be used to match

local descriptors.

5.3.1 Training Data

The training data is a set of matched local descriptor pairs,where a combination of both

correctly and incorrectly matched pairs exist. Providing the SVM with the correct training

data is a critical step in ensuring that SVM can correctly match local descriptors. This
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Figure 5.3: Overview of the training data used for the computation of a SVM model for the
matching of local descriptors.

is achieved by using a representative SVM model that is designed for local descriptors

computed from images of the objects studied. Both the correctand incorrect matches are of

equal importance in the training phase. There should be sufficient examples of both types of

local descriptor matches in order to generate a model that iscapable of dealing with different

types of both correctly and incorrectly matched local descriptor pairs. The training data

consists of local descriptor pairs of images taken from different viewpoints. By considering

the different image transformations involved, it ensures that the model trained is not bound

to one type of image transformation and unbiased. This avoids the problem of needing to

train the model multiple times when dealing with different image transformations, and the

model is robust against any image transformation that may beencountered.

The procedure for generating the training data is as follows. For each image pair, in

order to compute a set of both correctly and incorrectly matched local descriptor pairs, first

the homography matrix of the image pair need to be computed toensure the accuracy of the

set of output values associated with the training data. Oncethe homography matrices for

the image pairs have been computed, a set of correctly matched local descriptor pairs is then

computed by projecting each local descriptor in the sensed image onto the reference image,

and computing its correspondence, if one exists. Once the correctly matched local descriptor

pairs are computed, the incorrectly matched pairs can be easily identified since these are all

the non-correctly matched local descriptor pairs from the image pair.

It should be noted that while it might seem beneficial to use a large amount of training

data to ensure that all the possible combinations are covered, this is often not practical, as the

large amount of training data tends to reduce the performance of the SVM in both the training

and classification phase. In addition, when using a large number of training data, the SVM

model attempts to accommodate for every single training data and thus becomes unstable and
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unreliable. An example of the size of the training data that can be obtained from an image

pair is as follows. For an image pair with 500 local descriptors in each image, the theoretical

maximum number of correct matched local descriptor pairs is500, although this is never

the case in real-life applications, since this would imply that the areas in the images which

contain local descriptors overlap each other completely. For the purpose of this example,

the total number of possible local descriptor pair combinations is simply the number of local

descriptors in the reference image multiplied by the numberof local descriptors in the sensed

image:

n(LDtotal) = n(LD1)×n(LD2) (5.6)

Wheren(LD1) and n(LD2) are the number of local descriptors in the reference and

sensed images, respectively andn(LDtotal) is the total number of possible local descriptor

matches. Given the maximum number of correct matches and total number of local

descriptor pairs, the number of incorrect matches then becomes:

n(LD incorrect) = n(LDtotal)−n(LDcorrect) (5.7)

In the example presented above, the number of incorrectly matched pairs is 500×500−
500= 249,500. Experimental work will show that only a limited number of these incorrect

matches is required in order to generate an useful SVM model.

By using the method described above, an adequate model was generated in the

experimental work conducted, however, the results from thepreliminary study showed that

the SVM model sometimes generated incorrect local descriptor matches similar to those

found when a threshold matching method was used. In order to improve the robustness and

performance of the SVM model, the matching results from a matched set of local descriptor

pairs using the threshold method were analysed. By using all the mismatched local descriptor

pairs of the threshold method as part of the training data forthe SVM model, it was found

that the mismatches existed in the threshold method can be eliminated, while the correctly

matched pairs retained. The training data used for developing a SVM model now consists of

the following: the correctly matched pairs are obtained by projecting all local descriptors in

the sensed image onto the reference image. This contains allthe correctly matched pairs from

the threshold method as well as local descriptor pairs that are not identified by the threshold

method; the incorrectly matched pairs are obtained from twosources: (a) a set of randomly

selected incorrect matches from the method discussed above; and (b) all the mismatched

local descriptor pairs from the threshold method. It was found through experimental study

that a set of incorrectly matched local descriptor pairs approximately three to four times

bigger than the set of correctly matched local descriptor pairs gave adequate results. More

training data did not guarantee higher matching accuracy, and a smaller set of training data
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Figure 5.4: Data format for ISDA, consisting of both the output values and input vectors.

was insufficient in developing an useful SVM model due to the lack of local descriptor match

examples available for training the model.

Figure 5.4 shows the format of the training data used for the ISDA algorithm utilised. The

first column consists of the output vector,y, whereyi ∈ {1,2}, with 1= correct match and

2= incorrect match. Each row in the remaining columns represents an input vectorxi for the

output of the same row. Note that the labelling system used bythe particular implementation

of ISDA used in this research is different compared to other software and programmes in that

the labels are assigned in increasing order,{1, · · · ,n} for ann-class classification problem,

and this is true even in the case that a two-class problem is concerned. The programme

is different from many other SVM software, where the labels of outputs are{1,−1} when

a two-class problem is concerned. This explains the difference in notation in this section

compared to Section 5.2. The output generated by the ISDA programme used in the case of

a two-class problem is however[−1,1], where−1 corresponds to a label of 2 or incorrect

match. Since one row is created for each new training data, ifthere arem training data

available and each training data has a difference vector size of v, the input data for the

training process is then a(m,v+1) matrix.

A MATLAB programme was developed to allow quick generation of the required training

data, and parameters can be defined such as how many incorrectly matched local descriptor

pairs are required as a function of the total number of correctly matched local descriptors,

and the labels assigned to these two types of local descriptor pairs. A screen shot of the

developed programme is shown in Figure 5.5.

5.3.2 Training Support Vector Machines

To train a SVM model, two types of data are required which include a set of training data as

discussed in the previous section, and a set of validation data with known labels, or correct

or incorrect matches. The validation data is often a subset of the training data, and is used

to validate the SVM model generated by the training data by computing the accuracy of

the model. This is achieved by fitting the validation data to the model. The accuracy of

the model is computed by comparing the known correct labels of the validation data with

the labels generated by the SVM model. In order to utilise allthe local descriptor pairs

available for training the SVM model, a method known as cross-validation is utilised [207].

Cross-validation is a statistical method of partitioning the data into subsets in a way that a
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Figure 5.5: MATLAB programme interface for generating the required training data.

large proportion of the training data is used for training, and the remained data is utilised

to validate the model. Specifically, thek-fold cross-validation method is applied, where

the training data is divided intok subsets. Thek-fold cross-validation process is repeatedk

times, each time using one subset of the data as the validation data, while the remainingk−1

subsets are used for training. At the end of the cross-validation process, the results from the

k iterations are combined to produce an overall result.

The advantage of thek-fold cross-validation method is that all the training dataavailable

can be used for both the training and validation phase. Each data set is used once, eliminating

bias in the results, caused when some data are not used or usedmultiple times. The

disadvantage is that the training of the SVM model needs to berepeatedk times and can

be time-consuming. However, as the training of a SVM model for the matching of local

descriptors is an offline process and would ideally only needto be performed once for the

same type of objects or objects that share the same types of features. Hence, this was not

considered a drawback in this research. The commonly used 10-fold cross-validation is used

and this method is shown in Figure 5.6. First the data is structured as shown in Figure 5.4, the

dataset is then shuffled or randomised before being used to train the SVM model using the

method described above. The shuffling of these data is particularly important if the dataset

is sorted according to the output label, as it is crucial to ensure that there are approximately

the same number of correctly and incorrectly matched local descriptor pairs in each subset.

A special case of thek-fold cross-validation method is when the number ofk is the same

as the number of training data,m. In this case, the method is referred to as Leave-One-

Out Cross-Validation (LOOCV). This method generates the mostaccurate model in most
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Figure 5.6:k-fold cross-validation method used for computing the SVM model for matching
local descriptors.

circumstances [194], since every training data is used to validate the SVM model computed

from all the other training data, and can provide an accurateunderstanding of the accuracy of

the SVM model. The method is, however, very time-consuming due to the number of SVM

models that need to be trained and is therefore very seldomlyused for SVM. It will be shown

in Section 5.4.4 that the LOOCV method was applied to a different type of machine learning

algorithm known as thek-nearest neighbour (k-NN) method due to the low computation time

and the nature of the approach.

A MATLAB programme was developed for performing the cross-validation task required

as shown in Figure 5.7. The programme is an interface to ISDA [194], and parameters for

the ISDA implementation utilised in this research can be defined. The programme includes

features such as whether the data set need to be shuffled, the scaling of the data [194], and the

definition of parameters such as the number ofk and the range of the two SVM parameters,

C andσ. These two SVM parameters are discussed in the next section.The programme can

be used to automatically carry out cross-validation for training the SVM model given these

parameters and is suitable for experimenting with different parameter combinations, which

is a tedious task by hand given the number of possible combinations of SVM parameters.

5.3.3 Parameter Selection

The kernel used for SVM in this research is a Gaussian kernel,which is the most widely

used kernel, since a true random distribution follows a Gaussian distribution [208]. There

are two parameters to be tuned for the Gaussian kernel, namely the penalty parameterC and

the thresholdσ. To identify the best parameters for the model, these two parameters are

automatically tuned by the following process, which is shown in Figure 5.8. First a set of

values for each parameter is defined. A SVM model is then generated and its accuracy tested
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Figure 5.7: A screen shot of the developed MATLAB programme for cross-validation.

for each combination of parameters using the 10-fold cross-validation method. The total

number of misclassifications is recorded for each parametercombination, and at the end the

optimal solution is defined as the one that has the smallest misclassification rate, which is

the number of misclassifications in the validation data overthe total validation data size or

the size of the training data:

misclassification rate=
number of misclassifications

training data size
×100 (5.8)

For the automatic tuning and selection of the parameters, these values are initially set at

large intervals [194] to ensure a good coverage of the possible combinations of parameters

without increasing the computation time involved. After SVM models have been computed

for the first set of parameters, the range of the parameters isthen decreased while keeping the

same number of values for each parameter, resulting in an approach similar to the quadtree

method [209]. This process is repeated until the change in value of the parameters acquired is

within a defined tolerance when the range is reduced. Once values forC andσ are selected,

the final SVM model can then be generated using the automatically selected parameters,

however without the use of cross-validation and instead, all the training data are used for

training the SVM model.

In the case that a manual check on the misclassification rate is required, for example when

the final SVM model computed is not sufficiently accurate, Figure 5.9 shows the plot which

can be used for manually selecting theC andσ values resulted from a set of 10-fold cross-

validation computations. The different values ofC andσ are plotted along the x- and y-axes,

while the misclassification rate is plotted along the z-axis. TheC andσ combination with

the smallest misclassification rate is the minima of the plotand can be easily and efficiently
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Figure 5.8: Training the SVM model and automatic tuning of the two parameters,C andσ.

identified from the figure shown. An advantage of this plot over identifying the minima from

a matrix of values is that in the case where there are two or more minima, it is possible to

efficiently identify these regions visually and further analysis can be performed by focusing

on this set of minima from the plot.

To ensure fairness of the model design, the training data didnot include any of the local

descriptor pairs that needed to be registered for the experiments conducted in Section 5.4.

This approach was taken as it is impossible to obtain the matching information of the local

descriptor pairs for an image pair, as this implies that the homography matrix of the image

pair is known, and there is no need to register the images.

The MATLAB programme developed for computing the SVM model for the matching

of local descriptors is shown in Figure 5.10. This MATLAB programme was developed to

simplify the process of computing the SVM model for matchinglocal descriptors, and allows

an easy and efficient way of modifying the associated parameters. The functionality of this

programme is similar to that shown in Figure 5.7, due to the similarity in nature of training

and generating an useful model givenC andσ from the training phase.

5.3.4 Local Descriptor Matching

Given a SVM model, the aim is to check for the correctness of local descriptor pairs from

an image pair. This is achieved by using every possible localdescriptor pair in an image

pair as inputs, and the SVM model is used to determine whetherthe given pair is correctly

matched or not. The process for determining whether a pair oflocal descriptors is correctly

matched or not is shown in Figure 5.11. The difference vectorof a local descriptor pair is
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Figure 5.10: A screen shot for the developed MATLAB programme for SVM model
generation.
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Figure 5.11: Overview of local descriptor matching using SVM.

first computed. This difference vector is then used as the input data vector into the SVM

model, and the SVM model determines whether the match is correct or not by:

y(x) = Σv
i=1(wiG(x,ci))+b (5.9)

Wherewi is the weight of theith value in the difference vector,b the bias term andG(x,ci)

is the Gaussian kernel:

G(x,ci) = e−
1
2((x−ci)

TΣ−1(x−ci)) (5.10)

As the matching of local descriptors is a two-class problem,it is of interest to know

whether the local descriptor pair is correctly matched or not. The outputs from the ISDA

programme are real numbers in the range of[−1,1]. If the output is closer to−1, then it is

likely that the pair is incorrectly matched, and if, on the other hand, the output is closer to

1, it is likely that the pair is correctly matched. This research used the local descriptor pair

with the highest output value, in other words, the pair with an output value closest to 1 is

selected, and if the output from the SVM model of this local descriptor pair is equal to or

above a threshold, then it is considered a correct match:

max(y(x))≥ τSVM (5.11)

WhereτSVM ∈ [−1,1] is the threshold placed on the output value of the SVM model.
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5.3.5 Feature-Reduction

A problem with the SVM approach for matching local descriptors was the increased

computation time of the method. While the computation time was not an important factor in

this research since the matching of local descriptors is an offline process, it can be desirable

when dealing with large amounts of data. For example, when there are a large number

of local descriptors from image pairs or if many images need to be registered, as the time

involved can potentially be reduced by reducing the computation time of the matching of

local descriptors. In order to achieve this, the most obvious approach was to reduce the

number of input data vectors into the SVM model, which in turnreduces the computation

time for determining the output of the given input vector. Inrelation to local descriptor pairs,

this means that the number of features of local descriptors should be reduced. However

as it has been shown in previous studies [97, 13], reducing the number of features in local

descriptors often lead to a decrease in the robustness of themethod. In addition, the matching

method developed in this chapter needed to be able to integrate with existing local descriptor

methods and other future local descriptor methods. It was therefore desirable not to modify

the local descriptors computed from these methods.

In this research, instead of reducing the number of featuresof local descriptors, the

method reduces the number of features or vectors of the difference vectors of local descriptor

pairs. By doing so, it avoids the need to modify existing localdescriptor methods, as changes

to these are not required. By reducing the number of vectors ofthe difference vectors, the

useful features from the local descriptors can be retained,however, the vectors which carry

little or no information about the images are discarded. It is therefore possible to reduce the

number of inputs into the SVM model without affecting the robustness of the matching of

these local descriptors significantly.

Two methods for reducing the number of features of the input vectors for SVM are

developed. The first method makes use of PCA, which has alreadyproven to be a powerful

method for a similar task in Chapter 4. The second method is called Recursive Feature

Elimination with Support Vector Machines (REF-SVMs) [210, 194]. Both methods were

applied to reduce the size of the input vector for the SVM model, however they have different

approaches for the task and were therefore also suitable forcomparing the different types of

approaches for the task. This difference in nature is described in detail in the following

sections.

Principal Component Analysis

Instead of reducing the number of features of local descriptors as it was done in previous

studies [97, 13], PCA is applied in a different manner and Figure 5.12 shows an overview of

local descriptor matching using SVM. First, the differencevector of a given local descriptor
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Figure 5.12: Example of how the feature-reduction methods using PCA and RFE-SVMs are
integrated with the SVM matching method.

pair is computed. PCA is then applied to this difference vector, using a covariance matrix,

which results in a reduced set of vectors. The reduced difference vector is then used as input

to the SVM model for estimating the correctness of the match of the local descriptor pair.

The covariance matrix required for PCA can be estimated in a training phase. This is

estimated using the same set of local descriptor pairs that was used to train the SVM model,

and is performed before the SVM model is trained. One difference from training the SVM

model is that instead of using both the correctly and incorrectly matched local descriptor

pairs, only the pairs which matched correctly were used. This is due to only the important

vectors of the correctly matched local descriptor pairs areof interest and of importance in

improving the robustness of the method. As the size of the input data is changed when PCA

is applied, the SVM model needs to be retrained and this is done after a covariance matrix

is estimated from the training data and PCA applied to the input data. The Kaiser’s criterion

and scree graph, discussed in Section 4.3.2, were used to determine the optimal number of

features which should be kept when using the PCA feature-reduction method.
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Recursive Feature Elimination using Support Vector Machines

RFE-SVMs takes a different approach than PCA in performing feature-reduction of diffe-

rence vectors of local descriptor pairs. Instead of transforming the data before selecting a

subset of the PCs for local descriptor matching like PCA, RFE-SVMs reduces the number of

features by using a subset of the original features from the difference vectors. The variables

are first defined [194]: for a two-class classification problem with (m,v+1), the input matrix

is X0 = [x1, · · · ,xm]
T , the set of surviving features’ indices, in other words, thefeatures from

the difference vectors yet to be removed from the subsets, andr the feature ranking list.

Given these definitions, the process for RFE-SVMs is as follows: (1)s is set to a row vector

s= [1, · · · ,m], andr set to an empty vector; (2) for each iteration, the training dataX is a

subset of the input data matrixX0, consisting of the features defined ins; (3) the SVM model

is trained, and weightsw are computed for all the features in the subset; (4) weights are

ranked according to the square of their valuesci = (wi)
2; (5) a new set is defined consisting of

features from the subset in decremental order, and the ranking list r retains the list of features

in order of their respective weights; (6) thep smallest features, defined by the square of their

weightsci are removed from the subsets. This process is repeated until all the features ins

have been removed. The vectorr contains the list of features from the difference vectors in

order of importance, or the amount of information they contain which describes the matching

of local descriptors.

In many real-life applications, instead of a single featurebeing removed at each iteration,

often a subset of features are removed to reduce the computation time. This is, however,

not the case in this research as the number of features involved in the matching of local

descriptors is relatively small. An example in the case of a SURF local descriptor is that

there are 64 features, compared to the original applicationof RFE-SVMs in gene selection

in Deoxyribonucleic Acid or DNA studies, where thousands offeatures exist [210]. Due to

this reason, in order to maximise the robustness of the method, only one feature is removed at

each iteration until no features remain. Unlike the PCA method, where the Kaiser’s criterion

and scree graph can be used to determine the optimal number offeatures to retain, there

are no such methods for RFE-SVMs. Because of this, different numbers of features were

experimented with in the experiments conducted, to be discussed in detail in the next section,

in order to identify the optimal solution, where a balance between the computation time and

matching accuracy can be achieved.

5.4 Experimental Design

To compare the performance and demonstrate the matching accuracy of the presented local

descriptor matching method using SVM against existing methods, experiments have been
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carried out to validate these methods. In addition, to verify the robustness and versatility,

three sets of experiments were conducted including: (a) training the SVM model using

different datasets; (b) adapting the same approach for different machine learning algorithms

to examine the versatility; and (c) integrating the developed local descriptor matching

method with different local descriptor methods.

5.4.1 Euclidean Distance-Based Methods versus Support Vector Ma-

chines

The first set of experiments compared the SVM local descriptor matching method with

existing methods, in particular, the threshold matching method. This was an important set

of experiments as this provided a direct comparison of the methods, and an insight into

the performance of the SVM method. To compare the threshold matching method with

the SVM method, experiments were designed and conducted forthe following four image

transformations: (a) rotation; (b) scale; (c) tilt; and (d)viewpoint changes.

5.4.2 SVM Models from Different Training Data

Initial experiments computed the SVM model using images of the object which the images

need to be registered originated from. This approach was first used to verify the concept

of using a machine learning method for matching local descriptors. This is however not

practical in real-life applications, as in practice it is almost impossible to have a set of images

from the object to be registered which can be used for training the SVM model, as this

implies that the images of the object have known camera posesand therefore do not need to

be registered.

To overcome this issue, experiments were carried out to validate the robustness of the

SVM local descriptor matching method using different images for training the SVM model.

In order to do this, instead of training the SVM model using a set of images from the same

object that needs to be registered, which is not a practical solution in real-life applications,

a set of images from the other available artefacts were used.In addition, by training and

re-using the same SVM model for different objects, it demonstrated that the method is

sufficiently robust to handle training data from different objects. The computation time

required for training and using the SVM approach overall canbe reduced significantly by

using the same SVM model for different objects. The experiments were conducted using

four sets of training data for training the different SVM models: (a) images from the

flute artefact; (b) images from the patu artefact; (c) imagesfrom the wahaika artefact; and

(d) images from both the patu and wahaika artefacts. For fairness of comparison, the number

of training images used for all four SVM models were kept constant, and the training data

were randomly selected from the available local descriptorpairs of the images. By using the
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same number of training data, the conditions in which the models were computed were kept

the same, and by randomly selecting the training data, this avoided bias from the data used.

5.4.3 Feature-Reduced Support Vector Machines

In order to determine the feasibility of the two feature-reduction methods discussed in

Section 5.3.5, experiments were conducted which reduced the size of the input vector for

the SVM model in an attempt to reduce the computation time required. The aim of this

set of experiments was to reduce the number of input vectors as much as possible without

compromising the robustness of the method. Different numbers of vectors were retained in

the system using methods such as the Kaiser’s criteria and scree graph for the PCA method,

and the weights of the vectors for the RFE-SVMs method to identify the optimal solution.

5.4.4 Versatility of Machine Learning Algorithms

In addition to SVM, other machine learning algorithms were also studied. Given the vast

number of machine learning algorithms developed over the past years, it is often a difficult

decision to choose a suitable algorithm for the task. In thischapter, two of the most common

machine learning algorithms, and a different kernel for SVM, were compared in an attempt

to verify the choice of utilising SVM for the matching of local descriptors.

SVM with Polynomial Kernel

In addition to the Gaussian kernel, which is the common choice due to the true random

distribution being a Gaussian distribution [208], SVM models using the polynomial kernel

were also studied. SVM with a polynomial kernel is similar toEquation 5.9 and has the

form:

y(x) = Σv
i=1wi

(
cT

i x+1
)d

+b (5.12)

Whered is the order of the polynomial. An order of three was used, since a higher

order often over-fits the model and is therefore not of practical use, as this would introduce

instability to the system [194].

k-Nearest Neighbour

Thek-NN is one of the simplest of machine learning algorithms, and is a type of instance-

based learning method where the function is only approximated locally and all computation

are performed in the classification phase [211]. A query is classified by a majority vote of

its neighbours, where the query belongs to the class of the most common class amongst itsk

nearest neighbours. The distance between a query, in this case the difference vector of a local
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descriptor pair, and its neighbours was determined by the Euclidean distance, although other

distance measures could also be used. The parameterk was determined in the training phase

and LOOCV was used for this purpose. The LOOCV instead of 10-fold cross-validation

was used since LOOCV is much stricter compared to 10-fold cross-validation, and it can

be expected that the model generated using LOOCV will be more accurate [194]. This is

suitable fork-NN due to its relatively low computation requirement, however is not suitable

in the case of SVM, as LOOCV for SVM is too time-consuming. When using k-NN for a

two-class problem, it is often desirable to use an odd numberfor k, as this reduces the chance

of tied votes, where a query might belong to two similar classes [211].

Adaptive Local Hyperplane

Adaptive Local Hyperplane (ALH) [212] is a recently proposed classification method based

on thek-local hyperplane distance nearest neighbour (KHNN) method [213] which is in turn

based on thek-NN method. In KHNN, the aim is to approximate the potentially unseen

instances in classification by a local hyperplane. First thek-NN of a query is selected

from each class as the prototypes usingk-NN, then a local hyperplane is constructed to

approximate the local manifold of each class, based on the prototypes. The class label is

then assigned according to the distance between the query and the local hyperplane of each

class.

Although KHNN has performed well in applications [214, 215], drawbacks exist in the

KHNN approach. Firstly, KHNN only works well for small values of k [213], as thek-

NN method for selecting the prototypes suffers from bias in high dimensions [212]. In

addition, KHNN assumes that all the features are important for classification and may result

in unsatisfactory performance for complex datasets. This issue is overcome in ALH where

the feature weights are considered. In ALH, the prototypes are selected by the adaptive

nearest neighbour method, and the feature weights are estimated by considering the ratio

of the between- and within-class sums of squares. The prototypes are then assigned with

the most discriminant feature dimensions. By considering the shape of the neighbourhood

around the query, ALH handles high dimensionalities by fulfilling the assumption ofk-NN

that class conditional probabilities are constant [212].

5.4.5 SURF versus SIFT

The aim of integrating the proposed matching method with different local descriptor methods

was to verify that the developed SVM method for local descriptor matching can be used

for any local descriptor method. Two local descriptor methods were used in this study.

In addition to the SURF local descriptor method, the integration of the method with SIFT

local descriptors was also investigated. The SURF and SIFT local descriptor methods have
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different number of features and were therefore ideal for demonstrating that the developed

SVM method is versatile, works with any local descriptor method, and is robust against a

change in the number of features of the local descriptor method involved.

5.5 Results and Discussion

5.5.1 Euclidean Distance-Based Methods versus Support Vector Ma-

chines

The results for the two different matching methods comparedare shown in Figures 5.13

and 5.14. The first is the widely-used threshold method wherethe Euclidean distance of

local descriptor pairs were used to determine the correctness of matches, and the second is

the presented SVM matching method. For viewpoint changes, the results for all four artefacts

are presented. For rotation, scale and tilt changes, results for the flute artefact are shown in

this chapter, however similar trends were observed for the patu, wahaika and tiki artefacts.

Because it was of interest to study the trend, since the methods were compared and the results

are relative to each other, and as the trend of the results from the objects are similar, they

are not presented in this chapter. Instead, complete results for the experiments conducted, as

well as the experiments in the sections to follow, can be found in Appendix B.

As can be seen from the figures, the SVM matching method out-performed the threshold

matching method by up to approximately 20%, depending on theimage transformation

studied. The results for scale changes for the flute artefactare shown in Figure 5.13b, and

as can be seen, there are no significant changes in the matching accuracy for both types of

matching methods for the different scales studied. This indicates that the local descriptors

are robust against scale changes and the only time when scalechanges had an effect is when

the magnitude of change is large. An example is if an image is taken from far away, then the

camera would not be able to capture the finer details of the object and would therefore cause

a degradation in performance of the matching algorithm.

The results for rotation changes are shown in Figure 5.13a. The figures show a very slight

decreasing trend in the matching performance as the rotation angle increased, however this

is not significant. Ideally, at-test using the test statistic or similar should be performed to

determine statistically whether there is a trend in the results, however due to the data size

this test statistic would not have been reliable and the testwas therefore omitted.

For both the tilt and viewpoint changes, a notable decreasing trend can be observed in

Figures 5.13c-5.13d and 5.14. These plots show that, for allfour artefacts studied, as the

change in tilt or viewpoint angle increased, the matching accuracy decreased. It can be seen

that even with this decreasing trend, the SVM matching method consistently out-performed

the threshold method and is capable of providing an accuratematching result.
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Figure 5.13: Image matching results using three different matching methods for the flute
artefact with different image transformations: (a) rotation; (b) scale; (c) tilt; and (d)
viewpoint.
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Figure 5.14: Image matching results using three different matching methods for the patu,
wahaika and tiki artefacts with viewpoint transformations: (a) patu; (b) wahaika; and (c)
tiki.

132



Chapter 5 Local Descriptor Matching with Support Vector Machines

5.5.2 SVM Models Using Different Training Data

The results for SVM registration in Figures 5.13 and 5.14 were obtained by training the

SVM model using images from different regions of the same object, that is, the images from

the same object as the training images that needed to be registered were not included in the

training data used for generating the SVM model. To check therobustness of the SVM model

and ensure that the same model is usable for different objects, experiments were conducted to

test the SVM model generated using images of the patu and wahaika artefacts. Figure 5.15

shows the matching results using the SVM models using the different training data from

these objects.

For both results shown in Figure 5.15, four different training datasets were used when

computing the SVM model. All four training datasets generated models, which were used

on images of the flute artefact for matching local descriptors. For both the rotation and

viewpoint changes shown in Figure 5.15, when using the different SVM models, noticeable

trends were observed. For rotation changes, there is a slight decreasing trend in the

matching accuracy, similar to the results discussed in Section 5.5.1. Figure 5.15a shows

that the accuracy of the matches using the SVM model generated from the patu artefact is

significantly worse than the other three models by approximately 15− 20%, whereas the

other three models show similar performance. By comparing the three artefacts, it was

discovered that the patu artefact is significantly different from the flute and wahaika artefacts

in terms of the types of features found on these artefacts. The patu artefact consists of mostly

patterns from the wood grains and the pattern drawn on the object itself, whereas the flute

and wahaika artefacts consists of highly detailed carvings, and these appear similar visually.

This difference in the artefacts used contributed towards the decline in accuracy observed.

The results for viewpoint changes shown in Figure 5.15b showa similar pattern and

reduction in accuracy to that found in rotation changes, where the matching accuracy for

the SVM model computed using the patu artefact is noticeablylower than the other three

models. A different pattern in this plot is that the results of the SVM model computed

using the wahaika artefact is slightly lower than the other two models. The model generated

using both the patu and wahaika artefacts again showed a similar performance to the model

generated using images of the flute artefact itself. From these two figures, it can be seen that

while some artefacts are more suitable for computing SVM models than others, it is possible

to use images from different objects for training SVM modelsand then using this model

for matching a different object, where there is noa priori knowledge, for example, the type

of features and geometry about the new object. When more objects were used for training

the model, the accuracy of the match was increased, and from this, two conclusions can be

drawn on the type of objects that should be used for training the SVM model. First, if there

is a priori knowledge of the object which need to be registered, then other objects which

are similar to that object should be used for training the model. In the case that noa priori
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Figure 5.15: Image matching results by using SVM models generated from different artefacts
for the flute artefact with different image transformations: (a) rotation (flute); and (b)
viewpoint (flute).

knowledge is available, more objects should be used, as results from experiments show that

this produced better matching results.

5.5.3 Feature-Reduced Support Vector Machines

Principal Component Analysis

The results for feature-reduction using PCA are presented inFigure 5.16b. The scree graph,

as well as the Kaiser’s criterion used for selecting the number of PC scores for the result

presented are shown in Figure 5.16a.

The aim when selecting the number of features, or PCs in the case PCA is used, is to use

as few features while retaining as much information as possible. From the Kaiser’s criterion,

as well as the ‘elbow’ of the curve in the scree graph, it can beseen that 11 PCs are suitable

for reducing the number of features required, while retaining the robustness of the match.

To verify this, in addition to the 11 PCs suggested by the two selection methods, two other

values, nine and 13, were also used to compare the effects of using different number of PC

scores.

Figure 5.16b shows the results for feature-reduction usingPCA. As a reference, the

results for SVM without feature-reduction and the threshold matching method are also

shown. As can be seen, by using 11 PCs as suggested by the selection criterion, the matching

accuracy is approximately 5−10% worse than the original SVM model. Using 13 PCs did

not have a significant impact on the accuracy over using 11 PCs,as the matching accuracy

only increased by 2−3%. By using nine components, the matching accuracy dropped by up

to approximately 20% and is consistently worse than the threshold matching method. From

the results, it is clear that by using PCA, it is possible to usea subset of the original data
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Figure 5.16: Feature-reduction: (a) scree diagram for selecting the number of principal
components to use; and (b) image matching results using five different matching methods
for the flute artefact with viewpoint transformations.

for matching and the reduction in matching accuracy is minorin the experiments conducted.

One important factor to take into account is that since many image registration applications

are offline processes, feature-reduction methods are oftennot required, as these methods

sacrifice matching accuracy for computation time. The PCA method proposed and verified

is best suited for when the computation time is of importance.

Recursive Feature Elimination using Support Vector Machines

Unlike PCA, no useful results were obtained by using RFE-SVMs to reduce the number of

features of the difference vectors of local descriptor pairs. This was observed and confirmed

when the weights of the individual features when computing the ranking criteria for RFE-

SVMs were analysed. While the algorithm was able to rank the features according to the

weights assigned, poor results were obtained. Upon furtherstudy, it was found that the

weights were similar for many features, meaning that many features had similar importance

and therefore by reducing the number of features, the performance degraded rapidly and

therefore the results were of no use for local descriptor matching.

The difference in the results obtained for PCA and RFE-SVMs is due to the nature of

the two methods. PCA first transforms the difference vectors of local descriptor pairs before

feature-reduction takes place, whereas in the case of RFE-SVMs, feature-reduction is applied

directly to the original data. By transforming the original difference vectors to a new set of

axes, PCA was able to use this new set of axes to retain the critical information, represented

by the new axes, while discarding the less significant ones, as shown in Figure 4.9a. RFE-

SVMs on the other hand used the information from the difference vectors directly, and many

vectors had similar importance and it was therefore difficult to determine which vectors were

the more significant, and was therefore unable to be successful in reducing the number of
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vectors or features required, while maintaining the accuracy of the method in the experiments

conducted.

5.5.4 Versatility of Machine Learning Algorithms

While SVM is one of the most common machine learning algorithms today, it is beneficial to

experiment with different machine learning algorithms to compare the performance of these

approaches. This also demonstrates that the developed approach can be easily adapted for

different machine learning algorithms. Two machine learning algorithms,k-NN and ALH, as

well as SVM with a polynomial kernel, were studied. The results for this section are shown

in Figure 5.17.

As can be seen, the four algorithms have similar performance, with ALH having the

highest matching accuracy overall, which is approximately1−2% higher than SVM with

a Gaussian kernel. SVM with a polynomial kernel performed similarly with k-NN which

is just slightly worse compared to SVM with a Gaussian kernelby approximately 3−4%.

These results agree with the results presented in [212], where ALH out-performed the other

machine learning algorithms. One thing to keep in mind however is that due to the way

queries are classified in ALH, the computational time is significantly higher than SVM.

While the computation time is not a deciding factor in many registration applications, in

the experiments conducted, the computation time required for ALH was approximately

10− 20 times of SVM. The computation time is dependent on the implementation of the

algorithms, which were not optimised in this research as thecomputation time was of no

important concern. However, given the similarity in performance of ALH and SVM, careful

consideration should be taken when determining a suitable algorithm for the application.

Based on the proven performance of SVM over the years [194], and the similar performance

observed in the experiments, it was concluded that SVM is themost suitable approach for

matching local descriptors in this research.

5.5.5 SURF versus SIFT

The last set of experiments conducted compared two local descriptor methods and aimed to

demonstrate that the SVM method for matching local descriptors is adaptable for different

local descriptor methods, consisting of different number of features. The results are shown

in Figure 5.18. The SURF local descriptor method used is 64D while SIFT is 128D. From

a previous study [80] and Chapter 3, it was shown that SURF out-performed SIFT in all

cases when registering images of the objects studied in thisresearch. This trend was not

observed in the experiments conducted, where SIFT consistently out-performed SURF by

approximately 1−3%. A logical explanation for this is due to the number of features of the

two local descriptor methods. When the threshold matching method is used, the difference
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Figure 5.17: Image matching results using four different machine learning algorithms for
the flute artefact with different image transformations: (a) rotation; (b) scale; (c) tilt; and (d)
viewpoint.
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Figure 5.18: Image matching results using two different local descriptor methods combined
with the SVM matching method for the flute artefact with different image transformations:
(a) rotation; (b) scale; (c) tilt; and (d) viewpoint.

vectors of local descriptor pairs are reduced down to scalarvalues before decisions are made

on the correctness of the matches. In the case of SVM, all the individual values are used

for decision making, and therefore the larger-sized SIFT appears to have an advantage over

SURF.

From the results, it can be seen that the SVM matching method was integrated

successfully with different local descriptor methods. A disadvantage is that due to the

different nature and dimension of the two methods used in theexperiments, the SVM model

needed to be trained and developed for each local descriptormethod even when the same

image pair was concerned. This is, however, not considered adrawback as the training of a

suitable SVM model is an one-time process for each local descriptor method.
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5.6 Conclusions

This chapter presented a new approach based on SVM for matching local descriptors, and

included processes for formulating the approaches for input data selection, model training,

automatic parameter selection and classification of local descriptor matches. To validate

the performance of this method, five sets of experiments wereconducted. The first set of

experiments compared the proposed method and the thresholdmatching method for different

image transformations, and results show that the new methodhad higher matching accuracies

of approximately 10−20%. From the results, it can be concluded that the SVM matching

method is more robust for these image transformations. The second set of experiments aimed

to identify the feasibility of using different objects for training the SVM model, and results

show that noa priori knowledge is required in order to compute a suitable model.

A drawback of the SVM method was identified as its higher computation time, and

to overcome this, two feature-reduction methods were proposed. It was concluded that

while the RFE-SVMs method is not suitable for the task, the PCA method was able to

reduce the computation time, and at the same time, keep the reduction in matching accuracy

to approximately 5− 10%. Despite this reduction in accuracy, it still performedbetter

than the threshold method. The fourth set of experiments aimed to investigate the use of

different machine learning algorithms. Results show that the ALH and SVM performed

similarly, however ALH had a much higher computation time. Because SVM has a proven

performance and is significantly more efficient, it was concluded that SVM is the most

suitable approach for matching local descriptors in this research. The last set of experiments

validated the robustness of the SVM method in handling localdescriptors of different sizes,

and it was shown that this can be achieved easily regardless of the type of local descriptor

used.

This research which has never before been published demonstrated how SVM can be

integrated with local descriptors. It is considered an important contribution in the field as this

method can be integrated with different types of local descriptor methods, and can therefore

be integrated with not only existing, but also future local descriptor methods. The matching

accuracy of the integration of the SVM method with these methods is significantly improved

as shown in the results presented. To enhance the method’s usability for applications which

require a faster computation time, feature-reduction methods were proposed. In addition,

research into different machine learning algorithms provided a good foundation for further

development in the future.
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Chapter 6

Integration of Local Descriptor Methods

and Assisted Image Registration

This chapter describes the integration of the local descriptor formation and matching methods. Experiments

were carried out to compare the performance of the integration of these two sets of methods with existing

methods. An assisted image registration programme was alsodeveloped, which combines the strengths of

both the manual and computer-based image registration methods. Results from the experiments using this

programme showed that it is capable of registering images ina more robust manner compared to pure image

registration methods.

This chapter presents the research carried out in two distinct areas. Firstly, the integration

of colour and hybrid local descriptor methods with the SVM matching method. Secondly, the

development of an user-assisted registration tool for the purpose of improving the matching

accuracy of images.

The first part of this chapter presents the experiments conducted which studied various

combinations of the local descriptor formation and local descriptor matching methods, and

their corresponding feature-reduction methods. The aim was to not only investigate how

the matching accuracy can be improved when the two sets of methods are combined, but

also how the feature-reduction methods can be utilised to reduce the computation time

associated with the methods. Note that the computation timewas regarded as a secondary

objective, as the main objective of this research was to develop methods which can robustly

register images. Changes in the illumination conditions were studied, since these conditions

significantly affect the registration performance.

The second part of this chapter presents an assisted image registration approach to

improve the performance of image registration. This was developed as an efficient tool to

improve registration, as image registration methods have limited success when dealing with

large viewpoint changes [9]. As the registration of images is often an offline process, and the
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Table 6.1: The different combination of methods tested in order to identify the optimum
combination of the two stages of local descriptor processes: (a) local descriptor formation;
and (b) local descriptor matching. The values in the table refer to the order in which they are
discussed in the thesis.

SVM Feature-reduction (PCA)
Colour local descriptor/hybrid local descriptor (1) (2)

Feature-reduction (PCA/weighted channel) (3) (4)
Illumination (colour/intensity) (5)

focus is on the robustness of the matches instead of a completely automated approach, the

purpose of the development of this tool was to study approaches which require a minimal

amount of user input and by doing so, improve the matching accuracy significantly. The

work discussed in this section is of a more practical nature and looked at how the methods

presented in the first part of this chapter can be further improved by combining a manual and

computer-based approach.

This chapter is structured as follows. Experiments were conducted which aimed

to investigate the different combinations of the colour local descriptor and hybrid local

descriptor methods and the SVM local descriptor matching method, as well as their

corresponding feature-reduction methods. The results andfindings are presented in

Section 6.1. Section 6.2 reviews existing software packages which have been developed for

matching images, followed by a description of the developeduser-assisted image registration

programme in Section 6.3. This section also discusses the experimental setup and results

achieved using the assisted image registration programme.The chapter is concluded in

Section 6.4.

6.1 Integration of Local Descriptor Formation and Mat-

ching Methods

6.1.1 Experimental Design

Four image transformations, namely: (a) rotation; (b) scale; (c) tilt; and (d) viewpoint, were

experimented with for the different combinations of the twosets of methods. By combining

the local descriptor formation methods with the SVM matching method, and taking into

account the effects of the feature-reduction methods for both sets of methods, it was possible

to study the different combinations of these methods separately. This allowed for a better

understanding of which method contributes the most towardsimproving the overall accuracy

of the local descriptor process. Four combinations of the two sets of methods were studied:

(1) local descriptor formation methods with the SVM matching method; (2) local descriptor
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formation methods with the SVM matching method and the PCA feature-reduction method;

(3) colour local descriptor method with the PCA and weighted channel feature-reduction

methods and the SVM matching method; and (4) colour local descriptor method with

with the PCA and weighted channel feature-reduction methodsand the SVM matching

method with the PCA feature-reduction method. This is shown in Table 6.1, where the four

combinations are numbered one to four in the table, respectively. This table is presented

for ease of comparison between the different combinations of methods, and corresponds to

the order in which the combinations are presented. For the PCAfeature-reduction method

utilised for both the colour local descriptor and SVM matching methods, the number of PCs

were determined using the Kaiser’s criterion [185] and scree graph [186]. In the case of

the colour local descriptor method, the number of PCs was independent of the number of

features found in existing methods. This is different than the approach taken in Chapter 4,

where the number of PCs matched the number of features found inexisting methods like the

SURF method, in order to provide a direct comparison between these methods. This was

utilised as the aim was to achieve the best balance of matching accuracy and computation

time, as suggested by the Kaiser’s criterion and scree graph.

In addition to these four sets of experiments, the effects ofcombining the local

descriptor formation methods with the SVM matching method were also studied for the

two illumination condition changes, namely colour and intensity. This is numbered five in

Table 6.1.

Note that in order to simplify the discussion of results, when only one of the proposed

methods was utilised in the experiments, an existing methodfor the other stage was utilised.

For example, the statement “the use of the SVM matching method alone” means that an

existing method for computing local descriptors was used. For computing local descriptors,

the SURF local descriptor method was utilised, and for matching local descriptors, the

threshold method was utilised.

Test 1: Local Descriptor Formation Methods Combined with SVM Matching Method

The first set of experiments combined the colour local descriptor and hybrid local descriptor

methods with the SVM matching method. The aim was to determine the matching accuracy

when these two sets of methods are integrated. The results were compared with existing

approaches, including the SURF and CSIFT local descriptor methods, as well as the

performance of the two sets of methods when they are not integrated. To conduct the

experiments, first the colour local descriptors and hybrid local descriptors were computed

for each of the images used in the experiments. The SVM modelswere then trained and

computed on two sets of training data, one for each of the colour local descriptor and hybrid

local descriptor methods. These two sets of methods were then combined to evaluate the

performance of the combination of these methods. For the hybrid local descriptor method,
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the SVM matching method replaced the threshold matching method, and the colour patches

in the hybrid local descriptors were matched using the modified normalised cross-correlation

algorithm [189].

Test 2: Local Descriptor Formation Methods Combined with Feature-Reduced SVM

Matching Method

The experiments conducted in the previous section aimed to maximise the matching accuracy

of the methods by combining the colour local descriptor and hybrid local descriptor methods

with the SVM matching method. A downfall to the tests is that due to the increased number

of features found in the local descriptors computed, the computation time was increased.

While the robustness was of more concern than the computationtime, it was also of interest

to study the effects of applying the PCA feature-reduction method to the SVM matching

method. The aim was to determine whether it was possible to reduce the computation time

while maintaining the performance of the methods. In order to apply PCA to the SVM

matching method, the number of PCs were determined by the Kaiser’s criterion and the

scree graph.

Test 3: Feature-Reduced Local Descriptor Formation Methods Combined with SVM

Matching Method

This set of experiments applied the PCA and weighted channel feature-reduction methods

to the colour local descriptors, and these were integrated with the SVM matching method.

Similar to the first set of experiments, the feature-reducedcolour local descriptors were first

computed, the SVM models were then trained based on these local descriptors. The hybrid

local descriptor method was not evaluated in this test, as nofeature-reduction methods were

developed for this method.

Test 4: Feature-Reduced Local Descriptor Formation Methods Combined with Feature-

Reduced SVM Matching Method

The fourth set of experiments studied the effects of utilising feature-reduction methods on

both the colour local descriptor and SVM matching methods. Byutilising the PCA and

weighted channel methods for the colour local descriptor method, and the PCA method

for the SVM matching method, it is possible to significantly reduce the computation time.

However, the most important factor in many image registration applications is to robustly

register the images. As shown in previous experiments, feature-reduction methods sacrifice

accuracy for computation time. Due to this drawback, there was a need to investigate the

amount of reduction in performance caused by the feature-reduction methods.
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Test 5: Local Descriptor Formation Methods Combined with SVM Matching Method

for Illumination Changes

In addition to the four sets of experiments that combined thetwo sets of methods in different

forms, a fifth set of experiments studied the robustness of these methods against illumination

changes. The colour local descriptor and hybrid local descriptor methods were combined

with the SVM matching method to register images taken under changes in illumination

colour and intensity.

6.1.2 Results and Discussion

Before discussing the results in detail, the abbreviations used in the result graphs need to be

discussed. Due to space constraints, in order to ensure thatthe legends for the figures are

legible and that the names of the methods evaluated are presented in the figures, abbreviations

were adapted. These abbreviations are only present in the figures and are not used in the

discussions.

The colour local descriptor method is abbreviated as ‘CLD’ and the hybrid local

descriptor method is abbreviated as ‘HLD’ in the figures. In the case that a feature-reduction

method was applied, the relevant method is followed by the word ‘with’. For example,

‘CLD with PCA’ denotes that the PCA feature-reduction method was applied to the colour

local descriptor method. When a local descriptor formation method was combined with the

SVM matching method, the+ sign was used. For example, ‘CLD+ SVM’ denotes that the

colour local descriptor method was combined with the SVM matching method.

Test 1: Local Descriptor Formation Methods Combined with SVM Matching Method

The results for the different combinations of the two local descriptor methods and the SVM

matching method are shown in Figures 6.1 and 6.2. For the viewpoint changes the results

for all four artefacts are presented. For the rotation, scale and tilt changes, results for the

flute artefact are shown in this chapter. Because it was of interest to study the trend, since

the methods were compared and the results are relative to each other, and as the trend of the

results from the objects are similar, they are not presentedin this chapter. Instead, complete

results for the experiments conducted, as well as the experiments in the sections to follow,

can be found in Appendix B.

When the colour local descriptor method was combined with theSVM matching method,

improvements were observed for all image transformations,with gains of approximately

5−10% in matching accuracy over the use of the SVM matching method alone. This results

in improvements of approximately 20−25% over the use of the SURF method. The trend

of the results of the combination of these two methods follows closely of that of the SVM
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Figure 6.1: Image matching results using the colour local descriptor and hybrid local
descriptor methods combined with the SVM matching method for the flute artefact with
different image transformations: (a) rotation; (b) scale;(c) tilt; and (d) viewpoint.

146



Chapter 6 Integration of Local Descriptor Methods and Assisted Image Registration

matching method alone. These results indicate that the conventional threshold matching

method has significant drawbacks for matching local descriptors.

For the hybrid local descriptor method, improvements were less significant compared

to the colour local descriptor method when combined with theSVM matching method. The

matching accuracy is higher compared to the use of the hybridlocal descriptor method alone,

with gains of up to approximately 5−15% over the hybrid local descriptor method. However,

depending on the image transformation and scale of transformation concerned, the overall

matching accuracy is lower than that of the SVM matching method alone. This was due to

the nature of the hybrid local descriptor method. Unlike thecolour local descriptor method,

the local descriptors computed with the hybrid local descriptor method are combinations

of feature-based local descriptors and area-based colour patches. As the area-based colour

patches were matched using the modified cross-correlation method [189], the SVM matching

method was only applied to the feature-based part of the method. Because of this, the

performance gains of the SVM method observed in other experiments, for example when

the SVM matching method was integrated with the colour localdescriptor method, was not

as significant.

From the results shown in this section, two conclusions can be drawn. First, when the

colour local descriptor method was integrated with the SVM matching method, the best

performance was observed. This was consistent for the rangeof all the image transformations

studied. Second, when the hybrid local descriptor method was integrated with the SVM

matching method, a similar trend to when the hybrid local descriptor method was used was

observed. The accuracy reduced faster than the other methods evaluated for the rotation,

tilt and viewpoint changes. The only exception to this were the results for scale changes.

Because area-based methods are less affected by scale changes [9], this combination was not

affected by changes in this transformation. This supports the claim in Chapter 4, where it

was concluded that the colour local descriptor method is a more robust method across a wide

range of image transformations compared to the hybrid localdescriptor method.

Test 2: Local Descriptor Formation Methods Combined with Feature-Reduced SVM

Matching Method

The results for the different combinations of the two local descriptor formation methods and

the SVM matching method with the PCA feature-reduction method are shown in Figure 6.3.

For all the results presented in this section, it can be seen that when PCA was applied to the

SVM matching method, the performance degraded.

For the colour local descriptor method, the reduction in accuracy is approximately

5− 10% compared to the combination of the colour local descriptor and SVM matching

methods as shown in test 1. The trend of the results follows closely of that of the colour local

descriptor and SVM matching methods combination. This trend is similar to those presented
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Figure 6.2: Image matching results using the colour local descriptor and hybrid
local descriptor methods combined with the SVM matching method with viewpoint
transformations for the: (a) patu; (b) wahaika; and (c) tiki.
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Figure 6.3: Image matching results using the colour local descriptor and hybrid local
descriptor methods combined with the SVM matching method with the PCA feature-
reduction method for the flute artefact with different imagetransformations: (a) rotation;
(b) scale; (c) tilt; and (d) viewpoint.
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in Section 5.5, when PCA feature-reduction was applied to theSVM matching method.

This indicates that the SVM matching method and the PCA feature-reduction method works

consistently regardless of the type of local descriptor method utilised.

For the hybrid local descriptor method, the reduction in performance is not as significant

compared to the colour local descriptor method. The matching accuracy is approximately 5%

lower compared to the hybrid local descriptor method combined with the SVM matching

method for all the image transformations. This is consistent with the results presented in

test 1, where due to the combination of area- and feature-based methods, the hybrid local

descriptor method was not as significantly affected by the SVM matching method. As a result

of this, when feature-reduction was applied to the SVM matching method, the reduction in

matching accuracy was not as significant for the hybrid localdescriptor method compared to

the colour local descriptor method.

From the results, it can be seen that for small changes in rotation, tilt and viewpoint

changes, the combination involving the hybrid local descriptor method performed better than

the colour local descriptor method one. For all three transformations, this gain in accuracy

quickly reduced as the magnitude of transformation increased over 5−10◦ as can be seen

from the results. This was again due to the nature of the hybrid local descriptor method as

discussed in test 1. The only exception was for scale changesfor the same reason.

Test 3: Feature-Reduced Local Descriptor Formation Methods Combined with SVM

Matching Method

The results for the different combinations of the colour local descriptor method with its two

feature-reduction methods and the SVM matching method are shown in Figure 6.4. The

hybrid local descriptor method was not considered in this section as no feature-reduction

methods were developed and applied to the hybrid local descriptor method.

For both the PCA and weighted channel feature-reduction methods, by combining these

methods with the SVM matching method, the matching accuracyimproved by approximately

5− 10% compared to the colour local descriptor method with either of the two feature-

reduction methods alone. The improvements observed in thistest are lower than the

performance gain achieved in test 2, when the PCA method was applied to the SVM

matching method. This was due to the way the SVM matching method works. Instead

of representing the difference vectors of local descriptorpairs using scalar values, the SVM

matching method utilises all the available values from the difference vectors, and therefore

by reducing the number of features in the local descriptors,the number of inputs for the

SVM matching method was reduced which led to a reduction in the matching accuracy gain.

As a result, unlike the previous section, the difference anddrop in matching accuracy in the

results presented in this section was found to be higher. Results from Figures 6.3 and 6.4

show that, on average, when either the PCA or weighted channelmethods were applied to
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Figure 6.4: Image matching results using the colour local descriptor method with the two
feature-reduction methods combined with the SVM matching method for the flute artefact
with different image transformations: (a) rotation; (b) scale; (c) tilt; and (d) viewpoint.
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Figure 6.5: Image matching results using the colour local descriptor with the two feature-
reduction methods combined with the SVM matching method with the PCA feature-
reduction method for the flute artefact with different imagetransformations: (a) rotation;
(b) scale; (c) tilt; and (d) viewpoint.

the colour local descriptor method, the accuracy was approximately 5% lower than when the

PCA method was applied to the SVM matching method.

Test 4: Feature-Reduced Local Descriptor Formation Methods Combined with Feature-

Reduced SVM Matching Method

The results for this section are shown in Figure 6.5. As with test 3, because no feature-

reduction methods were developed for the hybrid local descriptor method, no tests were

carried out for this method.

As can be seen in the figure, the reduction in performance fromthe combination of

the colour local descriptor method with the SVM matching method are significant for both

the PCA and weighted channel feature-reduction methods integrated with the PCA feature-

reduction method for the SVM matching method. The reductionin matching accuracy ranges

from approximately 15− 25% for all four image transformations studied. In most cases,
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Figure 6.6: Image matching results using the colour local descriptor method combined with
the SVM matching method for the flute artefact with differentillumination changes: (a)
colour; and (b) intensity.

when the PCA method was applied to the colour local descriptormethod, better results were

obtained compared with the weighted channel method. This difference in accuracy ranged

from approximately 0− 5%. The only exceptions were due to natural fluctuations in the

results.

Despite this reduction in matching accuracy for both combinations, they were consis-

tently higher than the conventional approach which utilised the SURF local descriptor

method and the threshold matching method. From the result graphs, the gain in accuracy

ranged from approximately 0− 10%. This reduction, however, meant that no significant

advantages were gained by using the integration of these methods, and is therefore not

suitable for real-life applications due to the low accuracies observed.

Test 5: Local Descriptor Formation Methods Combined with SVM Matching Method

for Illumination Changes

The fifth set of experiments was conducted to study the performance of the colour and

hybrid local descriptor methods integrated with the SVM matching method in dealing with

illumination condition changes. This section presents thematching accuracy of the SURF

and CSIFT local descriptor methods, as well as the colour local descriptor and hybrid local

descriptor methods and their integration with the SVM matching method for changes in

illumination colour and intensity. The results are shown inFigure 6.6.

By combining the colour local descriptor and hybrid local descriptor methods with the

SVM matching method, it can be seen that for the colour local descriptor method, the

matching accuracy is approximately 5% higher for both changes in illumination colour and

intensity compared to using the colour local descriptor method alone. This is consistently

the best performing combination for the range of colour and intensity changes studied in this
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test.

For the hybrid local descriptor method, the improvements were not consistent throughout

the two illumination condition changes, and ranged from approximately 0−5% compared

to using the hybrid local descriptor method alone. This is incontrast to the colour local

descriptor method, where consistent improvements for the different transformations were

observed. This is similar to the results in the first two sets of experiments, and the reason is

attributed with the nature of the hybrid local descriptor method, and the fact that the SVM

matching method only improved the feature-based componentof the method. Regardless,

the matching accuracies observed were consistently higherthan both the CSIFT and SURF

methods as shown in the figure.

For both combinations and both illumination condition changes, it can be seen from

the figure that for intensity changes, both combinations described above had more gains in

accuracy over the CSIFT and SURF methods. This ranged from approximately 10−20% for

intensity changes. This is slightly higher than the experiments for colour changes, where the

gains ranged from approximately 5−20%. This is due to the colour model utilised which

can handle changes in intensity better than colour [180].

6.2 Recent Work in Assisted Image Registration

In recent years, software packages have been developed for registering and aligning images,

in particular for stitching multiple images to form panoramic photographs [216]. These

software packages range from full graphical editing programmes to dedicated software,

which are designed solely for the purpose of matching images. One of the most well-known

graphical editing software for such purposes is Photoshop by Adobe [217]. However, full

graphical editing software packages are often excessive for tasks such as matching images

and instead, more popular software packages include PTGui [218] and hugin [219], both

derived from the Panorama Tools or PanoTools developed by Dersch [220, 221, 222, 223].

Another software package for this purpose which is more similar in nature to the methods

developed in this research is Autostitch [224, 12]. The software is based on the SIFT local

descriptor and RANSAC methods. The main difference between this and other software

packages is that Autostitch is capable of matching images, to a certain extent, that have

been misaligned or have undergone scale changes without user input due to the capabilities

of SIFT. The software packages discussed above utilise a similar approach to matching or

stitching images. First, a set of images are taken from the same location, these images are

then used as inputs into the software. For each image pair, a set of corresponding features

are manually selected and based on this selection, the transformation of the image pairs are

computed and the images are then transformed and aligned.

The main drawback of the reviewed software packages which limit their use in registering
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images for 3D reconstruction purposes is that they require the images to be taken from

the same location [216, 224]. While this is not an issue for panoramic images, for 3D

reconstruction a good coverage of the object is required andthus the images need to be

taken from different camera poses.

A research area which is closely related to assisted image registration is the use of

landmarks or control points for registering various types of images. Control points are points

that are used to guide image registration algorithms, and there are two types of control points,

intrinsic and extrinsic [25]. Intrinsic control points aremarkers in the images which are not

part of the object itself, but are rather used for aiding the registration process due to their

easily identifiable features. Control points are often used in medical applications, where

they are referred to as fiducial markers [225]. An example of this is in [10, 11, 226, 227]

where fiducial markers were used in assisting in the registration of fluoroscopic images for

a robot-assisted long bone alignment system. Extrinsic control points are control points

determined from the images itself and do not require specialmarkers when images of the

object of interest are taken. This type of control points canbe extracted either manually

or automatically. They are used in many image registration algorithms. Control points

should be rigid, stationary and easily identifiable in all images to be registered. Intrinsic

control points, while significantly simplifying the task ofidentifying corresponding features

from image pairs, are intrusive and not always practical in real-life applications. In the case

of medical applications discussed previously, sometimes it is required to insert the fiducial

markers into a patient’s body.

In the case of M̄aori artefacts studied, due to the way many of these objects are stored

and their high historical values, it would be desirable to avoid moving the artefacts in order

to place landmarks. In order to generate more accurate 3D models, the object would ideally

occupy the majority of the images in order to allow for a higher quality of 3D reconstruction,

therefore placing landmarks away from the object in order tobe non-intrusive is also not

a viable option. Extrinsic control points suit the need of this research and as they are

non-intrusive, no physical landmarks are required to be placed around the objects. Due

to the limitations of existing software packages which mainly deal with panoramic images

and require the images to be taken from the same location, it was determined that the

development of a simple and yet effective programme for registering these images utilising

extrinsic control points would be of great assistance to themethods presented in Chapters 4

and 5.
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6.3 Assisted Image Registration

6.3.1 Manual Selection of Corresponding Point Pairs

Despite advancements in image registration techniques over the past decades, the human eyes

are still unparallel in identifying and matching images in many cases, due to the eyes’ ability

to recognise and match objects from a set of images in a much more efficient manner. A

major drawback with the human eyes, however, is that it is very difficult to obtain an accurate

match of images. Image registration techniques on the otherhand excel in aligning images to

the pixel or sub-pixel resolution if correct matches can be easily identified [58, 82, 228, 229].

To take advantage of both the human eyes and image registration methods, a programme

was developed which integrates image registration techniques with the manual selection

of points from images. The programme first lets end-users manually select one or more

corresponding point pairs from image pairs. Based on these point pairs, image registration

methods discussed in Chapters 4 and 5 are utilised to accurately match the images.

For each image pair, the aim is to obtain an accurate homography matrix which describes

the spatial relationship of the images, and as such, accurate matching of the corresponding

points is required. As discussed in Chapter 3, at least four pairs are required to compute

the homography matrix. Due to imperfections of the locationof the points, in order to

compensate for these errors, more than four point pairs are almost always used, resulting in

an overdetermined system. This overdetermined system is then solved using the RANSAC

algorithm in combination with a least squares fit approach.

In addition to using an overdetermined system for improvingthe accuracy of the

homography matrix computed, an edge detector can be utilised for the manually selected

points. Since it is very difficult to manually select the exact location of points for the

human eyes and in order to improve the accuracy of these manually selected points, edge

detectors can be used to achieve sub-pixel accuracy of the location of these points. The

use of an edge detector, in this case a Harris detector [44] refined to provide sub-pixel

accuracy [82], is optional because the manually selected points are not always used for

computing the homography matrix. Often, these points only serve as starting points for

searching for a set of corresponding local descriptors. By reducing the search space by

using these manually selected points as starting points, there are two advantages. As there

are less local descriptors from the reference image which need to be compared for each

local descriptor in the sensed image, the computation time is reduced significantly. Also,

with less potential matches for each local descriptor, the chance of mismatches is reduced,

which means that the matching accuracy can be increased and there is more room for error

between a matching local descriptor pair, as the threshold for matching can often be increased

while maintaining the desired matching accuracy, therefore increasing the robustness of the

method. Two methods for reducing the size of the search spaceare utilised in the programme
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Figure 6.7: A screen shot of the developed MATLAB programme for automatic or assisted
image registration.

developed, and these will be discussed in the sections to follow.

Once a set of matched local descriptor pairs has been computed, the homography matrix

can be computed. To ensure that the correct homography matrix has been computed, two

methods are available for checking the correctness. The first is a visual approach, which

allows end-users to visually check the match of the images byprojecting and overlaying the

sensed image onto the reference image, while the second is a numerical approach where each

local descriptor is checked for consistency. This is done byprojecting each local descriptor in

the region of the sensed image, which overlaps the referenceimage onto the reference image,

then comparing each projected local descriptor from the sensed image with the closest local

descriptor in the reference image. In the case that a correcthomography matrix has been

computed, a high percentage of the local descriptors would be correctly matched. Ideally,

all the local descriptors would be correctly matched, however in practice it is not possible

to rule out issues such as noise in the images and as such, onlya pre-defined percentage of

local descriptors needs to be correctly matched in order forthe algorithm to determine that

the homography matrix computed is correct.

Figure 6.7 shows the user interface of the MATLAB programme developed for the user-

assisted image registration approach. The programme allows for easy selection of the type

of local descriptor formation, matching and what kind of assistance the user can provide for

registering images, as well as various parameters such as the threshold for matching local

descriptors.
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6.3.2 Reduced Search Space

Search Region

The first approach utilised for reducing the search space foridentifying local descriptor

correspondences is to define a search region for each pair of points manually selected. The

process is shown in Figure 6.8.

First, a set of points are manually selected from the two images, with each pair of points

corresponding to the same point in 3D space. Once a set of point pairs has been selected,

a search region is defined for each point in the images. Two important notes are: first, in

order to have a wide coverage of the images, the points selected should be as diverse and

spread out through the images as possible. Second, at least two pairs of points should be

defined. In theory one pair would be enough. While some experiments showed that this is

also practically achievable, sometimes not enough coverage is provided by just one pair, and

hence for performance reasons at least two pairs should be defined. The third step involves

comparing the local descriptors in each search region in thereference and sensed images, and

a set of corresponding local descriptors can be derived moreaccurately based on the search

regions, as the number of potential matches are reduced by utilising the search region. Lastly,

once all the local descriptors in all the search regions havebeen matched, the homography

matrix is computed.

Note that in Figure 6.8, only local descriptors from one search region in each image are

shown, these are denoted by the cross mark in each of the images in the second to fourth

steps. This is only for ease of representing the local descriptors in the diagram, and all the

local descriptors from all regions are used in computing thehomography matrix.

Search Direction

The second approach for reducing the search space defines a search direction based on two

point pairs. Instead of defining search regions, a search direction is defined based on the

orientation and monotonicity of the location of local descriptors in the images. This process

is shown in Figure 6.9.

First, two point pairs are selected for each image. Based on these two point pairs, two

lines are defined, one for each image. The lines intersect thetwo points and divide the

images into two regions. The third step is to search for correspondences, and this is achieved

by searching for correspondence based on these two regions.For ease of discussion, the

regions in the images are referred to as the left and right regions as shown in the figure. For

each local descriptor in the left region of the reference image, a search for correspondence is

made only in the left region of the sensed image. The same holds for local descriptors from

the right region. This reduces the number of comparisons required for each local descriptor

by approximately half. The last step is the same as the searchregion approach, where the

158



Chapter 6 Integration of Local Descriptor Methods and Assisted Image Registration

For each pair,
define search

region

Search for
correspondence

for the local
descriptors

Compute the
homography
(H) matrix

x2=H12x1

Select a set of
point pairs

Reference image

Sensed image

Figure 6.8: Flowchart of the search region method and figuresshowing the reference and
sensed images.

homography matrix is computed based on the matched local descriptors.

6.3.3 Experimental Design

In order to determine the usefulness of having an user-assisted approach for registering

images with large magnitudes of image transformations, experiments were conducted which

studied the following four image transformations: (a) rotation; (b) scale; (c) tilt; and

(d) viewpoint. An issue with the experiments conducted for this section was that the results

in this section were highly dependent on the points selectedby the end-user. Because of

this, it was difficult to conduct bias-free experiments without human errors affecting the

results. To minimise this effect, the number of points manually selected in each image was

restricted to three. While it is possible that the matching accuracy would have been higher

by using a higher number of points, as the number of points manually selected increased, the

amount of time required for the operator is increased. This was avoided to keep with the aim

of minimising user-intervention where possible. When only one point was used, there was

insufficient coverage of the images. When two points were used, mixed results were obtained

and was therefore discarded as no useful conclusion could bedrawn from the results. This

was due to the lack of spread of the points in the images.

In the case of the search direction approach which required two point pairs, two points

which divided the images as evenly as possible were selected. To further ensure the fairness

of the experiments, where possible, the same points in 3D space were selected for the

different images. For all the experiments conducted in thissection, the local descriptors
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Figure 6.9: Flowchart of the search direction method and figures showing the two images
involved.

were computed using the colour local descriptor method and the matching of these local

descriptors were done using the SVM local descriptor methodmethod.

6.3.4 Results and Discussion

Figure 6.10 shows two images of the flute artefact, and the steps involved in matching the

images using the programme developed. The images in the firstrow are the reference and

sensed images. As can be seen in the figure, three pairs of points were manually selected.

These point pairs refer to the same locations on the flute, however the location of the points

were not refined and thus are not perfect. This was ignored as these points only serve

as starting points for defining search regions for searchingfor correspondences, and are

not used in the actual matching of images. The second row of images shows the local

descriptors around these manually identified points, defined by the search regions, and their

corresponding local descriptors in the other image. The last row contains the two images

which show all the matched local descriptors.

Figure 6.11 shows the matching of the local descriptors fromthe two images in

Figures 6.10e and 6.10f. Lines are drawn in the figure to show the matched local descriptors.

The MATLAB programme developed allows end-users to select alocal descriptor from either

the reference or sensed image at the top half of the figure, andbased on this selection, the line

which relates the two local descriptors is highlighted. Whenselecting a local descriptor, the

nearest local descriptor is automatically selected. This can be helpful when trying to identify

a pair of mismatched local descriptors. Note that in Figures6.10 and 6.11, the images shown
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Figure 6.10: Process of manually selecting three corresponding point pairs from an image
pair: (a) and (b) show the three point pairs manually selected from the image pair; (c) and
(d) show the local descriptor pairs matched from the regionsaround the selected point pairs;
and (e) and (f) show all the matched local descriptors.
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Figure 6.11: The two figures show the matched local descriptor pairs from the image pair
and the bottom figure shows the matching of the local descriptor pairs.

are greyscale images. These images are only shown in greyscale as it is easier to mark the

selected points on the resulting images. The images used formatching were coloured ones

as the colour local descriptor method was used for computingthe local descriptors.

Search Region

The matching results using the search region method to reduce the search space for the flute

artefact for rotation, scale, tilt and viewpoint changes are shown in Figure 6.12. The figures

include image matching results using the SURF local descriptor method and the colour local

descriptor method combined with the SVM local descriptor matching method. Results for

the other three artefacts are presented in Appendix B.

From these results, it is clear that by manually selecting a few points from both images,

the matching accuracy can be greatly improved. For rotationand scale changes, the results

show that the user-assisted approach is very robust and the performance is not significantly

affected when the magnitude of image transformation was increased. The consistent

performance of the method for rotation changes is due to there being no distortions of the

object in the images. By reducing the search space and relaxing the threshold criteria, it is

possible to robustly register the images regardless of the rotation changes unlike the other

methods evaluated. For scale changes the results were expected, where consistent matching
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results were observed with all the different methods compared. For both tilt and viewpoint

changes, the matching accuracy decreased as the angle of transformations increased. The

rate of reduction was, however, much lower compared to the methods compared in the

figure, showing that the user-assisted approach is more robust against image transformations.

Depending on the type of image transformation and the magnitude of the transformation, the

improvement in matching accuracy ranged from approximately 25% to 50% compared to the

SURF local descriptor method.

For all image transformations, a decrease in computation time was also observed, since

the number of local descriptor pairs which needed to be checked was significantly reduced.

The computation time for these experiments are not presented as this was not the primary

aim. Furthermore, because the implementation of the various algorithms were not optimised,

and due to variations in the hardware used for the experiments, it is impossible to provide

an accurate and fair comparison of the computation time of all the experiments conducted

throughout the course of this research.

The results from this section demonstrate the importance ofhaving such a tool for

registering images. Experiments demonstrated that by selecting three pairs of points from an

image pair, the programme was capable of significantly improving the matching accuracy in

all cases studied. These advantages out-weight the need to manually select these points in

many applications, where real-time performance is not required.

Search Direction

For the search direction method, no results are presented for the following reasons. First,

due to the way the images are segmented using the search direction method, the search space

is still large compared to the search region method after images are divided. For example,

each region may be one-tenth of the size of the image when the search region method is

used, depending on the size of the region defined. This is in contrast to the search direction

method, where the size of the region is approximately half the size of the image. This meant

that there was plenty of room for mismatch compared to the search region method, resulting

in poor results compared to the search region approach. Secondly, it was difficult to properly

segment the images, as this is dependent on the two point pairs manually selected. In many

cases, one image was segmented in a way that the two regions covered approximately the

same amount of area while for the other image, the regions were of significantly different

sizes.

Due to the fact that much consideration was required to ensure that the regions in both

images were of similar size, this increased the difficulty and amount of user interaction

required. This was impractical in many situations, especially when compared to the search

region method, where it is much simpler to select a set of points which have a good coverage

of the entire images. Even in the case shown in Figure 6.10, where the points selected are
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Figure 6.12: Image matching results using three different matching methods for the flute
artefact with different transformations: (a) rotation; (b) scale; (c) tilt; and (d) viewpoint.
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relatively close to each other with respective to the size ofthe images, good matching results

were still obtained using the search region method. Due to these drawbacks, the search

direction method was considered to be inferior to the searchregion method in every way and

thus was not pursued further in this research.

6.4 Conclusions

This chapter presented two pieces of work. First, the colourand hybrid local descriptor

methods and the SVM matching method were integrated. Secondly, an assisted image

registration programme was developed.

For the integration of the methods, five sets of experiments were conducted which

studied the performance of different combinations of thesemethods under different imaging

conditions. For the four image transformations studied, the best performance was observed

when the colour and hybrid local descriptor methods were combined with the SVM matching

method, and no feature-reduction was applied to both methods. In this case, the matching

accuracy was up to approximately 20−25% better than the use of SURF local descriptors and

threshold matching method. For changes in illumination colour and intensity, improvements

of approximately 10−20% were noted for the same combinations. In all the experiments

conducted, the integration of the colour local descriptor method with the SVM matching

method performed better than the integration of the hybrid local descriptor method with

the SVM matching method over the range of image transformations studied. This was due

to the hybrid nature of the hybrid local descriptor method, and therefore the performance

gain observed with the use of the SVM method was reduced compared to the colour local

descriptor method.

For the assisted image registration programme developed, two search methods were

developed in order to reduce the search space, and thereforeimprove the robustness and at

the same time, reduce the computation time. Experiments conducted showed that the search

region method was more versatile and practical. Results fromthe experiments showed that

improvements of up to approximately 50% were possible. Furthermore, the rate at which

the matching accuracy reduced as the magnitude of image transformation increased was

reduced. This means that it is possible to cover a wider rangeof image transformations with

this programme compared to relying on computer vision algorithms alone for registering

images.

There are two contributions from this chapter. The first integrated the two sets of methods

for computing and matching local descriptors. These methods were first investigated

separately in previous chapters in order to conduct controlled experiments for each stage,

and focus on the issues faced in these stages. The integration of the methods was necessary

because they are part of the complete local descriptor process and are used together in image
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registration applications. This integration provides a complete local descriptor process for

registering images, and results from experiments show thatthey are significant improvements

over existing local descriptor methods. The second was the assisted image registration

programme developed, which is an useful tool for registering images, because it is capable

of registering images in a much more robust manner compared to pure computer vision

approaches. This is supported by the results from experiments, and highlights the importance

of having this programme, where the advantages out-weigh the need to manually select point

pairs from images.
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Conclusions and Future Work

The concluding remarks are presented in this chapter, providing a summary of the methods, algorithms and

tools developed, and the results obtained from the experimental work to verify the performance of these

algorithms. The contributions made throughout the course of the research are then highlighted. A list of

future work is also outlined, suggesting potential improvements to the work presented in this thesis.

7.1 Conclusions

This thesis presented two sets of new local descriptor methods which tackled two different

stages of the local descriptor process. Three sets of controlled experiments were conducted

which first analysed and evaluated the performance of the developed methods while keeping

the other stages constant, then combined the two sets of methods from the two stages to

evaluate the overall performance of the methods developed.In addition, another set of

experiments was conducted for the assisted image registration programme which integrated

the developed local descriptor methods with inputs from end-users in order to further

improve the robustness of image matches. In all the experiments conducted, improvements

were observed.

In Chapter 1, the motivation for the research was presented. It was found through

a comprehensive review of current literature that current image registration methods still

struggle to register images in the presence of large magnitudes of image transformations.

This is defined as approximately 22.5◦ in this thesis by taking into consideration the

capabilities of the state of the art in 3D reconstruction. Because of this struggle, it was

of interest to further develop methods in this field. In particular, the registration of images

in preparation for 3D reconstruction was studied. Four Māori artefacts were used as case

studies in this research, due to the added benefit of being able to contribute towards the

reconstruction of these artefacts, which are important to New Zealand. The requirements
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for this application were presented along with the scope andcontributions resulting from the

research.

Chapter 2 reviewed algorithms in the related fields. First, anoverview of various

image registration methods proposed over the years was discussed. This was followed by

a detailed discussion on local descriptor processes. Thesemethods are a subset of feature-

based methods which showed promising performance for registering images when large

magnitudes of image transformations exist. A review of 3D reconstruction methods in

computer vision and a comparison of the performance of the state-of-the-art techniques in

this field were also presented. As the particular issue in image registration studied in this

research was to register images for 3D reconstruction, a detailed discussion on how the

required parameters for 3D reconstruction can be obtained by image registration methods

was presented. Lastly, projects which aimed at reconstructing artefacts or cultural and

historical sites around the world were discussed. In addition, the challenges the EPICS team

at the University of Auckland were faced with in dealing withthe reconstruction of M̄aori

artefacts from the Auckland War Memorial Museum by using laser scanners were discussed

at the end of the chapter.

An evaluation study was carried out and presented in Chapter 3, which compared the

performance of various existing local descriptor processes. The aim of this evaluation study

was to identify the best performing method for the objects studied. Four types of image

transformations were studied, namely rotation, scale, tilt and viewpoint changes. Detailed

discussions were presented on the experimental setup for these four image transformations

and the pre-processing steps required in order to prepare the images to conduct controlled

experiments. Based on the evaluation study, it was concludedthat the SURF local descriptor

method performs best for the objects used as case studies andwas subsequently used as the

basis for further development.

Chapter 4 presented the first major contribution from this thesis. The two local descriptor

formation methods developed are referred to as colour localdescriptor and hybrid local

descriptor methods, which utilises colour models instead of greyscale images for computing

local descriptors. The two methods developed take different approaches in utilising colour

information. The colour local descriptor method computes local descriptors directly from

the colour models, and the hybrid local descriptor method computes local descriptors from

greyscale images, and these local descriptors are then combined with colour patches of the

same regions from colour models, resulting in a hybrid method consisting of both area- and

feature-based methods. Experimental work showed that the colour local descriptor method

is more robust over a wide range of image transformations, with gains in matching accuracy

of up to 10%. The hybrid local descriptor method on the other hand is more robust for

small magnitudes of image transformations, but does not handle large magnitudes of image

transformations well due to the hybrid nature of the method.
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In addition to the four image transformations, experimentswere also conducted to

validate the methods against changes in illumination colour and intensity. It was found

that the colour local descriptor method was consistently the best performing method, where

improvements of up to 15% were observed. The hybrid local descriptor method had mixed

results and did not handle the changes as well, with improvements of up to 10% observed.

An increase in computation time was observed for both the colour local descriptor and

hybrid local descriptor methods due to the use of colour models. Because the colour local

descriptor method performed better overall, further work was carried out and two feature-

reduction methods for the colour local descriptor method were presented. The first method is

based on PCA and the second method considers the distributionof the intensity of the pixels

in the individual colour channels of the colour model. Both methods managed to reduce

the number of vectors from the colour local descriptors and hence reducing the computation

time, while minimising the reduction in accuracy to approximately 5%. However, a reduction

in matching accuracy was noted and therefore it was concluded that unless the computation

time is of great importance, no feature-reduction methods should be applied.

Chapter 5 presented the second piece of major contribution from this thesis, which is the

local descriptor matching method utilising SVM. Instead ofcomputing scalar values from the

difference vectors of local descriptor pairs, then using these scalar values for determining the

correctness of local descriptor matches, the SVM matching method considers all the values

of the difference vectors of local descriptor pairs. Experimental work conducted demonstrate

that the developed method is more robust compared to the threshold matching method,

with gains of up to 20% in matching accuracy. To further demonstrate the robustness and

versatility of the method, experiments were conducted, including using different machine

learning algorithms in place of SVM and integrating the SVM matching method with

different local descriptor methods successfully.

Similar to the local descriptor formation methods, two feature-reduction methods were

presented in an attempt to reduce the computation time. The first method utilises PCA,

and experimental work showed that it successfully reduced the computation time, with

a reduction in accuracy of approximately 5− 10%. The other feature-reduction method

presented is the RFE-SVMs method, which was not able to maintain the matching accuracy

when the number of features was reduced. This was attributedto the nature of the approach

compared to PCA. It was concluded that feature-reduction should not be applied unless

the computation time is of great importance due to the reduction in accuracy observed in

experiments.

Chapter 6 presented two pieces of work. The first integrated the local descriptor

formation methods with the local descriptor matching method. Different degrees of

improvement were observed for the different combinations experimented with, which

included the two sets of methods and their respective feature-reduction methods. It was
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concluded that, for the best matching accuracy, no feature-reduction should be applied, with

improvements of up to 25% over existing methods observed. Ifa balance between matching

accuracy and computation time is desired, then feature-reduction should be applied to the

SVM matching method, where improvements of approximately 20% were observed. No

computation time was presented, as the focus was on the robustness of image matches and

as such, the implementations of the methods were not optimised. This meant that it was

impossible to provide a fair comparison between the methods.

In addition to the various local descriptor methods developed, an assisted image

registration programme was also developed. This programmeallows end-users to manually

select a set of point pairs from images pairs, the programme then automatically uses these

points as starting points to aid in the search for local descriptor correspondences. Two

methods, search region and search direction, were discussed which can reduce the search

space and, by doing so, reduce the computation time and at thesame time the chance of

mismatches. It was found through experiments that the search region approach is a more

robust and practical approach. Gains in matching accuracy of up to 50% were observed

using the search region method, and it was found that the improvement over pure computer

vision algorithms improved as the magnitude increased.

In conclusion, this thesis has presented two sets of new methods for different stages of

the local descriptor process: local descriptor formation and local descriptor matching. In

addition, the assisted image registration programme showed how the robustness of matching

images can be improved significantly by utilising the strength of the human eyes. Results

from experiments showed that these methods perform better than existing methods for the

objects studied in this thesis. It is believed that these methods are of great asset to the

registration of images for the purpose of 3D reconstruction, not only for the M̄aori artefacts

used as case studies in this research, but also other applications.

7.2 Contributions

Below is a summary of the contributions made throughout the course of this research. This,

in conjunction with the summary of the results from experiments in the previous section,

show the importance of the research conducted.

Performance Evaluation of Local Descriptor Methods An evaluation study was carried

out, which compared the performance of four local descriptor methods: (a) SIFT; (b) PCA-

SIFT; (c) GLOH; and (d) SURF. Four image transformations werestudied: (a) rotation;

(b) scale; (c) tilt; and (d) viewpoint changes. Experimental results show that SURF

performed best for all the transformations studied. This study was important as it provided a

detailed understanding of the capabilities of existing algorithms. Without this understanding,
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it is difficult to improve on existing algorithms, since the issues that exist cannot be fully

understood. Because of the importance of this study for the objects studied, it is considered

an important contribution towards improving local descriptor methods.

Colour and Hybrid Local Descriptor Methods Two new local descriptor methods,

colour local descriptor and hybrid local descriptor methods, were proposed. These two

methods compute local descriptors from colour models instead of greyscale images in

order to improve the uniqueness of the local descriptors, and to provide invariance against

illumination condition changes. Results from experiments show that improvements of up to

10% over existing methods were observed. Because the focus ofdevelopment for these two

methods were placed on computing more unique local descriptors, they are not limited to the

artefacts used as case studies, and can be applied to a wide range of images and applications.

These methods are important contributions, as they are significant improvements over

existing local descriptor methods based on the results fromexperiments. They provide good

foundations for further work in utilising colour images or models for image registration

algorithms.

Local Descriptor Matching with Support Vector Machines A new local descriptor

method based on SVM was proposed. By using SVM, it was possibleto take into account all

the vectors in difference vectors of local descriptor pairs, therefore overcoming the issue in

existing methods where metric distance measures are used. These methods, for example the

threshold matching method, compute scalar values from the difference vectors, and therefore

a large proportion of the useful data are lost. By taking into account all the individual

vectors, a better method for matching local descriptors resulted. Results from experiments

show that improvements of up to 20% over existing methods were observed. This work

has demonstrated, for the first time in literature, how SVM can be integrated with local

descriptors. Experimental results show this is a major improvement over the use of methods

based on metric distance measures, for example the threshold matching method. This is an

important contribution as this covered the least studied stage of the local descriptor process

in literature, and is a robust method that can be integrated with all existing, as well as future

local descriptor formation methods.

Assisted Image Registration An assisted image registration programme was developed,

which allows for a semi-automatic approach for the task. Theprogramme requires the

manual selection of three or more point pairs from image pairs, and uses these point pairs as

starting points to automatically register the images. The colour and hybrid local descriptor

methods, and the SVM matching method developed in the courseof this research are

used for matching the images. Two methods were developed to reduce the search space
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when matching local descriptors, using the selected point pairs as starting points. These

methods allow for a reduced computation time, and improved accuracy due to the reduced

number of potential matches for each local descriptor. Results from experiments show that

improvements of up to 50% over pure computer vision methods were observed. This tool

is easy to use, and provides a very effective method of registering images when automatic

registration of images is not required. The advantages of a faster computation time and more

robust image matches out-weigh the need to manually select point pairs from images.

Māori Artefacts Four Māori artefacts were used as case studies in this research fortwo

important reasons. First, many artefacts are difficult to register through a combination of

feature-rich regions and regions that lack distinct features, and the repetitiveness of features

found on many artefacts. This posed additional challenges and meant that more robust

methods and algorithms needed to be developed in order to register images of these objects.

Second, there is currently a need to construct 3D models of these artefacts. Limitations in

the current approach meant that an alternative approach wasrequired. This is an important

contribution because this research has provided a method for registering images of these

artefacts, and the registered images can be used for constructing 3D models in future

research.

7.3 Future Work

This thesis has demonstrated two sets of methods for improving the robustness of the

registration of images for the purpose of 3D reconstruction, using four M̄aori artefacts as

case studies. While effort has been put into developing, improving and verifying the methods

presented, like any research, the work presented does not mark the end of development of

local descriptor processes. Based on the results and discussion from previous chapters, a list

of future work has been identified and is discussed in detail.

7.3.1 Accuracy of Image Registration

This thesis discussed the accuracy of the matching of local descriptors, however the accuracy

of the matching of images, using these local descriptors, was not discussed. While the

accuracy of the matching of images is largely dependent on the accuracy of the local

descriptors, the method used for computing the accuracy of the matching of images also

plays an important role. The RANSAC algorithm was discussed in this thesis, however

due to the vast number of other methods available [230], a comprehensive study which

compares these methods should be carried out to determine the most appropriate method.

As the comparison of the different matching methods is a research area in itself, this was
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Figure 7.1: Overview of the colour local descriptor method which computes the interest
regions using the same colour model used to construct the local descriptors.

considered to be outside of the scope of this thesis.

Even though this work is outside of the scope of this thesis, results from a recent

study by Choiet al. [230] show that similar accuracies for the matching of images could

be obtained for matching accuracies ranging from 30%− 90% for local descriptors. The

only difference was the number of iterations, and thereforethe computation time, required,

with more iterations required as the matching accuracy of local descriptors reduced. These

results support the results presented in this thesis, as themajority of the results had matching

accuracies above 30%. This means that, in theory, the matched local descriptors presented

in this thesis are sufficient in successfully matching the images used.

7.3.2 Future Development of Algorithms

Significant contributions have been made to two stages of thelocal descriptor process in

this research and improvements in matching accuracy were observed in the results presented

in Chapters 4-6. This, however, does not mean that the development of local descriptors

processes stops here, and based on the work presented in thisthesis, future work for both

local descriptor formation and local descriptor matching methods have been identified. For

the colour local descriptor and hybrid local descriptor methods, one of the drawbacks is

that the interest regions are computed from greyscale images. While using the Harris-

Laplace detector meant that the comparison between conventional methods and the methods

presented in this thesis was simplified as it allowed for controlled experiments to be

conducted by keeping all the variables constant, it also means that the presented methods

are not truly based on colour images, since the computation of the interest regions relies

on region detectors detecting a set of interest regions fromgreyscale images. It is therefore

necessary to find out how the use of colour images or colour models would complement

the two local descriptor methods presented in Chapter 4, particularly if the interest regions

are computed from the same colour model which the local descriptors are computed from.
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Figure 7.2: Overview of the hybrid local descriptor method which computes the interest
regions using the same colour model used to construct the local descriptors and colour
patches.

Overviews of the colour local descriptor and hybrid local descriptor methods using colour

models to compute the interest regions are shown in Figures 7.1 and 7.2.

Another drawback for both the colour local descriptor and hybrid local descriptor

methods, as well as the SVM local descriptor matching method, is the increase in

computation time. This was of no concern for this thesis due to the nature of the application

being an offline process, however, this property makes thesemethods unsuitable for real-

time and embedded applications. While feature-reduction methods were presented which

can be used to reduce the computation time required, the matching accuracy is reduced when

these methods are applied. Even though it is widely acceptedthat it is difficult to have both

good computation time and robustness, depending on the application involved, it would be

beneficial to further study if the computation time of the methods presented can be reduced.

Also, for both sets of methods, noa priori information is used. This approach was taken

since by not consideringa priori information, it was possible to develop methods which are

generic and can be applied to a wide variety of applications.A downside to this approach

is that over the years, it has been proven that while application-specific methods restricted

their use in other areas, the performance can often be further improved as the algorithms are

designed specifically to deal with the task involved.

Based on this understanding, a study should be carried out to examine howa priori

knowledge can be integrated with the methods presented, whether it is for the application

discussed in this thesis or other applications which may involves images of a completely

different nature than those used for experimental work in this thesis.
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7.3.3 Implementation

The second part of future work involves the implementation of the algorithms. The local

descriptor formation and local descriptor matching, as well as the user-assisted image

registration work have all been implemented in MATLAB for its ability to implement

algorithms in a quick and efficient manner. However, a downside to MATLAB is its runtime

speed [231]. As MATLAB is a computing environment and does not compile the codes

developed and instead, the codes are interpreted each time they are executed, the time to carry

out the same task is significantly longer than third-generation programming languages such

as C++. Another drawback is that the codes developed in MATLABcan only be executed on

machines with MATLAB installed or with MATLAB Component Runtime. Implementing

the algorithms in MATLAB was ample for this thesis as the aim was to verify that the

developed methods are indeed more robust and not to compare the computation time of

various methods. From an application point of view however,ideally the algorithms should

be implemented in third-generation programming languagesto maximise the performance as

well as portability of the programmes. This task was not carried out as the implementation

of these algorithms in third-generation programming languages is very time-consuming.

7.3.4 Experimental Work on Other Objects

Extensive experimental work was carried out to verify the performance of the methods

presented, and the results suggest that the methods developed perform well for the objects

studied. Further experimental work should, however, be carried out to validate the

performance of these methods for other objects. The aim of this is to determine the

performance of these methods for different applications. The experimental setup presented

in Chapter 3 provides a solid foundation for future evaluation study using the local descriptor

methods.

7.3.5 Integration of Image Registration with 3D Reconstruction

This thesis focused on the task of registering images. The next step is to construct 3D

models of the artefacts studied. In order to fulfill this requirement, the results from this thesis

need to be integrated with 3D reconstruction algorithms to determine how well state-of-the-

art 3D reconstruction algorithms perform for these objects. This may seem like a simple

task at first, as both the intrinsic and extrinsic parametersrequired for 3D reconstruction

algorithms are available for all the images used for experimental work in this research. The

difficulty involved, however, lies in the integration and implementation of the registration

and reconstruction algorithms.
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Appendix A

Images for Experimental Work

This appendix presents some of the images used for the experimental work conducted for this

thesis. This is by no means a complete set of images used and instead, is only a representative

subset of the images used.

(a)

(b)

Figure A.1: Images of the flute artefact used for the experimental work for this thesis with
different types of image transformations: (a) tilt; and (b)viewpoint changes.
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Appendix B

Additional Results

This appendix presents the results from Chapters 3, 4, 5 and 6 which do not fit in the

main text. The format of this appendix follows closely of thechapters listed for ease of

comparison.

B.1 Colour and Hybrid Local Descriptor Methods

Results for Chapter 4: Colour and Hybrid Local Descriptors Methods.
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B.1.1 Local Descriptors Based on Greyscale versus Colour Images

B.1.2 Feature-Reduced Colour Local Descriptors
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(c)

Figure B.1: Image matching results using four different local descriptor methods computed
from different types of images for the patu and wahaika artefacts with different image
transformations: (a) rotation; (b) scale; and (c) tilt.
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(f)

Figure B.2: Image matching results using four different local descriptor methods computed
from different types of images for the wahaika and tiki artefacts with different image
transformations: (a) rotation (wahaika); (b) scale (wahaika); (c) tilt (wahaika); (d) rotation
(tiki); (e) scale (tiki); and (f) tilt (tiki).
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B.1.3 Illumination Changes
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Figure B.3: Image matching results using four different local descriptor methods for the patu,
wahaika and tiki artefacts with different illumination changes: (a) colour (patu); (b) intensity
(patu); (c) colour (wahaika); (d) intensity (wahaika); (e)colour (tiki); and (f) intensity (tiki).
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B.1.4 Hybrid Local Descriptors
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Figure B.4: Image matching results using four different local descriptor methods for the patu
and wahaika artefacts with different image transformations: (a) rotation (patu); (b) scale
(patu); (c) tilt (patu); (d) viewpoint (patu); (e) rotation(wahaika); and (f) scale (wahaika).
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Figure B.5: Image matching results using four different local descriptor methods for the
wahaika and tiki artefacts with different image transformations: (a) tilt (wahaika); (b)
viewpoint (wahaika); (c) rotation (tiki); (d) scale (tiki); (e) tilt (tiki); and viewpoint (tiki).
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B.1.5 SURF versus SIFT
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Figure B.6: Image matching results using colour local descriptors computed from two
different local descriptor methods for the patu and wahaikaartefacts with different image
transformations: (a) rotation (patu); (b) scale (patu); (c) tilt (patu); (d) viewpoint (patu); (e)
rotation (wahaika); and (f) scale (wahaika).
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Figure B.7: Image matching results using colour local descriptors computed from two
different local descriptor methods for the wahaika and tikiartefacts with different image
transformations: (a) tilt (wahaika); (b) viewpoint (wahaika); (c) tilt (tiki); (d) viewpoint
(tiki); (e) rotation (tiki); and (f) scale (tiki).
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B.2 Local Descriptor Matching with Support Vector Ma-

chines

Results for Chapter 5: Local Descriptor Matching with SupportVector Machines.

B.2.1 Euclidean Distance-Based Methods versus Support Vector Ma-

chines

5 10 15 20 25 30 35 40 45
0

20

40

60

80

100

Rotation (degrees)

M
at

ch
in

g 
ac

cu
ra

cy
 (

%
)

 

 

Threshold method
SVM

(a)

1.1 1.2 1.3 1.4 1.5
0

20

40

60

80

100

Scale

M
at

ch
in

g 
ac

cu
ra

cy
 (

%
)

 

 

Threshold method
SVM

(b)

5 10 15 20
0

20

40

60

80

100

Tilt (degrees)

M
at

ch
in

g 
ac

cu
ra

cy
 (

%
)

 

 

Threshold method
SVM

(c)

Figure B.8: Image matching results using three different matching methods for the patu
artefact with different image transformations: (a) rotation; (b) scale; and (c) tilt.
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Figure B.9: Image matching results using three different matching methods for the wahaika
and tiki artefacts with different image transformations: (a) rotation (wahaika); (b) scale
(wahaika); (c) tilt (wahaika); (d) rotation (tiki); (e) scale (tiki); and (f) tilt (tiki).
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B.2.2 Feature-Reduced Support Vector Machines
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Figure B.10: Image matching results using three different matching methods for the flute
artefact with different image transformations: (a) rotation; (b) scale; and (c) tilt.
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Figure B.11: Image matching results using three different matching methods for the patu and
wahaika artefacts with different image transformations: (a) rotation (patu); (b) scale (patu);
(c) tilt (patu); (d) viewpoint (patu); (e) rotation (wahaika); and (f) scale (wahaika).
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Figure B.12: Image matching results using three different matching methods for the wahaika
and tiki artefacts with different image transformations: (a) tilt (wahaika); (b) viewpoint
(wahaika); (c) rotation (tiki); (d) scale (tiki); (e) tilt (tiki); and (f) viewpoint (tiki).
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B.2.3 Versatility of Machine Learning Algorithms
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Figure B.13: Image matching results using four different machine learning algorithms for the
patu and wahaika artefacts with different image transformations: (a) rotation (patu); (b) scale
(patu); (c) tilt (patu); (d) viewpoint (patu); (e) rotation(wahaika); and (f) scale (wahaika).
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Figure B.14: Image matching results using four different machine learning algorithms for
the patu and wahaika artefacts with different image transformations: (a) tilt (wahaika); (b)
viewpoint (wahaika); (c) rotation (tiki); (d) scale (tiki); (e) tilt (tiki); and (f) viewpoint (tiki).
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B.2.4 SURF versus SIFT
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Figure B.15: Image matching results using two different local descriptor methods combined
with the SVM matching method for the patu and wahaika artefacts with different image
transformations: (a) rotation (patu); (b) scale (patu); (c) tilt (patu); (d) viewpoint (patu); (e)
rotation (wahaika); and (f) scale (wahaika).
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Figure B.16: Image matching results using two different local descriptor methods combined
with the SVM matching method for the wahaika and tiki artefacts with different image
transformations: (a) tilt (wahaika); (b) viewpoint (wahaika); (c) rotation (tiki); (d) scale
(tiki); (e) tilt (tiki); and (f) viewpoint (tiki).

195



Additional Results Appendix B

B.3 Integration of Local Descriptor Methods and Assisted

Image Registration

Results for Chapter 6: Integration of Local Descriptor Methods and Assisted Image

Registration.

B.3.1 Test 1: Local Descriptor Formation Methods Combined with

SVM Matching Method
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Figure B.17: Image matching results using the colour local descriptor and hybrid local
descriptor methods combined with the SVM matching method for the patu artefact with
different image transformations: (a) rotation; (b) scale;and (c) tilt.
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Figure B.18: Image matching results using the colour local descriptor and hybrid local
descriptor methods combined with the SVM matching method for the wahaika artefact with
different image transformations: (a) rotation; (b) scale;and (c) tilt.
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Figure B.19: Image matching results using the colour local descriptor and hybrid local
descriptor methods combined with the SVM matching method for the tiki artefact with
different image transformations: (a) rotation; (b) scale;and (c) tilt.
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B.3.2 Test 2: Local Descriptor Formation Methods Combined With

Feature-Reduced SVM Matching Method
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Figure B.20: Image matching results using the colour local descriptor and hybrid local
descriptor methods combined with the SVM matching method with the PCA feature-
reduction method for the patu and wahaika artefacts with different image transformations:
(a) rotation (patu); (b) scale (patu); (c) tilt (patu); (d) viewpoint (patu); (e) rotation (wahaika);
and (f) scale (wahaika).
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Figure B.21: Image matching results using the colour local descriptor and hybrid local
descriptor methods combined with the SVM matching method with the PCA feature-
reduction method for the wahaika and tiki artefacts with different image transformations:
(a) tilt (wahaika); (b) viewpoint (wahaika); (c) rotation (tiki); (d) scale (tiki); (e) tilt (tiki);
and (f) viewpoint (tiki).
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B.3.3 Test 3: Feature-Reduced Local Descriptor Formation Methods

Combined with SVM Matching Method
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Figure B.22: Image matching results using the colour local descriptor and hybrid local
descriptor methods with the two feature-reduction methodscombined with the SVM
matching method for the patu and wahaika artefacts with different image transformations: (a)
rotation (patu); (b) scale (patu); (c) tilt (patu); (d) viewpoint (patu); (e) rotation (wahaika);
and (f) scale (wahaika).
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Figure B.23: Image matching results using the colour local descriptor and hybrid local
descriptor methods with the two feature-reduction methodscombined with the SVM
matching method for the wahaika and tiki artefacts with different image transformations:
(a) tilt (wahaika); (b) viewpoint (wahaika); (c) rotation (tiki); (d) scale (tiki); (e) tilt (tiki);
and (f) viewpoint (tiki).
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B.3.4 Test 4: Feature-Reduced Local Descriptor Formation Methods

Combined with Feature-Reduced SVM Matching Method
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Figure B.24: Image matching results using the colour local descriptor and hybrid local
descriptor methods with the two feature-reduction methodscombined with the SVM
matching method with the PCA feature-reduction method for the patu and wahaika artefacts
with different image transformations: (a) rotation (patu); (b) scale (patu); (c) tilt (patu); (d)
viewpoint (patu); (e) rotation (wahaika); and (f) scale (wahaika).
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Figure B.25: Image matching results using the colour local descriptor and hybrid local
descriptor methods with the two feature-reduction methodscombined with the SVM
matching method with the PCA feature-reduction method for the wahaika and tiki artefacts
with different image transformations: (a) tilt (wahaika);(b) viewpoint (wahaika); (c) rotation
(tiki); (d) scale (tiki); (e) tilt (tiki); and (f) viewpoint(tiki).
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B.3.5 Test 5: Local Descriptor Methods Combined with SVM Mat-

ching Method for Illumination Changes
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Figure B.26: Image matching results using the colour local descriptor and hybrid local
descriptor methods combined with the SVM matching method for the patu, wahaika and
tiki artefacts with different illumination changes: (a) colour (patu); (b) intensity (patu); (c)
colour (wahaika); (d) intensity (wahaika); (e) colour (tiki); and (f) intensity (tiki).
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B.3.6 Assisted Image Registration
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Figure B.27: Image matching results using three different matching methods for the patu and
wahaika artefacts with different image transformations: (a) rotation (patu); (b) scale (patu);
(c) tilt (patu); (d) viewpoint (patu); (e) rotation (wahaika); and (f) scale (wahaika).
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Figure B.28: Image matching results using three different matching methods for the wahaika
and tiki artefacts with different image transformations: (a) tilt (wahaika); (b) viewpoint
(wahaika); (c) rotation (tiki); (d) scale (tiki); (e) tilt (tiki); and (f) viewpoint (tiki).
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