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Abstract

In this dissertation, the development and performance evaluation of new

techniques for image registration and image geometric normalization, which are based

on feature points extracted from images are investigated.

A feature point extraction method based on scale-interaction of Mexican-hat

wavelets is proposed. This feature point extractor can handle images of different scales

by using a range of scaling factors for the Mexican-hat wavelet leading to feature

points for different scaling factors. Experimental results show that the extracted

feature points are invariant to image rotation and translation, and are robust to image

degradations such as blurring, noise contamination, brightness change, etc. Further,

the proposed feature extractor can handle images with scale change efficiently.
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A new algorithm is proposed for registration of geometrically distorted images,

which may have partial overlap and may have undergone additional degradations.

The global 2D affine transformations are considered in the registration process.

Three main steps constitute the algorithm: extracting feature point using a feature

point extractor based on scale-interaction of Mexican-hat wavelets, obtaining the

correspondence between the feature points of the reference and the target images using

Zernike moments of neighborhoods centered on the feature points, and estimating the

transformation parameters between the first and the second images using an iterative

weighted least squares algorithm. Experimental results show that the proposed

algorithm leads to excellent registration accuracy using several types of images, even

in cases with partial overlap between images. Further, it is robust against many image

degradations and it can handle images of different scales effectively.

A new technique for image geometric normalization is proposed. The locations of

a set of feature points, extracted from the image, are used to obtain the normalization

parameters needed to normalize the image. The geometric distortions considered

in the proposed normalization technique include translation, rotation, and scaling.

Experimental results show that the proposed technique yields good normalization

accuracy and it is robust to many image degradations such as image compression,

brightness change, noise contamination and image cropping.

A blind watermarking technique for images is proposed, as an example of the

possible applications of the presented geometric normalization technique. In order

to enhance robustness of the watermarking technique to geometric distortions, the

normalization technique is used to normalize the image, to be watermarked, during the

embedding process. In the watermark detection stage, the normalization parameters

for the possibly distorted watermarked image are obtained and used to transform the

watermark into its normalized form. The transformed watermark is, then, correlated

with the image to indicate whether the watermark is present in the image or not.
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Experimental results show that the proposed watermarking technique achieves good

robustness to geometric distortions that include image translation, rotation, and

scaling.
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Chapter 1

Introduction

A key issue in many application areas such as computer vision, remote sensing,

medical imaging, pattern recognition and image retrieval is to deal with images that

are acquired by imperfect imaging systems. Different image acquisition conditions,

such as imaging geometry, sensing/environmental conditions and sensor errors, may

introduce several types of distortions and degradations to the observed image,

compared to the original scene (image). This may result in images that suffer

degradations such as contamination with noise, blurring and brightness/contrast

change. Moreover, image-planes may have different orientations, scales, positions

or may have undergone geometric distortions.

One of the important applications that concerns geometric distortions of images is

image registration. Given two, or more, images to be registered, an image registration

system estimates the parameters of the geometric transformation model that maps

a given target image, that was taken from different viewing positions or at different

times, to the reference one. Registration methods are increasingly in demand by

many image analysis and processing systems, as the first step, to accurately capture

the geometric transformations of the image data. For example, image registration is

used in image stitching, where multiple images are combined to produce a panorama
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or larger image. Image registration is used in the analysis of remotely sensed data

where an image must be transformed, using image registration techniques, to match

the orientation and the scale of previously acquired images. Also, in motion analysis

applications, image registration is utilized to find changes between two subsequent

frames in a video sequence and in medical imaging systems, images need to be aligned

first which can be accomplished through registration process, before they can be

compared for analysis and diagnostic purposes.

Another application that concerns geometric distortions of images is image

geometric normalization, which has been used as a preprocessing step in many

applications such as pattern recognition, image retrieval and image watermarking.

Image normalization is used in such applications with the purpose of representing

objects, patterns (or the entire image) regardless of changes in their orientation, size,

or position [1]. The use of image normalization as a preprocessing step might limit

the range of variations of images/patterns, as it effectively decouples the problem

of image deformations from the main task of the application, for example, retrieval,

recognition or classification, etc [2].

1.1 Image Registration

Image registration has found applications in numerous real-life applications such as

remote sensing, medical image analysis, computer vision and pattern recognition [3].

Given two, or more, images (views) to be registered, image registration estimates

the parameters of the geometric transformation model τGR
that maps a given target

image to the reference one. The transformation model τGR
maps a point x = (x1, x2)

of the reference image I to a point x
′

= (x
′

1, x
′

2) of the target image I
′

as x
′

= τGR
(x).

If a pixel p in I corresponds to p
′

in I
′

, then an accurate registration should result

in τGR
(p) as close as possible to p

′

. A registration error is, therefore, the result of
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the displacement τGR
(p)−p

′

. The basic idea of registration systems is demonstrated

in Fig. 1.1

Figure 1.1: Image registration concept.

1.2 Image Geometric Normalization

The basic idea of image geometric normalization is to transform a given image into a

standard form where this normalized form is independent of any possible geometric

distortions applied on the image [4]. Given an input image, geometric normalization

systems designed to geometrically transform this image into a standard form such

that the normalized image is invariant to geometric distortions. In addition, a robust

normalization system should be able to perfectly normalize images, regardless of any

additional image degradation such as noise contamination, cropping, etc. The basic

idea of robust geometric normalization systems is demonstrated in Fig. 1.2. In general,

the geometric distortions considered in geometric normalization systems are rotation,

scaling and translation.
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Figure 1.2: Image Geometric Normalization (G. N.): The first row contains the

input images to be normalized and the third row contains the corresponding resulting

normalized images.

An effective approach that can be utilized in applications that involve image

registration or image normalization is through using feature point extraction. Image

feature point extraction methods have been an area of interest to researchers in image

processing due to their potential applications to several image analysis problems.

In image registration techniques, feature point extraction can be utilized to

extract two sets of feature points from the reference and the target images. Next, the

correspondence between the feature points of the two images is established. Finally,

the geometric transformation parameters between the two images are estimated.

In image normalization techniques, feature point extraction can be utilized to

extract the feature points from the given image and then the normalization parameters

are estimated based on the geometric properties of image feature points.

These image registration and normalization techniques are usually designed with

the objective to be robust to different types of image distortions and degradation.



Introduction 5

Through out this dissertation, image distortions will refer to geometric transforma-

tions such as rotation and scaling while image degradation will refer to the reduction

in the image quality caused by, for example, noise contamination, blurring and

brightness/contrast change.

1.3 Scope and Contributions of the Dissertation

This dissertation is organized as follows.

In Chapter 2, some basic concepts of image feature point extraction, image regis-

tration and normalization are presented to provide a basis for the subsequent chapters.

A discussion and literature review of the most relevant concepts, terminologies and

techniques pertaining to image registration and image normalization are presented.

In Chapter 3, a feature point extractor based on scale-interaction of Mexican-hat

wavelets to extract a set of feature points from an image is presented. This feature

point extraction method is an extension of an earlier technique allowing its effective

use with images of different scales. Its performance is illustrated with experiments

and compared with other techniques. This feature point extractor will be used in the

image registration and image normalization techniques to be presented in Chapter 4

and in Chapter 5, respectively.

In Chapter 4, a new algorithm for image registration is presented. The objective

of this algorithm is to register images that are geometrically distorted and in addition

may have partial overlap and/or they may have undergone degradations caused

by noise contamination, blurring, etc. The geometric distortions considered in the

registration process are the global 2D affine transformations. Experimental results

and comparison with existing registration techniques illustrate the accuracy of image

registration for various types of such as aerial images, digital photography, etc.
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In Chapter 5, a technique for image normalization based on the geometric

properties of image feature points is proposed. The proposed technique can be

used to normalize input images independent of possible distortions such as rotation,

translation and scaling. Experimental results illustrate the accuracy of normalization

and the robustness against several geometric distortions, image degradations and

common image-processing operations. A technique for image watermarking with

robustness to geometric distortions is introduced as an example of the possible

applications of the proposed geometric normalization technique. Performance

evaluations show that the proposed watermarking technique achieves good robustness

to geometric distortions that include image translation, rotation, and scaling.

In Chapter 6, the results and contributions of this dissertation are summarized

and directions for future research are suggested.
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Chapter 2

Introduction to Image Geometric

Transformations and Feature Point

Extraction for Image Registration and

Normalization Systems

In this chapter, the fundamental aspects of geometric transformations of images

and some of the related applications are presented to provide a basis on which the

subsequent chapters are based. The chapter begins with some background knowledge

about different types of geometric transformations and then, in Section 2.2, image

feature point extraction techniques are discussed. Section 2.3 and Section 2.4 discuss

some image applications that are rely on feature point extraction; these applications

include image registration and image normalization. Finally, Section 2.5 summarizes

the chapter.
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2.1 Images and Geometric Distortions

A geometrical transformation τG is a mappings of points (pixels) from an image

to the transformed points of a second image. The transformation τG applied to a

point x = (x1, x2) of an image I produces a transformed point x
′

= (x
′

1, x
′

2) of the

transformed image I
′

such that x
′

= τG(x) [5].

The most common global geometric distortions are the rigid geometrical trans-

formations. These transformations preserve all distances and also preserve the

straightness of lines. In addition, the overall geometric relationships between points

do not change and, in consequence, the shapes of objects in the image do not change.

In this type of transformations, there are two components to the specification, a

translation and a rotation components. The translation is a two-dimensional vector

that may be specified by giving its two parameter in x and y directions while the

rotation angle can be specified by one parameter. Hence, a combined transformation

of these types typically has tree parameters, tx1, tx2 and θ, which maps a point (x1, x2)

of the first image I to a point (x
′

1, x
′

2) of the transformed image I
′

as follows:

I
′

= τG(I) = T (tx1, tx2) + R(θ)I, (2.1)

where T and R represent translation and rotation operations respectively. In detail,

this can be represented as




x
′

1

x
′

2


 =




tx1

tx2


+




cos θ − sin θ

sin θ cos θ







x1

x2


 , (2.2)

where tx1 and tx2 are translation parameters in x and y directions respectively and θ

is a rotation angle.

The aforementioned transformations can be accompanied with uniform image

scaling and, therefore, a combined transformation of this type has four parameters,
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tx1, tx2, s and θ, which can be defined as

I
′

= τG(I) = T (tx1, tx2) + sR(θ)I (2.3)

In detail, this can be represented as



x
′

1

x
′

2


 =




tx1

tx2


+ s




cos θ − sin θ

sin θ cos θ







x1

x2


 , (2.4)

where s is the scaling parameter. Examples of rigid transformations are shown

in Fig. 2.1.

R o t a t i o n T r a n s l a t i o n S c a l i n g

Figure 2.1: Examples of rigid transformations.

Fig. 2.2 shows examples of images that demonstrate the aforementioned geomet-

ric transformations.

A more general type of rigid global transformations is the 2D affine transfor-

mation. Examples of affine transformation are image shearing, in x or y directions,

and changes in aspect ratio due to nonuniform scaling. The general form of affine

transformation can be represented as



x
′

1

x
′

2


 =




a11 a12

a21 a22







x1

x2


+




tx1

tx2


 , (2.5)
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 2.2: An image and the results of applying different geometric operations: (a)

Original image, (b) Translation without cropping, (c) Translation with cropping, (d)

Scaling up by 150%, (e) Scaling down by 75%, (f) Central cropping of 25%, (g)

Rotation by 10o, (h) Rotation and cropping by 10o, (i) Rotation and rescaling by 10o.
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where a11, a12, a21, a22, tx1, and tx2 are the transformation parameters.

Projective transformation is another type of transformation that is obtained when

adding two more parameters to the above transformation and that introduces an

additional distortion in the image [6,7]. This transformation describes what happens

when viewing an object from some arbitrary viewpoint at a finite distance. It maps

lines to lines, but does not necessarily preserve parallelism. The general form of

Projective transformations can be represented as

x
′

1 =
a11x1 + a12x2 + a13

a31x1 + a32x2 + 1

x
′

2 =
a21x1 + a22x2 + a23

a31x1 + a32x2 + 1
, (2.6)

where a11, a12, a13, a21, a22, a23, a31, a32 and a33 are the transformation parameters.

Examples of affine and projective transformations are shown in Fig. 2.3.

S h e a r i n gN o n u i n f o r m
S c a l i n g

R e f l e c t i o n P r o j e c t i v e

Figure 2.3: Examples of affine and projective transformations.

Another geometric distortions, which can occur, include bilinear and curved

transformation as in 2.7 and 2.8, respectively. The general forms of these trans-
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formations can be represented as




x
′

1

x
′

2


 = x1x2




a11

a21


+




a12 a13

a22 a23







x1

x2


+




tx1

tx2


 (2.7)

and 


x
′

1

x
′

2


 =




x1

x2


+




((1 − β)a11 + βa12) sin(απ)

((1 − β)a21 + βa22) sin(απ)


 (2.8)

A more complex distortion includes applying the aforementioned transformation

locally in small blocks instead of the whole image area [8]. The visual distortion

due to this kind of local geometrical transformation are more difficult to model, even

with a simple local transformation like the one in 2.4. Fig. 2.4-a shows the image

in Fig. 2.2-a after applying local random distortions. As shown in the figure, the effect

of such local transformation might be unnoticeable. In order to demonstrate the effect

of the transformation, a grid image in Fig.2.4-b is operated by the transformation;

the result is shown in Fig.2.4-c after applying local random distortions.

(a) (b) (c)

Figure 2.4: (a) A local random distorted image , (b) Original grid image , (c) Local

random distorted grid image.
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2.2 Feature Point Extraction from Images

Feature point and corner detectors have been an area of interest to researchers in

image processing. There has been much effort to develop precise, robust and fast

methods for feature point extraction. A point in an image is considered a feature point

if it has the properties of distinctiveness and invariance [9]. Several approaches have

been developed for feature point extraction and the points extracted by these methods

differ in locations and structure, for example, edges, corners, blob-like shapes, etc.

In general, the objective is to develop a feature point extractor that is robust to the

most common geometric transformations and any possible degradation introduced by

different viewing conditions.

In [10], a robust corner detector that is based on the first-order derivatives was

developed. A better known corner detector is the ‘Harris detector’, which has been

presented in [11]. It is based on the properties of the image gradients. Another

intuitive approach, called SUSAN (Smallest Univalue Segment Assimilating Nucleus)

method, was presented in [12]. The concept of each image point having a local area of

similar brightness associated with it is the basis for the SUSAN principle. An example

that illustrates the feature point extracted using Harris detector and SUSAN method

is shown in Fig. 2.5. Recently, a parametric corner detector that does not employ

any derivatives was designed to handle blurred and noisy data in [13]. In [14], an

algorithm that uses optical flow ideas to extract the features in images was presented.

Another method that is based on the wavelet transform was presented in [15]. The

initial control points are obtained in the lowest resolution of the wavelet decomposition

and then are refined at progressively higher resolutions. Some techniques use closed-

boundary regions as the features such as the one in [16] where a two-threshold method

is used to extract well defined contours in the images and the centers of gravity of

such regions are taken as the feature points. A similar method was proposed in [17].
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In this method, images are segmented by the improved Laplacian of Gaussian (LoG)

edge extraction technique to define regions and the centers of gravity of such regions

are taken as the feature points.

In recent years, there has been a lot of research in finding image representations

over several scales. The concept of scale-space representation [18] has been developed

by the computer vision community to deal with image structures at different scales.

The scale-space representation turns out to be a solution to the diffusion equation with

the image as the initial condition [18]. Convolving an image with Gaussian function

of varying variance is equivalent to solving the linear heat diffusion equation with

the image as the initial condition. The approach proposed in [19] combines a feature

points detector and descriptors based on the gradient distribution in the detected

regions. The resulting technique, the Scale Invariant Feature Transform (SIFT), has

been used successfully in many computer vision applications. This approach is based

on detecting feature points in the scale-space generated by the difference of Gaussians

(DOG), which are invariant to rotation and scaling. A point’s descriptor is obtained

by computing a histogram of local oriented gradients around the feature points and

stores the bins in a 128−dimensional vector. In [19,20] point detectors that are robust

with respect to affine transformations and view angle changes and descriptors that

can be used to perform reliable matching between different views of an object or scene

for computer vision and pattern recognition applications have been presented.

2.3 Image Registration Techniques

Many image registration techniques have been proposed in the literature. In general,

existing image registration techniques can be categorized into two classes [21]: area-

based and feature-based methods. An extensive survey over image registration

techniques can be found in [3, 21, 22]. Area-based methods register the images by
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Figure 2.5: Feature point extraction from two images. The extracted points

superimposed on each image, the left image using Harris detector and the right image

using SUSAN method.

means that use the pixels intensities in image areas. Examples of this category include

mutual information-based methods [23,24], Fourier transform-based methods [25–27],

etc. On the other hand, feature based techniques attempt to extract features from

images and use these features to obtain the transformation parameters for registering

the images. Such image feature points may be based on some image characteristics

such as corners, line segments, curves, object contours and feature points of the image,

as in [16,28,29]. The performance of such techniques depends on several factors, such

as the area of overlap between images and to what extent it is possible to model the

different orientation between images with simple geometric transformations. Further,

image quality, affected by degradations such as noise contamination and blurring, as

well as, image characteristics such as smooth/textured areas or similarity of different

areas, play also a role in the techniques’ performance. A good overview can be

found in [3, 21, 22]. In the following, some of the techniques that are relevant to the

discussion in the subsequent chapters are briefly discussed.

In [16], a registration technique that uses closed-boundary regions as the features
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is presented. In this technique, a two-threshold method is used to extract well-

defined contours in images and the centers of gravity of such regions are taken as

feature points. In the feature-matching step, chain code representation of contours

was proposed as the invariant descriptors and a chain code correlation-like measure

was used for finding the correspondence. Transformation parameters are estimated

based on the final matched point pairs. A similar method was proposed in [17]

where images are segmented by the improved Laplacian of Gaussian (LoG) edge

extraction technique to define regions and the centers of gravity of such regions are

taken as the feature points. Region correspondences are obtained using invariant

moment shape descriptors with chain-code matching. A method that uses control

points and moment invariants was proposed in [30, 31]. To find feature points in

images, a parametric corner detector, developed for detection of corner-like dominant

points in blurred images [13] was used. The matching is performed by means of

a class of moment invariants, which are rotation, blur invariant, and are based

on complex moments. In [32], an automated matching based on normalized cross

correlation is used to generate a number of control points in the images. Then, robust

estimation of the mapping function is performed using the random sample consensus

(RANSAC) algorithm, which gives the robustness to this method. A system for

image registration called imREG 1 was presented in [33]. In this tool, three different

algorithms for registration have been implemented. The first algorithm uses optical

flow idea [14] to extract features in both images. An initial corresponding set of

control points in the two images is obtained and another refinement is performed

by using a purely geometric matching procedure. The second algorithm is based on

the wavelet transform [34]. The initial control points are obtained in the lowest

resolution of the wavelet decomposition and then refined at progressively higher

1http://nayana.ece.ucsb.edu/registration/
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resolutions. The point matching process uses the correlation coefficient as a similarity

measure and a consistency-checking procedure to eliminate incorrect control points.

The third method is based on contour matching. Chain code correlation and other

shape similarity criteria such as moments are used to match closed contours and

then a consistency check is conducted to eliminate false matches. The transformation

function is estimated using the least squares method. Another approach, that does not

require establishing explicit point correspondences, is proposed in [28]. This method

is based on matching curves between the related images by superimposing two related

curves upon each other and fitting it with a single B-spline. A technique proposed

in [35] is based on computing geometric moment invariants for a window sliding

across the whole image, considering translated and rotated images. A technique

proposed in [36] is based on the use of Zernike moments and RANSAC robust fitting

to guarantee stability, and Kanade-Lucas-Tomasi (KLT) tracker to provide accuracy.

In [37], rather than using Zernike moments as descriptors, they assume that a set of

points and their correspondents are given and the properties of Zernike moment are

used to obtain a scaling and a rotation factor while the translation factor are obtained

using the fast Fourier transform (FFT).

2.4 Image Geometric Normalization Techniques

Image Geometric normalization techniques have been developed as an elegant

preprocessing method that transforms the given distorted input image into its

normalized form such that it is invariant under geometric transformations [4]. Another

class of image normalization techniques handles only image variations that are related

to conditions of image acquisition, such as noise contamination and illumination/color

change [38, 39]. In general, geometric normalization techniques work for normalizing

input images in a rotation, translation and scale invariant manner. A close look at the
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existing normalization techniques show that it is hard to find a universal technique

that suit all types of image characteristics, such as, binary, gray or color images, or

entire image/region-based methods. Further, in most applications, it’s required that

the normalization techniques be robust to any image degradation caused by image

compression, filtering, or noise contamination.

Part of the focus in this dissertation is image geometric normalization. Therefore,

through out the rest of this dissertation, the term ”image normalization” will be used

to refer to ”image geometric normalization” for simplicity’s sake.

Several image normalization methods have been proposed in the literature. Many

methods are implemented based on image moment invariants [40, 41]. Moment

invariants are functions of the image moments, which are constructed to be invariant

to geometric transformations and are used to obtain the normalization parameters.

The moment concept has been introduced to pattern recognition by [40]. Since

then, varieties of new moment types and moment-based methods have been developed

and used [42, 43]. Moments are attractive because their computation is simple and

uniquely defined for any image function.

The existing classical methods that rely on image moments adjust the coordinate

system in a first step by moving its origin into the image centroid, which is obtained

using the zero and the first-order central moments. Expressions to determine

orientation and scale exploit the particular changes that moments experience under

rotations and scale changes of an image. There are many techniques developed for

detecting a pattern’s orientation, such as the ones based on principal axes in [44, 45]

and on the tensor theory in [1]. As for scale, a simple method that relies on the

pattern size, which is a function of the zero-order moments, can be used.

Examples of moment based normalization techniques can be found in [4, 46–49].

Most of these methods give excellent normalization results under the condition that

there is no other image degradation besides the geometric distortions. To reduce noise
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sensitivity of the moment-based image normalization methods, some modifications are

proposed in [50].

A different approach for normalization is based on object outlines and other

features. In [2, 51], a method for curve normalization with respect to affine

transformations is proposed. Curves estimated from object contours are first modeled.

Then the sampled curve is normalized in order to achieve translation, scaling, skew,

starting point, rotation, and reflection invariance. The normalization is based on a

combination of curve features including moments and Fourier descriptors.

Another method for silhouette normalization was presented in [52]. The objective

of this method is to reduce the sensitivity of the localization, orientation and scale

estimation with respect to silhouette deformations that may be caused by possible

changes in the region of the periphery of the silhouette. In order to achieve that,

a robust statistics technique, as well as a shape dependent weighting function, are

utilized to make the estimations much less sensitive to deformations.

2.5 Conclusions

The background aspects of geometric transformations of images and some of the

related issues that are necessary for the development of an efficient feature point

extractor and new image registration and image normalization techniques in the

following chapters have been reviewed. Several types of geometric transformations

have been presented. In addition, related applications that include image registration

and image normalization techniques have been discussed.
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Chapter 3

Feature Point Extraction using

Scale-Interaction of Mexican-hat Wavelets

In this chapter, a feature point extraction method based on Mexican-hat wavelets

will be presented. This method will be used in image registration and normalization

methods, discussed in the next chapters.

This chapter is organized as follows. Section 3.1 discusses feature point extraction

process: its objectives and requirements. Section 3.2 presents a feature point

extraction method that is based on scale-interaction of Mexican-hat wavelets. Section

3.3 summarizes the chapter.

3.1 Introduction

Feature point and corner detectors have been an area of interest to researchers in

image processing. Different image features may be utilized in different applications.

Moreover, for a given task, different feature sets may be suitable for different

algorithms employed to perform the same task.
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3.1.1 Objectives

This chapter presents a feature point extraction method, which is required to satisfy

the following objectives:

• The extracted feature points should be invariant to rotation and translation. In

addition, in some applications, it is required that moderate affine transforma-

tions should not destroy or alter the extracted features.

• The features should be robust to moderate variations in scale and the feature

extractor should have the ability to be modified to adapt image structures at

different scales.

• The extracted features should have a well-localized support in the image, i.e.,

cropping parts of the image should not alter the remaining feature points.

• The extracted features should have a reasonable robustness to possible degra-

dations such as noise contamination, lossy compression, etc.

• The extracted features should be suitable for more than one type of tasks.

3.2 Feature Point Extraction using Mexican-hat Wavelets

A feature point extraction method that is based on scale-interaction of Mexican-

hat wavelets is presented here. This method is based on finding the maxima of the

response of a feature detection operation, which involves convolving the image with

the Mexican-hat wavelets.

3.2.1 Background

Feature point extraction using scale interaction of Gabor wavelets was proposed in [53]

based on a model of end-stopped simple cells developed in [54]. End-stopped cells are
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neurons in the visual cortex that respond strongly to line-ends, corners and highly

curved segments [54] and can be simply modeled by taking the difference of the

responses of two receptive fields at the same position and orientation but of different

size. A receptive field of a cell is the area of the visual field (or the area on the retina),

which responds when stimulated by light. The receptive field profile is the sensitivity

profile of the cell and can be modelled by a spatial filter function [54]. It has been

mathematically described in several different ways such as difference of Gaussian,

Gabor wavelets, and derivative of Gaussian. Thus, the cell response can be treated as

a spatial convolution between an image and the receptive filed profile. The Mexican-

hat is a Laplacian of a Gaussian and its isotropic property makes it insensitive to

orientation and a good choice for feature extraction [55]. A Mexican-hat wavelet

has the shape of a signal with a positive peak in a negative dish. Convolving an

image with Mexican-hat wavelets results in a response, which more likely detects

blob-like shapes, bright areas surrounded by dark pixels or vice versa. Varying the

width of the central peak of the Mexican-hat wavelet controls the size and the shape

of the response. Mexican-hat based feature extraction methods such as the ones

in [56] and its further development in [29, 57] give good results when there is no

scale change between the images. An illustration of this feature extraction process is

shown in Fig. 3.1.

The method, which will be presented here, is an extension of our technique

presented in [57] to accommodate the scale change of images in a consistent manner.

3.2.2 The Feature Point Extraction Process

The method presented in [57] is based on finding the maxima of the response of a

feature detection operation that involves convolving the image with the Mexican-hat
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(a) (b)

Figure 3.1: Feature point extraction: (a) Block diagram of the feature extraction

process, and (b) Illustration of the feature extraction process showing the input image,

Mexican-hat wavelets with two scales, the obtained response of applying Mexican-hat

wavelets, and the extracted points superimposed on the image.
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wavelet given by

Mex(x, sm) =
1

σ

(
2 − x2

1 + x2
2

σ2

)
e

(
− 1

2

x2
1
+x2

2
σ2

)

, (3.1)

where σ = 2−sm, sm is the scale of the function, x1 and x2 are the vertical and

horizontal coordinates respectively.

This technique gives good results when there is no scale change. Scaling

the images (performing a zooming operation, for example) has the effect that the

relationship between the size of the center peak of the Mexican-hat and corresponding

image areas is different. This results in extracting image feature points, which are

not corresponding to the same locations in the images. To compensate for the scale

difference, the Mexican-hat can be resized using a scaling factor spi
as follows:

Mex(x, sm, spi
) = Mex(

x

spi

, sm) =
1

σ


2 −

( x1

spi

)2 + ( x2

spi

)2

σ2


 e

(
− 1

2

(
x1
spi

)2+(
x2
spi

)2

σ2

)

, (3.2)

This scaling factor compensates for the unknown scaling difference between the two

images. The feature extraction operation is applied using a range of scaling factors

spi
for the Mexican-hat wavelet and feature points for different scaling factors are

extracted. The effect of this approach will be illustrated with an example at the end

of this section after the proposed technique is presented.

The Mexican-hat wavelets-based feature extraction method involves two stages:

finding the response of the image to a feature detection operation and localizing the

feature points by finding the local maxima in the response. The feature extraction

process is shown in Fig. 3.2.

1. The first stage finds the response φ(x, s1, s2, spi
) of the image to a feature

detection operation as

φ(x, s1, s2, spi
) = |<(x, s1, spi

) − <(x, s2, spi
)| , (3.3)
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Figure 3.2: Feature point extraction with adaptation to scale change: (a) Block

diagram of the feature extraction process, and (b) Illustration of the feature extraction

process showing the input image, Mexican-hat wavelets, the obtained response, and

the extracted points superimposed on the image. The points are represented by circles

of different radii, indicating different scale associated with each point.
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where

<(x, sm, spi
) = I(x) ⊗ Mex(x, sm, spi

) (3.4)

represents the convolution between the image I and the Mexican-hat wavelet

given by Eqn. 3.2.

A computationally efficient way to implement the filtering operation in Eqn. 3.4,

to obtain <(x, sm, spi
), is using the Fourier transform of the Mexican-hat wavelet

given by

Mexf (spi
xf , sm) = s2

pi
σ3
(
(spi

xf1)
2 + (spi

xf2)
2
)

e(−
1
2
σ2((spi

xf1
)2+(spi

xf2
)2))

(3.5)

The response φ(x, s1, s2, spi
) can be obtained in the frequency domain using:

φ(x, s1, s2, spi
) = |<(x, s1, spi

) −<(x, s2, spi
)|

= |IFFT {If (xf ) × Mexf (xf , s1, spi
) − If (xf ) × Mexf (xf , s2, spi

)} |

= |IFFT {If (xf ) × (Mexf (xf , s1, spi
) − Mexf (xf , s2, spi

))} | (3.6)

where If (xf ) denotes the Fourier transform of I(x) and, FFT and IFFT

represent the Fourier transform and its inverse, respectively.

2. The second stage of the feature extraction process localizes the feature points

of the image by finding the local maxima of the response φ(x, s1, s2, spi
). A

local maximum is a point with maximum value that is greater than a specified

threshold Tn in a disk-shaped neighborhood of radius spi
× rn. Depending on

the image content, there might be a large number of local maxima that can be

detected in the feature point response. By tuning the neighborhoods parameters

(block sizes, radius of neighborhoods, etc.), the closeness of the extracted feature

points to each other can be controlled to ensure their stabilities and to reduce

the computations required for large number of points. Further, local maxima
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with low values are more sensitive to image distortions. Therefore, only local

maxima that are greater than the specified threshold Tn are chosen. It was

found, through experiments, that a threshold Tn with the value of 10% of the

global maximum value gives good results.

In order to avoid the effects of the image borders on the feature point extraction

process, only the image area that is away from the four image borders by a

distance spi
×Br is considered for finding the local maxima . This local maxima

obtaining stage will be applied to the response φ(x, s1, s2, spi
), in Eqn 3.3 using

the following algorithm:

(a) Find the maximal values that are greater than the specified threshold Tn

in equally non-overlapped blocks of size (spi
× ln) × (spi

× ln); such initial

maximal values may include points on the boundaries of the blocks, which

do not represent a local maximum of φ(x, s1, s2).

(b) Take each maximal point as the centre of a disk-shaped neighborhood of

radius spi
×rn and find one local maximum in each neighborhood; this will

eliminate maximal points that are not local maxima of φ(x, s1, s2) or local

maxima that are too close to each other.

(c) Repeat step-b until the obtained local maxima do not change locations.

(d) In order to avoid the effects of the image borders on the feature extraction

process, only the maxima found in the image area that is away from the

image border by a distance spi
× Br are kept.

For simplicity, the radius of the neighborhoods rn is set to 0.75 ln and the border

distance spi
×Br is set to spi

×2 ln. Thus, only one parameter is used to control

the neighborhood size, that is ln.
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The locations of the obtained local maxima (Pi, i = 1, 2, . . . , K are taken as the

extracted feature points, where Pi = (x1i, x2i, spi
) are the coordinates of a point

Pi, spi
is the associated scaling factor and K is the numbers of feature points of

I. The process of feature point extraction from an image using the technique

proposed here is illustrated in Fig. 3.2 and 3.3.

In order to illustrate the details of using range of scales, Fig. 3.4 shows an input

image and, for different values of the adaptation scale (spi
), the obtained responses

along with the corresponding extracted feature points superimposed on the image.

The following remarks can be made regarding the implementation and parameter

values used in the proposed method:

Remark 1 : The Mexican-hat wavelet has perfect circular symmetry in the frequency

and spatial domains as can be seen in Fig. 3.5. Its Fourier transform indicates that

the Mexican-hat wavelet is equivalent to a band-pass filter [58]. Tuning the wavelet

scale sm controls the spread of the wavelet in the spatial domain and the bandwidth in

the frequency domain: setting sm to a low value moves the passband of the band-pass

filter to lower frequency while using a high value moves the passband of the band-pass

filter to higher frequency.

In order to find the best scales (s1 and s2), a set of 25 different images with

various characteristics (camera taken photography, aerial and satellite images, etc.)

are tested to investigate the effect of choosing such wavelet scales. Each image of

the set is further distorted using a combination of rotation, noise contamination and

brightness change. Each image, and its distorted version, are considered in the feature

extraction process using several combinations of s1 and s2. In Fig. 3.6, the feature

points repeatability rate for different values of s1 and s2 is shown. It can be seen

in Fig. 3.6 that (s1 = 3, s2 = 9) and (s1 = 2, s2 = 4) give the highest repeatability

rates. Further, during these experiments, the total number of feature points extracted
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(a) (b)

(c) (d)

(e)

Figure 3.3: Feature point extraction stages: (a) Input image, (b) Response of applying

Mexican-hat wavelet with scale 2, (c) Response of applying Mexican-hat wavelet with

scale 4, (d) Absolute difference of the two responses, and (e) Input image with the

extracted points superimposed on the image.
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(a) (b)

(c)

Figure 3.4: Example of feature point extraction with adaptation to scale change: (a)

input image, (b) the extracted points superimposed on the image, and (c) the obtained

responses along with the corresponding extracted feature points superimposed on the

image, for different values of the adaptation scale (spi
).
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Figure 3.5: Mexican-hat wavelets for different scale parameters s: in the first row

are the magnitude responses in the frequency domain and in the second row are the

corresponding impulse responses in the spatial domain.

using (s1 = 2, s2 = 4) was lower than the one using (s1 = 3, s2 = 9). Since the

computation time required in finding the correspondence between feature points in

the two images depends on the total number of points extracted, (s1 = 2, s2 = 4) is

chosen.

Remark 2 : To illustrate the motivation for introducing the scaling factor spi
in

the Mexican-hat wavelet, the effect of using spi
on the feature point extraction is

considered in an example given in Fig. 3.7. In the first row the original image and

two scaled version of this image using scaling factors of 1.5 and 2 are presented. The

feature points extraction in these images is carried out using the Mexican-hat wavelet

with scaling factors spi
= 1, spi

= 1.5 and spi
= 2 respectively. In the second row,

the same scaled images are presented as in the first row. The difference is that in

the second row the feature points extraction for all three images is done using the

Mexican-hat wavelet with scaling factor spi
= 1. The following observations can be

made by comparing the locations of the extracted feature points among images in

a row. In the top row, feature points are detected in the same relative locations in
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Figure 3.6: Feature point repeatability rate versus the Mexican-hat wavelet scales (s1

and s2).

the image in all three cases. In the second row, the feature points extracted are not

corresponding to the same relative locations in the image. This indicates that the

feature points extracted remain constant when the relative size of image features and

width of the Mexican-hat remain unchanged. If they are changed, the feature points

do not longer correspond to the same image locations. This illustrates qualitatively

the effect of using a scaling factor on the Mexican-hat wavelet. This property of the

feature extractor is important for image registration, presented in the next chapter.

Remark 3 : The parameter that controls the neighborhood size, that is ln, depends

primarily on the size of the image and the spread of the wavelet in the spatial domain.

This parameter is chosen to set the radius of the disk-shaped neighborhood rn as the

radius/width of the central positive peak of the Mexican-hat wavelet with the broader

spread (using s1 = 2), that is 30. Hence ln used in with the value of 40 to maintain

rn = 0.75 ln = 30.
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Figure 3.7: Feature point extraction in images with scale change: Images in both

rows are the original image and two images scaled using scaling factors 1.5 and

2 respectively. The feature points on the top row have been extracted using the

Mexican-hat wavelet with scaling factors spi
= 1, spi

= 1.5 and spi
= 2 respectively.

The feature points in the bottom row have been extracted using the Mexican-hat

wavelet with scaling factor spi
= 1 in all three cases.
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3.2.3 Performance Analysis

The performance of the presented feature point extractor was evaluated using various

images of different characteristics. The criteria used in evaluating the performance

of the feature points extractor are based on visual inspection (subjective test),

repeatability rate and localization accuracy (objective test).

• Examples using different image distortions

Various images of different characteristics are used here to extract the feature

points after applying several types of distortions. The criterion used here is

based on visual inspection of the locations of the extracted feature points. A

robust feature point extractor should results in as many as possible feature

points that are in the same, or within the neighborhood of, locations, with

respect to the contents of the image, regardless of any degradations or

distortions applied on the image.

An example showing the extracted feature points from different distorted

versions of an image is shown in Fig. 3.8. In each case, the upper sub-figure

shows the feature points superimposed on the image while the lower sub-figure

shows the response of the image to the feature detection operation and the local

maxima in the response are marked. It can be seen in Fig. 3.8 that many feature

points detected in the original image, Fig. 3.8-a, are also detected in the same

relative locations in the distorted images. Further, as an objective criterion,

table 3.1 shows the number of points (NpointT , NpointC , NpointO, NpointM ),

which are extracted from the overlapping area of the undistorted and distorted

images. NpointT is the number of points detected in original undistorted image,

NpointC is the number of points detected in both the original and the distorted

images, NpointO is the number of points detected in the original image but

not in the distorted image, and NpointM is the number of points detected in
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the distorted image but not in the original image. This indicates that large

Table 3.1: Feature point extraction of distorted/degraded images.

Distortion/Degradation NpointT NpointC NpointO NpointM

(b) Blurring (3 × 3 averaging filter) 36 32 4 5

(c) Brightness change by −80 (in 255-level) 36 33 3 1

(d) Rotation by 30o 34 30 4 2

(e) Gaussian noise of zero-mean and standard 36 32 4 6

deviation of 57

(f) ’Salt & pepper’ noise of density 0.1, 34 27 7 5

(affects approximately 10% of the image area),

and rotation by 30o

percentage of feature points are extracted in the same relative location in both

the original and distorted images.

• Comparison with other feature point extractors

The criterion used here is based on quantifying the repeatability rate and

localization accuracy of the extracted feature points. Through a comparison

with another feature point extractor, the performance of the presented feature

point extractor is discussed, with regard to those criteria.

There are many feature point extractors, which have been presented in the

literature, and an interesting question is how does the performance of the

Mexican-hat wavelet-based feature point extractor compares with them. One of

the commonly used extractors is the Harris detector [11,59] and many techniques

have been compared to it. The Harris detector will, thus, be used here for

comparison. The performance evaluation will be done in terms of repeatability

rate and localization accuracy.
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(a) (b) (c)

(d) (e) (f)

Figure 3.8: Feature point extraction of distorted/degraded images: (a) No distortion,

(b) Blurring, (c) Brightness change, (d) Rotation, (e) Gaussian noise contamination,

and (f) ’Salt and Pepper’ noise contamination.
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An image and its distorted version are considered and the feature points in

each image are extracted using the Harris detector and the Mexican-hat wavelet

detector. The repeatability rate is the percentage of feature points detected in

the original and distorted images. A feature point is considered detected if it is

detected in both images and the corresponding locations do not differ by more

than two pixels.

Repeatability =
NpointC

NpointO + NpointC + NpointM
, (3.7)

The localization accuracy is quantified by obtaining the mean of distance

between corresponding feature points, in pixels.

The standard image ’Lena’ is used as an example and the performance of each

detector is tested with respect to different types of distortion. The degradations

considered are JPEG compression, Gaussian noise addition and impulsive noise

(’Salt and Pepper’ noise) addition. Comparison results that illustrate the

repeatability rate and localization accuracy of the two feature point detectors

are shown in Fig. 3.9. Other images used for comparison lead to similar results.

The comparison results indicate that the Mexican-hat wavelet-based feature

point detector has shown better repeatability rate for all tested images. Further,

both of the detectors have comparable localization accuracy for most images and

in some images, the Mexican-hat wavelet-based feature point detector has better

localization accuracy. Based in this comparison, the Mexican-hat wavelet-based

feature point detector can perform as well or better than the Harris detector.

The scale information can be used in the feature point extraction process

to accommodate the scale change of images and can be utilized in applications

dealing with images of different scales, as can be seen in our proposed image

registration technique in the subsequent chapter. The performance of the
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Figure 3.9: Feature point repeatability (left) and localization accuracy (right) for

several types of distortions for image ’Lena’: (a) JPEG compression, (b) Gaussian

noise and (c) ’Salt and Pepper’ noise.
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presented feature point extractor, taking into consideration the different scales

issue, is compared with other feature point extractors with regard to the

overall performance of the used application, image registration in our case, and

discussed in next chapter.

3.3 Conclusions

In this chapter, a feature point extractor that is based on scale-interaction of Mexican-

hat wavelets with the ability to handle images with scale change was introduced. In

order to adapt the feature point extraction process to images with scale change, a

range of scaling factors is used for the Mexican-hat wavelet and feature points for

different scaling factors are extracted. This property of the feature point extractor is

important for image registration, presented in Chapter 4.

The presented feature points extractor was tested using a various images of

different characteristics and its performance was evaluated using visual inspection

(subjective test), repeatability rate and localization accuracy (objective test). Exper-

imental results indicate that:

• The locations of feature points extracted using the proposed technique have

reasonable invariance to image rotation, translation and scale change.

• The extracted feature points are robust against lossy image compression, image

blurring and noise contamination.

The presented feature point extraction method will be used in image registration

and normalization methods, as discussed in the subsequent chapters.
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Chapter 4

A Robust Image Registration Technique

using Feature Point Extraction and

Zernike Moment Invariants

This chapter introduces an algorithm for image registration. The main objective

of the proposed algorithm is accurately registering images with partial overlap that

are geometrically distorted and in addition they may have undergone degradations

caused by, for example, noise contamination, blurring, etc. The geometric distortions

considered in the registration process are the global 2D affine transformations. The

proposed algorithm consists of three main steps: extracting feature points using a

feature point extractor based on scale-interaction of Mexican-hat wavelets, obtaining

the correspondence between the feature points of the reference and the target images

based on Zernike moments of neighborhoods centered on the feature points, and

estimating the transformation parameters between the two images using an iterative

weighted least squares algorithm.

This chapter is organized as follows. Section 4.1 discusses the proposed

registration algorithm: its objectives and requirements. Section 4.2 describes the
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proposed registration algorithm in detail. In Section 4.3, experimental results are

presented and the performance of the proposed algorithm is discussed. Finally,

Section 4.4 summarizes the chapter.

4.1 Introduction

Image registration has found applications in numerous real-life applications such as

remote sensing, medical image analysis, computer vision and pattern recognition [3].

Given two, or more, images to be registered, image registration estimates the

parameters of the geometric transformation model that maps a given target image to

the reference one.

4.1.1 Objectives

This chapter introduces an algorithm for image registration that aims at accurately

registering images that are geometrically distorted and, in addition, they may have

undergone additional degradations. The proposed algorithm is required to satisfy the

following objectives:

• The principal objective is to develop an image registration method for images of

different characteristics, for example, aerial images, satellite images and digital

camera photography.

• It should be capable of dealing with significant geometric distortions that involve

global 2D affine transformations, and when there is only partial overlap between

the images.

• It should have a reasonable robustness to possible degradations such as noise

contamination, blurring, etc.
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• The registration algorithm should be automatic, which means that the proce-

dure should not require any manual steps.

4.1.2 Geometric Distortions Considered in The Registration Process

The types of distortions considered here are the global 2D affine transformations. A

combined transformation of these types typically has six parameters: translation pa-

rameters in x and y directions (tx and ty respectively) and four affine transformations

parameter (a11, a12, a21 and a22). This transformation maps a point x = (x1, x2) of

an image I to a point x
′

= (x
′

1, x
′

2) of the transformed image I
′

as follows:

x
′

= f(x, z) =




x
′

1

x
′

2


 =




a11 a12

a21 a22







x1

x2


+




tx1

tx2




=




a11x1 + a12x2 + tx1

a21x1 + a22x2 + tx2


 , (4.1)

where f is the transformation function, z = [a11 a12 a21 a22 tx1 tx2]
T is a

vector of the transformation parameters and I(x) represents a pixel value at location

x = (x1, x2).

4.2 The Proposed Registration Algorithm

The problem of image registration is to estimate the transformation parameters, as

in Eqn. 4.1 using the reference and the target images. The image quality may be,

further, degraded, for example by noise contamination, or the two images may have

only partial overlap between them.

The proposed algorithm involves three stages: extracting of feature points,

obtaining the correspondence between the feature points of the two images, and

estimating the transformation parameters. Typically, the feature extraction process
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and obtaining the correspondence between feature points are carried out on gray-scale

images or on the luminance component of color images.

The feature point extractor, presented in Chapter 3, is utilized here to extract

two sets of feature points from the reference and the target images respectively. These

feature points are scale dependent and the proposed technique includes adjusting the

Mexican-hat wavelet size to obtain different feature points for different scales.

The correspondence between the feature points from the two images is evaluated

using Zernike moment invariants of circular neighborhoods centered on the feature

points. Zernike moments have been evaluated and shown to give very good results

compared to other types of moments with respect to information redundancy and

sensitivity to noise [43]. Another important property of Zernike moments is that

their magnitude is rotationally invariant [60].

The transformation parameters are estimated using an adaptive weighted least

squares technique with an objective function that depends on the weighted difference

between the locations of a set of feature points in the reference image and another

set in the target image. Using this approach, outliers are eliminated and inliers are

weighted according to the relative magnitude of their residuals.

The steps of the proposed registration algorithm are shown schematically in

Fig. 4.1 and described in detail in the following subsections.

4.2.1 Feature Point Extraction

In order to extract two sets of feature points from the given two images to be

registered, the feature point extractor, presented in Chapter 3, is used. This feature

point extraction is applied to both images (I and I
′

) and the locations of the obtained

feature points are found as (Pi, i = 1, 2, . . . , K for I and P
′

i , i = 1, 2, . . . , K
′

for I
′

),

where Pi = (x1i, x2i, spi
) are the coordinates of a point Pi, spi

is the associated scaling
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Figure 4.1: Block diagram of the proposed registration algorithm.

factor and, K and K
′

are the numbers of feature points of I and I
′

, respectively. An

example illustrating the extracted feature points from two different images is shown

in Fig. 4.2.

4.2.2 Correspondence between Points

The feature extraction process discussed in the previous sub-section applied on the

two images results in two sets of feature points, P and P
′

. The number of the feature

points in the reference image is K and the corresponding number of the target image

is K
′

. The objective of this step is to pair feature points of the reference image with

the corresponding ones of the target image. This is done using similarity measures

based on Zernike moments-based descriptors [43,60,61] using circular neighborhoods

centered on each feature point Pi in the reference image and each point P
′

i in the

target image. The reason for using circular neighborhoods is that the magnitudes of

the complex Zernike moments are rotational invariant. Further, the Zernike moments

of an image I are related to the Zernike moments of the resized image I
′

, obtained
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(a) (b)

Figure 4.2: Feature point extraction from two images: the extracted points

superimposed on the two images in (a) and (b). The points are represented by circles

of different radii, indicating different scale associated with each point.

by scaling I using a scaling factor spi
, using the following equation [62]

Zp,q =
1

s2
pi

Z
′

p,q (4.2)

The correspondence between feature points in the two images is obtained using

the following algorithm:

1. For each point of P and P
′

in images I and I
′

, respectively, take a circular

neighborhood of radius spi
× rv and construct a descriptor vector Pd as

Pd =
1

s2
pi

[ |Z1,1|, . . . , |Zp,q|, . . . , |Z10,10| ], (4.3)

where |Zp,q| is the magnitude of Zernike moment of a non-negative integer order

p, p−|q| is even, and |q| ≤ p. When computing the Zernike moments of a circular

neighborhood located around a feature point, the feature point is taken as the

origin and the coordinates of each pixel inside the neighborhood are mapped to
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the range inside a unit circle, i.e.,
√

x̂1
2 + x̂2

2 ≤ 1. Zernike moments of order p

are given by

Zpq =
(p + 1)

π

∑

x̂1

∑

x̂2

V ∗
pq(r, θ)A(x̂1, x̂2), (4.4)

where

r =
√

x̂1
2 + x̂2

2, θ = tan−1(x̂2/x̂1), (4.5)

and A(x̂1, x̂2) represents the intensity at a pixel inside the circular neighborhood.

In the above equation, V ∗
pq denotes the complex conjugate of the Zernike

polynomial of order p and repetition q which can be defined as

Vpq(r, θ) = Rpq(r)e
jqθ, (4.6)

where Rpq(r) is a real-valued radial polynomial defined as

Rpq(r) =
(p−|q|)/2∑

s=0

(−1)s (p − s)! rp−2s

s!
(

p−2s+|q|
2

)
!
(

p−2s−|q|
2

)
!
, (4.7)

where p = 0, 1, 2, . . .∞; 0 ≤ |q| ≤ p; and p − |q| is even.

While higher order moments contain information about fine details in the image,

they are more sensitive to noise than lower order moments [43]. Therefore, the

highest moment order used in the descriptor vector Pd (10 in the algorithm) is

chosen to achieve a compromise between noise sensitivity and the information

content of the moments. If the image (or region of interest, i.e., the circular

neighborhoods) is rotated by an angle ϕ, then the Zernike moment Zpq of the

rotated image can be obtained as

Z
′

pq = Zpqe
−jqϕ, (4.8)

Thus, the magnitudes of the Zernike moments can be used as rotationally

invariant image features.
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In order to illustrate such Zernike moment-based descriptors, several distorted

versions of an image are used to compute the descriptor vectors for the same

neighborhood in each, denoted by the shown circles in Fig. 4.3-a-(ii–vi). These

descriptor vectors are plotted in Fig. 4.3-b. It can be see that the computed

descriptor are similar regardless the image degradation due to the applied

distortions and this demonstrate their less sensitivity to noise and distortions,

which make them effective in obtaining the correspondence between points.

On the other hand, different neighborhood is used to compute the descriptor

vectors, as shown in Fig. 4.3-a-vii, and it can be seen in Fig. 4.3-b that the

computed descriptors are distinguishable for different neighborhoods.

Another example showing the computed descriptors of two corresponding

neighborhoods in images with scale change, by considering the scale adjustment

when computing descriptors, is shown in Fig. 4.4. Clearly, the effect of that

adjustment can be noticed in Fig. 4.4-b from the similarity of the computed

descriptors.

2. Construct the distance matrix C, where each entry cij of this matrix is given

by

cij = `1(Pdi
− P

′

dj
) =

n∑

m=1

|Pdi
(m) − P

′

dj
(m)|, (4.9)

where Pdi
(m) and P

′

dj
(m) are the entries of Pdi

and P
′

dj
, respectively, i =

1, 2, . . . , K and j = 1, 2, . . . , K
′

. In other words, each entry cij represents the

`1−norm of the difference between the two descriptor vectors of the feature

points Pi and P
′

j in the reference and the target images, respectively.

3. In the distance matrix C, find the minimum distance coefficients along rows

and along columns and denote the indices of the corresponding entries of C as:

rowi = index{min
j
{cij}}, and
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(b)

Figure 4.3: The computed descriptors for a neighborhood in an image, after applying

several distortions on that image: (a) shows the distorted versions of the image and

(b) shows a plot of the computed descriptors.
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Figure 4.4: The computed descriptors for two neighborhoods in images with scale

change: (a) shows the images and (b) shows a plot of the computed descriptors.
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colj = index{min
i
{cij}}. (4.10)

4. A correspondence between two points Pi and P
′

j is established if, and only if,

rowi = colj, i.e., only if the minimum distance coefficient in a row is also the

minimum distance coefficient in the associated column of C. This results in K̂

paired points, where K̂ ≤ min(K, K
′

).

Remark 1 : When registering images that involve scaling, the used feature point

extractor relies on finding feature points in both images at different scaling factors

and match the feature points and their appropriate scaling factors. Since it is not

practical to extract feature points at all scales, scale quantization is necessary in

the scale range spi
. Using a large value for spi

enlarges the Mexican-hat wavelets

size and, consequently, fewer points are detected, as the response φ gets smoother.

Therefore, spmax
is obtained as the largest value of spi

for which feature points can be

detected. Using a small value for spi
makes the Mexican-hat wavelets width small and

its response moves toward detecting image edges. After several experiments spmin
with

the value of 0.3 has been chosen. In order to test the impact of the scale range step

size spstep
several experiments were conducted using a variety of images. The number

of correct feature point correspondences for different step sizes and the number of

filtering operations for different step sizes are shown in Fig. 4.5. It can be seen from

that figure that smaller step sizes lead to more correct correspondences while at the

same time the number of filtering levels is increased. More correct correspondences

between points helps in estimating the transformation parameters at the cost of more

computations for finding such correspondences between points. A good compromise

can be obtained by using a scale range step spstep
= 0.1, which maintains a reasonable

number of correct correspondences between points.

Remark 2 : The parameter rv, which used in computing the Zernike moments, should
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Figure 4.5: Number of Correct Feature Point Pairs versus spstep
and Number of

Filtering operations versus spstep
.

be chosen such that the neighborhood of each feature point contains enough details

to construct an effective descriptor vector. Clearly the larger the neighborhood’s size,

the more image details it contains and consequently the better correspondence can be

obtained but larger neighborhoods require more computations. A good compromise

value has been found to be 45 pixels for rv.

An example illustrating the obtained correspondences between the feature points

of the images in Fig. 4.2 is shown in Fig. 4.6.

4.2.3 Transformation Parameters Estimation

The transformation parameters, required to transform the distorted image to its

proper form, will be estimated by solving an iterative weighted least squares

minimization problem where the objective function depends on the distance between

the feature point pairs in the two images. The objective function is defined in terms
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(a) (b)

Figure 4.6: Correspondences between the feature points. The paired feature points

are superimposed on each image. Each point and its corresponding one in the other

image are labeled with the same number.

of `2−norm of the weighted errors

Ψ(z) = `2
2(W [f(P

′

, z) − P ]) =
K̂∑

i=1

wi

∥∥∥f(P
′

i , z) − Pi

∥∥∥
2
, (4.11)

where W = [w1 . . . wi . . . wK̂], wi is the weight associated with the distance between

the feature point pairs (Pi and P
′

i ) and z = [a11 a12 a21 a22 tx1 tx2]
T is a vector

of the transformation parameters. The values of the weights will be determined

iteratively, as discussed later. The transformation parameters can be obtained then

by solving the optimization problem

min
z

Ψ(z) (4.12)

Using Eqn. 4.1 and 4.11, the objective function in Eqn. 4.11 can be expressed as

Ψ(z) =
K̂∑

i=1

wi[(a11x
′

1i + a12x
′

2i + tx1 − x1i)
2 + (a21x

′

1i + a22x
′

2i + tx2 − x2i)
2], (4.13)

which is a quadratic form in six variables.
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The gradient g(z) of the objective function Ψ(z) can be found as

g(z) = ∇Ψ(z) = [
∂Ψ(z)

∂a11

∂Ψ(z)

∂a12

∂Ψ(z)

∂a21

∂Ψ(z)

∂a22

∂Ψ(z)

∂tx1

∂Ψ(z)

∂tx2
]T , (4.14)

and this expression can be rewritten in the form of

g(z) = Az + b, (4.15)

where

A = 2




∑K̂

i=1
wix

′2
1i

∑K̂

i=1
wix

′

1ix
′

2i 0 0
∑K̂

i=1
wix

′

1i 0∑K̂

i=1
wix

′

1i
x
′

2i

∑K̂

i=1
wix

′2
2i

0 0
∑K̂

i=1
wix

′

2i
0

0 0
∑K̂

i=1
wix

′2
1i

∑K̂

i=1
wix

′

1i
x
′

2i
0

∑K̂

i=1
wix

′

1i

0 0
∑K̂

i=1
wix

′

1i
x
′

2i

∑K̂

i=1
wix

′2
2i

0
∑K̂

i=1
wix

′

2i
)

∑K̂

i=1
wix

′

1i

∑K̂

i=1
wix

′

2i
0 0

∑K̂

i=1
wi 0

0 0
∑K̂

i=1
wix

′

1i

∑K̂

i=1
wix

′

2i
0

∑K̂

i=1
wi




(4.16)

b = −2

( ∑K̂

i=1
wix1ix

′

1i

∑K̂

i=1
wix1ix

′

2i

∑K̂

i=1
wix2ix

′

1i

∑K̂

i=1
wix2ix

′

2i

∑K̂

i=1
wix1i

∑K̂

i=1
wix2i

)T

(4.17)

Hence, the solution of the least-squares problem in Eqn. 4.12 can be reduced to solving

a set of linear equations by solving g(z) = 0, leading to

z∗ = −A−1b (4.18)

The matrix A is invertible and Eqn. 4.18 has a unique solution if there are at least

three distinct point pairs, i. e., K̂ ≥ 3.

The solution of this optimization problem would give the correct transformation

parameters provided that the feature point correspondence obtained is correct for all

feature point pairs. This will not be the case if, for example, the two images have only

partial overlap between them, or if some of the feature point pairs are less accurate

than the others. An effective way to identify and eliminate such points (outliers)

is using a common approach from robust statistics [63], which involves weights wi

that are updated iteratively. The weights wi are computed based on the residuals
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values, such that those point pairs giving large residuals are heavily weighted while

large residuals are weighted lightly, or even rejected in the next iteration. There

are several methods of weight updating in the literature [63]. These methods have

different properties with respect to the breakdown point (the percentage of outliers

that cause a wrong estimation), complexity and the convergence rate. Usually there is

a trade-off between convergence rate and breakdown point [64]. The use of the mean-

based function in Eqn.(4.20) leads to fast convergence to the correct parameters

in the case of small percentage of outliers which has been mostly the case using

the proposed algorithm. For cases with high percentage of outliers, different weight

updating methods, such as the one based on the median absolute deviation [63, 64]

lead to converge for cases that have up to 40% outliers.

The transformation parameters are estimated by using an iterative weighted least

squares algorithm that is described by Algorithm 1 and the obtained transformation

parameters are then used to transform the image to its appropriate form.

4.3 Experimental Results

In this section, the performance of the proposed registration algorithm is illustrated,

evaluated and compared with other techniques using real-life images such as satellite

images and images taken with digital cameras. These images have various different

characteristics, several types of image degradations and partial overlap.

The performance of the proposed technique is evaluated using the errors in the

feature point’s locations of the registered images, after transformation. Suppose the

coordinates of a pair of feature point in the reference and a given image are denoted by

(x1i, x2i) and (x
′

1i, x
′

2i), respectively. The distance Di between the reference feature

point and its registered correspondent, after transformation (using the parameters
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Algorithm 1 Iterative Weighted Least Squares Minimization

1: Find an initial estimate of the transformation parameters vector z(1) by using

Eqn. 4.18 with weights w
(1)
i = 1, i = 1, 2, . . . , K̂.

2: repeat

3: Compute the residuals for each feature point pair using

∆
(n)
i =

∥∥∥f(P
′

i , z
(n)) − Pi

∥∥∥
2
, i = 1, 2, . . . , K̂ (4.19)

4: Update the weights based on the values of the residuals using

w
(n)
i =





0 if ∆
(n−1)
i ≥ ∆(n−1)

[
1 − (

∆
(n−1)
i

∆(n−1)
)2

]2
otherwise

(4.20)

where ∆(n−1) = Mean(∆(n−1))

5: Find a new solution for z by using Eqn. 4.18 with the updated weights.

6: until |Ψ(n)(z) − Ψ(n−1)(z)| < Threshold

or a certain number of iterations has been reached

∗ X(n) denotes the value of X in the current iteration while X(n−1) implies its value in the previous iteration.
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a11, a12, a21, a22, tx1 and tx2), can be determined as

Di =
(
(a11x

′

1i + a12x
′

2i + tx1 − x1i)
2 + (a21x

′

1i + a22x
′

2i + tx2 − x2i)
2
) 1

2 , (4.21)

The geometric registration error can be quantified in terms of the mean DM and the

standard deviation DSTD of the errors for all point pairs, which can be determined as

DM =
1

K̃

K̃∑

i=1

Di

DSTD =


 1

K̃ − 1

K̃∑

i=1

(Di − DM)2




1
2

, (4.22)

where K̃ is the total number of point pairs, after excluding the pairs of false

correspondence with associated weights of approximately zero value.

4.3.1 Registration Examples

• Example 1: Fig. 4.7 shows an example of two photographs 1 of an outdoor

scene taken at different times. The two photographs are registered using the

proposed technique. In the first step, feature extraction results in two sets of

feature points for each image. These feature points are represented as circles

whose centers are the coordinates of the extracted feature points, as it can

be seen in Fig. 4.7-a and b. The different diameters of the circles indicate

the different adaptation scales spi
for each feature point. In the second step,

the correspondence between the feature points in the two images is obtained

and shown in Fig. 4.7-c and d. It can be seen that many feature points have

been eliminated and only points for which correspondents were found are kept.

Each point and its corresponding one in the other image are labeled with the

same number. It can be seen that 31 feature point pairs have been matched.

1Available at http://www.pbase.com/ckuhn55/wyoming
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All pairs except pairs #23, #30 and #31 have correct correspondence. These

false correspondences are mainly due to the self-similarity of some parts of each

image. Using these 31 pairs of feature points the iterative weighted least squares

algorithm is used in the third step to obtain the transformation parameters. The

values of the weights and residuals are given in Table 4.1. It can be seen, in

this table, that after four iterations, the algorithm converges and the outliers

(pairs #23, #30 and #31) are rejected since they have been assigned zero

weights. The target image is transformed using the obtained transformation

parameters and overlaid on the reference image as can be seen in Fig. 4.7-

e. Bilinear interpolation is used in the geometric transformation. Fig. 4.7-f

shows the correspondence of the feature point pairs. The crosses represent the

location of the feature points of the reference image while the squares represent

the location of the feature points of the target image after they are registered

(geometrically transformed) and overlaid on the feature points of the reference

image. As can be seen in Fig. 4.7-f, the obtained correspondence are correct, i.e.,

the crosses coincide with the squares except for the three false correspondences

which have been eliminated by the iterative weighted least squares algorithm.

The quality of registration can be evaluated using the registration error (DM

and DSTD) which is computed as 0.86 and 0.46 pixel, respectively. Further,

visual inspection confirms the quality of registration by the continuity of the

mountain edges at the borders of the overlaid images.

• Example 2: Fig. 4.8 shows another example of registering two images of an

outdoor view taken using a digital camera. The focal length, the position and

the orientation of the camera were different for each image. The upper row of

Fig. 4.8 shows the two images. Fig. 4.8-c shows the registered image overlaid

on the reference image. The correspondence between the feature points and the
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Figure 4.7: Example 1: registration of two photographs of an outdoor scene taken

at different times. (a) and (b) The two images with the extracted feature points

superimposed on each image; (c) and (d) The paired feature points superimposed on

each image; (e) The registered image overlaid on the reference image; (f) The feature

points of registered (transformed) image (represented by squares) superimposed on

the feature points of the reference image (represented by crosses).
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Table 4.1: Values of residuals and weights for feature point pairs in Example 1,

obtained using Algorithm 1.

Pair No. w
(1)
i

∆
(1)
i

w
(2)
i

∆
(2)
i

w
(3)
i

∆
(3)
i

w
(4)
i

∆
(4)
i

1 1.0 8.10 0.9998 0.36 1.0 0.36 1.0 0.36

2 1.0 135.69 0.9504 0.34 1.0 0.33 1.0 0.33

3 1.0 14.00 0.9995 0.22 1.0 0.22 1.0 0.22

4 1.0 12.58 0.9996 0.10 1.0 0.10 1.0 0.10

5 1.0 29.25 0.9977 0.98 1.0 1.00 1.0 1.00

6 1.0 135.69 0.9504 0.34 1.0 0.33 1.0 0.33

7 1.0 14.00 0.9995 0.22 1.0 0.22 1.0 0.22

8 1.0 9.96 0.9997 1.36 1.0 1.37 1.0 1.37

9 1.0 150.46 0.9392 2.26 1.0 2.22 1.0 2.22

10 1.0 12.95 0.9995 0.24 1.0 0.25 1.0 0.25

11 1.0 47.82 0.9938 1.21 1.0 1.21 1.0 1.21

12 1.0 150.46 0.9392 2.26 1.0 2.22 1.0 2.22

13 1.0 42.01 0.9952 2.90 1.0 2.91 1.0 2.91

14 1.0 5.35 0.9999 0.46 1.0 0.46 1.0 0.46

15 1.0 38.68 0.9959 0.62 1.0 0.61 1.0 0.61

16 1.0 47.65 0.9938 3.49 1.0 3.53 1.0 3.53

17 1.0 28.94 0.9977 0.13 1.0 0.14 1.0 0.14

18 1.0 2.40 1.0000 0.23 1.0 0.23 1.0 0.23

19 1.0 2.30 1.0000 0.93 1.0 0.93 1.0 0.93

20 1.0 11.45 0.9996 2.90 1.0 2.91 1.0 2.91

21 1.0 38.15 0.9960 0.16 1.0 0.16 1.0 0.16

22 1.0 153.20 0.9370 1.58 1.0 1.63 1.0 1.63

23 1.0 15286.00 0.0000 16952.00 0.0 16954.00 0.0 16954.00

24 1.0 4.74 0.9999 1.44 1.0 1.44 1.0 1.44

25 1.0 167.63 0.9248 0.23 1.0 0.23 1.0 0.23

26 1.0 12.52 0.9996 0.44 1.0 0.44 1.0 0.44

27 1.0 70.32 0.9865 0.72 1.0 0.74 1.0 0.74

28 1.0 35.97 0.9965 0.39 1.0 0.39 1.0 0.39

29 1.0 65.10 0.9885 0.10 1.0 0.11 1.0 0.11

30 1.0 4175.90 0.0000 4985.00 0.0 4986.50 0.0 4986.50

31 1.0 5624.40 0.0000 6306.40 0.0 6303.80 0.0 6303.80

Ψ(z) 26533.69 26.15 26.64 26.64
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accuracy of the estimated transformation parameters are shown in Fig. 4.8-d.

It can be seen that most of the feature points from both images are accurately

registered, i.e., the crosses coincide with the squares. The obtained registration

error (DM and DSTD) are computed as 0.72 and 0.45 pixel, respectively, and

this illustrates the registration accuracy. Further, visual inspection shows the

continuity of image texture at the border of the overlaid image.

Figure 4.8: Example 2: Registration of two images of an outdoor view taken

using a digital camera. (a) and (b) The two image with the paired feature points

superimposed on each image; (c) The registered image overlaid on the reference image;

(d) The feature points of registered (transformed) image (represented by squares)

superimposed on the feature points of the reference image (represented by crosses).
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• Example 3: Two 498 × 498 images of an outdoor view of a building were

taken using a digital camera. The position of the camera was different for each

image and thus the images have only partial overlap, but there was not any

zooming. In order to evaluate the robustness of the proposed algorithm to the

shearing operation, the target image is further transformed and distorted and

the proposed algorithm will be used to register the two images. The reference

image is shown in Fig. 4.9-a and the following four degraded images will be

considered as the target images.

. I. The target image is degraded by Gaussian noise of zero−mean and

standard deviation of 36, and shearing transformation in the x-direction

with shearing factor 0.2. It is shown in Fig. 4.9(I)-b

. II. The target image is degraded by ’Salt & pepper’ noise of density 0.06

(affects approximately 6% of the image area) and shearing transformation

in both x- and y-directions with shearing factors 0.1 and 0.1, respectively.

It is shown in Fig. 4.9(II)-b

. III. The degraded image is degraded by changing the brightness by −35

and shearing transformation in the y-direction with shearing factor −0.2

was applied. It is shown in Fig. 4.9(III)-b.

The proposed technique is used with spi
= 1 for both images since there is no

scale difference between the two images. Results of image registration using

the proposed algorithm for all cases of example 3 are shown in Fig. 4.9. In

this figure, the first and the second column contain the images to be registered,

the third column illustrates the correspondence between the feature points and

the accuracy of the estimated transformation parameters, and the forth column

shows the registered images overlaid over the corresponding reference images. It

can be seen in Fig 4.9-c that the crosses (feature points of the reference image)



A Robust Image Registration Technique using Feature Point Extraction and Zernike Moment

Invariants 62

are matched with the squares (feature points of the second image), except for

outliers which have been eliminated by the iterative weighted least squares

algorithm by assigning weights to them which are close or equal to zero. The

quality of registration is evaluated by computing the registration errors (DM

and DSTD) listed in Table 4.2. The quality of registration is further confirmed

with visual inspection of the borders between the overlaid images.

Table 4.2: Registration errors for Example 3.

Example 3-I 3-II 3-III

Mean DM (pixels) 2.4756 1.2961 1.9788

Standard deviation DSTD (pixels) 1.1951 0.8736 1.5623

• Example 4: Here the proposed technique is applied to different sensor images.

In Fig. 4.10, two different sensor images (Urban SPOT band 3 (08/08/95)

and TM band 4 (06/07/94)) 2 are shown in the upper row. Difference of the

content between the two images can be easily noticed. Fig. 4.10-c shows the

registered image overlaid on the reference image and Fig. 4.10-d illustrates the

correspondence between the feature points and the accuracy of the estimated

transformation parameters. It shows that most of the feature points from both

images are accurately registered, where the crosses matched with the squares.

The obtained registration error (DM and DSTD) are computed as 0.70 and 0.50

pixel, respectively, and this illustrates the registration accuracy. Further, visual

inspection at the borders between the registered images shows the continuity of

the coastlines and confirms the quality of registration.

2Available at http://nayana.ece.ucsb.edu/registration/examples.shtml
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(I)

(II)

(III)

(a) (b) (c) (d)

Figure 4.9: Example 3: Registration of images having additional shearing distortions.

(a) Reference images; (b) Target images; (c) Correspondence between the feature

points of the reference images (represented by crosses) and the feature points of

registered (transformed) images (represented by squares); (d) The registered images

overlaid on the corresponding reference images.



A Robust Image Registration Technique using Feature Point Extraction and Zernike Moment

Invariants 64

Figure 4.10: Example 4: Registration of two different sensor images (Urban SPOT

band 3 (08/08/95) and TM band 4 (06/07/94)). (a) and (b) The two image with the

paired feature points superimposed on each image; (c) The registered image overlaid

on the reference image; (d) The feature points of registered (transformed) image

(represented by squares) superimposed on the feature points of the reference image

(represented by crosses).
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• Example 5: Fig. 4.11 shows another example of registering two high resolution

Ikonos optical images of UCSB, University of California, Santa Barbara

site 3.The upper row shows the two images. Fig. 4.11-c shows the registered

image overlaid on the reference image. The correspondence between the feature

points and the accuracy of the estimated transformation parameters are shown

in Fig. 4.11-d. It can be seen that the feature points from both images are

accurately registered, where the crosses matched with the squares, except of

the outliers which have been correctly eliminated. The obtained registration

error (DM and DSTD) are computed as 0.49 and 0.23 pixel, respectively which

illustrates the registration accuracy. Further, the continuity of the coastlines,

the roads and buildings can be easily noticed.

• Example 6: Another example of two images which have scale, rotation and

translation changes is shown in Fig. 4.12. The upper row shows the two images 4

and Fig. 4.12-c shows the registered image overlaid on the reference image.

The correspondence between feature points and the accuracy of the estimated

transformation parameters are shown in Fig. 4.12-d. The obtained registration

error (DM and DSTD) are computed as 0.51 and 0.22 pixel, respectively, and

this illustrates the quality of registration. Further, the continuity of the mast

and boat edges on the border of the overlaid image can be easily noticed.

4.3.2 Comparison with Other Techniques

The experimental results presented in the previous section showed that the proposed

technique performs very well in a variety of affine transformations and can give good

results despite image degradations such as noise, blurring and other image processing

3Available at http://nayana.ece.ucsb.edu/registration/examples.shtml
4Available at http://www.robots.ox.ac.uk/ vgg/research/affine/
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Figure 4.11: Example 5: Registration of two high resolution Ikonos optical images of

UCSB, University of California, Santa Barbara site. (a) and (b) The two images with

the paired feature points superimposed on each image; (c) The registered image is

overlaid on the reference image; (d) The feature points of the registered (transformed)

image (represented by squares) superimposed on the feature points of the reference

image (represented by crosses).
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Figure 4.12: Example 6: Registration of two photographs having different scale

of an outdoor scene. (a) and (b) The two image with the paired feature points

superimposed on each image; (c) The registered image overlaid on the reference image;

(d) The feature points of the registered (transformed) image (represented by squares)

superimposed on the feature points of the reference image (represented by crosses).
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operations. One interesting question to be considered here is how is this performance

compared to other registration techniques presented in the literature. A comparison

with the methods in [16], [33] and [19] will be discussed here.

• For a comparison with the technique in [16], both methods are applied to register

image pairs shown in the upper rows in Fig. 4.13 and 4.14 5. The images used

in Fig. 4.13 are Landsat Thematic Mapper (TM) Band 0 and Band 8 images

while the images used in Fig. 4.14 are aerial images of the Mojave desert taken

by a balloon flying over the area. For comparing the performance of the two

methods, the root mean squared error RMSE between the reference feature

points and their registered correspondents is used as a measure as it was done

in [16]. RMSE is defined as:

RMSE =

√√√√√ 1

K̃

K̃∑

i=1

(a11x
′

1i + a12x
′

2i + tx1 − x1i)2 + (a21x
′

1i + a22x
′

2i + tx2 − x2i)2,

(4.23)

where K̃ is the total number of point pairs. The RMSE obtained by manual

registration [16] , by using the method in [16] and by using our proposed

method is shown in Table 4.3. As it can be seen in Table 4.3, the method

proposed here gives lower RMSE values than the values obtained in [16]. The

registration results obtained using the proposed method can be seen in the

lower-left figures that shows the registered images overlaid on the reference

ones in Fig. 4.13 and 4.14.

• The proposed registration method is also compared with a publicly available

registration tool imREG 6 [33]. The registration method proposed in this

chapter and the one in [33] were applied to register image pairs from the test

5Available at http://vision.ece.ucsb.edu/registration/satellite/testimag/index.htm
6http://nayana.ece.ucsb.edu/registration/
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Figure 4.13: Registration of a pair of Landsat Thematic Mapper (TM) Band 0

and Band 8 images: (a) and (b) The two image with the paired feature points

superimposed on each image; (c) The registered image overlaid on the reference image;

(d) The feature points of registered (transformed) image (represented by squares)

superimposed on the feature points of the reference image (represented by crosses).

Table 4.3: RMSE (in pixels) for images in Fig. 4.13 and 4.14.

Image Manual [16] Contour-based method [16] Proposed method

Landsat TM images 1.68 0.61 0.14

Mojave desert images 1.82 0.69 0.32
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Figure 4.14: Registration of a pair of aerial images of the Mojave desert: (a) and

(b) The two images with the paired feature points superimposed on each image; (c)

The registered image overlaid on the reference image; (d) The feature points of the

registered (transformed) image (represented by squares) superimposed on the feature

points of the reference image (represented by crosses).
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images library of the imREG registration tool, in addition to other image pairs.

The image pairs used are shown in Fig. 4.15.

The RMSE, Eqn. (4.23), for these examples obtained using the imREG tool

and the proposed method can be found in Table 4.4. It can be seen in this table

that the proposed registration algorithm yields lower registration errors than the

imREG tool. The imREG tool failed in registering images of different scales, as

in Fig. 4.15-Example 4 and 6, but it was successful in registering multitemporal

images (images that were taken at different times), as in Fig. 4.15-Example 8.

• In order to compare the performance of the proposed method for image

registration of images of different scales, the scale-invariant feature detector

SIFT [19] was used. In this test, the first and the second steps of the proposed

algorithm were replaced by the feature detection and descriptors matching

processes used in the SIFT method [19]. The image pairs shown in Fig. 4.16

were used as test images for comparing the registration accuracy using the

SIFT method to that of the proposed method. The obtained registration errors

(DM ,DSTD) for these image pairs using the proposed method and using the

SIFT method are found in Table 4.5. It can be noticed from comparing the

obtained registration errors that the proposed method yields comparable results

as the SIFT method.
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Figure 4.15: Examples for comparison with imREG tool.
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Table 4.4: RMSE (in pixels) of comparison examples (in Fig. 4.15) with imREG

tool [33].

Image imREG tool [33] Proposed method

Example 1 0.77 0.45

Example 2 1.80 0.74

Example 3 2.45 1.60

Example 4 Failed 1.68

Example 5 1.74 0.35

Example 6 Failed 0.84

Example 7 Failed 0.91

Example 8 1.03 Failed

Table 4.5: Registration errors (DM ,DSTD) of comparison examples (in Fig. 4.16) with

SIFT method [19].

SIFT method [19] Proposed method

Example 1 (0.40, 0.19) (0.86, 0.46)

Example 2 (0.74, 0.46) (0.72, 0.44)

Example 3 (1.25, 1.01) (0.51, 0.22)

Example 4 (0.95, 0.51) (0.66, 0.33)

Example 5 (1.08, 1.58) (0.74, 0.45)

Example 6 (0.89, 0.64) (1.01, 0.92)

Example 7 (0.28, 0.26) (0.30, 0.12)

Example 8 (0.40, .30) (0.26, 0.11)

Example 9 (0.32, 0.42) (0.94, 0.66)

Example 10 (0.28, 0.19) (0.63, 0.84)
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Figure 4.16: Examples for comparison with SIFT method.
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4.4 Conclusions

In this chapter, an algorithm for registration of images with affine geometric

distortions was discussed. The algorithm is based on three main steps: extracting

feature points in images, obtaining the correspondence between the feature points

of the images and estimating the transformation parameters which map the target

image to the reference one using an iterative weighted lease squares algorithm.

The performance of the proposed algorithm was evaluated using several types of

images and degradations. Based on the obtained results, it can be concluded that:

• The proposed algorithm gives excellent registration accuracy using several types

of images, even in cases with partial overlap between images.

• In terms of robustness, the obtained experimental results indicate that the

proposed algorithm is robust against many image degradations such as blurring,

noise contamination, brightness change, etc.

• Experimental results indicate that the proposed algorithm can handle images

of different scales effectively.
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Chapter 5

A Geometric Normalization Technique

and its Application in Image

Watermarking

This chapter introduces a technique for image geometric normalization based on the

geometric properties of image feature points. The proposed technique consists of two

main steps, feature point extraction and normalization parameters estimation. A

technique for image watermarking with robustness to geometric distortions will be

also introduced as an example of the possible applications of the presented geometric

normalization technique.

This chapter is organized as follows. Section 5.1 discusses the proposed image

normalization technique: its objectives and requirements. Section 5.2 describes the

proposed normalization technique in detail. In Section 5.3, experimental results are

presented and the performance of the proposed technique is discussed. Section 5.4

describes the proposed watermarking technique and evaluates its performance.

Finally, Section 5.5 summarizes the chapter.
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5.1 Introduction

Image normalization techniques have been used as a preprocessing step in many

applications such as pattern recognition and classification [1], image retrieval [2], and

image watermarking [65]. Image normalization is used in such applications with the

purpose of representing objects, patterns (or the entire image) regardless of changes

in their orientation, size, or position [1].

5.1.1 Objectives

This chapter introduces a technique for image geometric normalization based on the

geometric properties of image feature points, subject to the following objectives:

• The normalization technique should be robust to image degradations such

as image blurring, brightness change and noise contamination. In addition,

cropping parts of the image should not affect the obtained normalization results.

• As an image normalization technique is usually used as a preprocessing step in

certain applications, it should be as simple and fast as possible.

• The normalization technique should be suitable to be employed in different

applications.

5.1.2 Geometric Distortions Considered in the Normalization Process

The geometric distortions considered here for geometric normalization are rotation,

scaling and translation, and can be defined as

pn=T (tx1 , tx2) + sR(θ)p, (5.1)

where p=(px1, px2) is a point of the image I, which is mapped to a point

pn=(px1n, px2yn) of the normalized image In, T represents the translation operation,
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and R represents the rotation operation. In detail, such transformation equation can

be rewritten as




px1n

px2n


 =




tx1

tx2


+ s




cos θ − sin θ

sin θ cos θ







px1

px2


 , (5.2)

where tx1 and tx2 represent translation parameters in x and y directions, respectively,

s is the scaling parameter and θ is the rotation angle.

5.2 The Proposed Geometric Normalization

The proposed normalization technique consists of two main steps: feature point

extraction and normalization parameters estimation. The steps of the proposed

technique are shown schematically in Fig. 5.1. The two main steps of the technique

are described in detail in the following subsections.

N o r m a l i z a t i o n  P a r a m e t e r s  E s t i m a t i o n

N o r m a l i z e d  I m a g e

I n p u t  I m a g e

F e a t u r e  P o i n t  E x t r a c t i o n

Figure 5.1: Block diagram of the proposed normalization technique.

5.2.1 Feature Point Extraction

A set of feature points is extracted from the given image using the feature point

extractor presented in Chapter 3.
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Assuming a square input image of size Ni ×Ni with an active image area Ai, the

feature point extractor is used with spi
= N2

n

Ai
. This compensates for scale difference

between the input image and a standard size of Nn ×Nn. The purpose of this initial

scaling is to make the scale relationship between the Mexican-hat wavelet size and

the image features for all images to be normalized consistent. This is an essential step

even though spi
may not be precise due to degradations and possible cropping parts

of the image. Fortunately, large cropping is not common as it destroys the original

image. Moreover, small imprecisions of the Mexican-hat wavelets and neighborhoods

sizes do not affect most of the extracted feature points either. This is demonstrated

by examples in Section 5.3.

The images used in the subsequent examples have the size of 512 × 512 and,

therefore, Nn is used with value of 512.

The locations of the obtained feature points are found as (Pi, i = 1, 2, . . . , K),

where Pi = (pix, piy) are the coordinates of a point Pi and K is the number of feature

points.

5.2.2 Normalization Parameters Estimation

The locations of the extracted feature points are used here to estimate the parameters

for the image normalization process.

1. The obtained feature points are sorted according to the value of the feature

detection response φ, in Eqn. 3.3, and the three points with the highest values

are taken as the basis of the normalization process. Assume that these points P0,

P1 and P2 have coordinates (p0x1
, p0x2

), (p1x1
, p1x2

) and (p2x1
, p2x2

), respectively.
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2. The points P0, P1 and P2 form a triangle, which can be used to estimate the

normalization parameters. The geometric attributes used are as follows:

(a) Incenter Pc of the triangle P0P1P2. Pc is the center of the circle inscribed

in the triangle and can be obtained as the intersection of the three angle

bisectors. The coordinates of Pc can be obtained as

Pc = (x1c, x2c) = (
`0p0x1

+ `1p1x1
+ `2p2x1

`0 + `1 + `2

,
`0p0x2

+ `1p1x2
+ `2p2x2

`0 + `1 + `2

),

(5.3)

where the opposite sides of the triangle vertices (P0, P1 and P2) have

lengths `0, `1 and `2, respectively.

(b) The vertex Pm of the largest angle of the triangle P0P1P2. The coordinates

of the vertex Pm (pmx1
, pmx2

) will be the coordinates of one of the three

vertices P0, P1 or P2.

(c) The length `m of the longest side of P0P1P2, which is the length of the

triangle side that is the longest among the three sides and it is the opposite

side of Pm.

3. The translation normalization is achieved by translating the image so that the

incenter Pc coincides with the center of a new image (x1cn, x2cn) using the

translation parameters

(tx1 , tx2)
T = (x1cn − x1c, x2cn − x2c)

T (5.4)

4. The rotation normalization is achieved by rotating the image so that the positive

x-axis of the normalized image coincides with the line PcPm, see Fig. 5.2:

θ = tan−1 pmx2
− x2c

pmx1
− x1c

, (5.5)

where Pm = (pmx1
, pmx2

).
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5. For scaling normalization, the scaling factor s is estimated as the ratio between

`m and b, where b is a predefined normalization length for the longest side of

the triangle in the normalized image:

s =
b

`m

, (5.6)

where the length ` between two points (pix1
, pix2

) and (pjx1
, pjx2

) can be

obtained as

` =
√

(pix1
− pjx1

)2 + (pix2
− pjx2

)2 (5.7)

6. Finally, the estimated translation parameters (tx1 , tx2)
T , the rotation angle θ,

and the scaling factor s are used in transforming the input image I to the

normalized form In, using Eqn. 5.2.

1 5 . 8 6  c m

1 2 9 . 5 °

(a)

1 5 .
8 6  c

m

(b)

Figure 5.2: Geometric normalization using the feature points: (a) Estimating the

normalization parameters using the three points with the highest detection response

values, (b) Transforming the feature points using the estimated normalization

parameters.
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5.3 Experimental Results

In this section, the performance of the proposed normalization technique is evaluated

for images with different characteristics and for several types of image degradation.

In order to evaluate the accuracy and the robustness of the proposed technique,

undistorted original images and some distorted and degraded versions of the same

images are normalized using the proposed technique.

• Normalization examples:

In Fig. 5.3, some normalization examples are shown. In this figure, the original

and the distorted images are shown in the first column. The second column

shows the images with the extracted feature points superimposed on them.

The resulting normalized form of each image is shown in the third column. It

can be seen in this figure that the obtained normalized images are geometrically

identical regardless of the applied distortion or degradation.

• Evaluating the performance when using two or three feature points in the

normalization process:

In order to evaluate the performance when using two feature points (as in [66])

or three feature points (as in the proposed technique) in the normalization

process, the performance of the proposed technique is compared with that of an

earlier technique presented in [66] in terms of normalization errors. In order to

quantify the normalization error, the error in the normalization rotation angle

Errθ, the error in the normalization scaling factor Errs and the error in the

normalization translation parameters Errt are calculated as follows:

Errθ = |(θ0 − θd) − θ)|, (5.8)

where θ0 and θ are the normalization rotation angles for the original and the

distorted images, respectively, and θd is the rotation angle when distorting the
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Figure 5.3: Examples of normalizing distorted images: (a) Original, undistorted

’Lena’ image, (b) rotation by 30o, (c) scaling down by 50%, and (d) brightness change

by (−45) and rotation by 90o.
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original image.

Errs = 100 × |(s0/s) − sd|
sd

%, (5.9)

where s0 and s are the normalization scaling factors for the original and the

distorted images, respectively, and sd is the scaling factor when distorting the

original image.

Errt =
√

(x1c0 − x1ct)
2 + (x2c0 − x2ct)

2 (5.10)

where (x1c0, x2c0) is the triangle’s incenter in the original image and (x1ct, x2ct)

is the transformed triangle’s incenter in the distorted image, after transforming

(x1c, x2c) using −θd and s−1
d .

Various test images have been used and a set of different distortions/degradations

has been applied on each image. The applied distortions include rotation,

scaling and cropping parts of the images while the applied degradations include

blurring, brightness change, image compression and noise contamination. The

normalization errors using both techniques are obtained for four sets of images

and the means and the standard deviations of the obtained normalization errors

are plotted in Fig. 5.4. In each case, the left graph shows the means of the

normalization parameters errors, due to the degradations of the images, while

the right graph shows the standard deviation of these errors. It can be seen in

that figure that the proposed technique has less normalization errors than the

one in [66] and, consequently, leads to more accurate normalization results.

• Comparison with a moments-based normalization technique:

The performance of the proposed technique is also compared with that of

a moments-based normalization technique presented in [65]. Various test

images have been used and a set of different distortions/degradations has

been applied on each image. The test images used are shown in Fig. 5.5.

A set of distortions/degradations that includes rotation, scaling, cropping
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Figure 5.4: Evaluating the accuracy of the estimated normalization parameters

when using two or three feature points in estimating the normalization parameters:

(a)’Barbara’ image , (b) ’Bridge’ image, (c) ’Man’ image, and (d) ’Airplane’ image.
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Figure 5.5: The image-set used in evaluating the accuracy of the estimated

normalization parameters.

parts of the images, blurring, brightness change, image compression and noise

contamination are applied on the images. The normalized forms of the images

are obtained and the difference-images between the normalized forms of the

original images and the normalized forms of the distorted images are used

to assess the accuracy of the proposed technique visually. A completely

blank difference-image implies perfectly aligned images and, therefore, a precise

normalization. However, in some cases due to additional degradations, the

difference-image might contain some non-zero parts even though the result of the

normalization is perfect. If, for example, the original image has been changed

due to cropping, brightness change, noise addition, etc., then the difference-

image will contain some non-zero elements.

In Fig. 5.6 and 5.7, some examples of the obtained difference-images using

the proposed technique and using a moment-based method [65] for different

distortions/degradations are shown. In each example, the input image is shown

in the first column; the resulting difference-image for the proposed technique is

shown in the second column; and the resulting difference-image for the moments-

based technique [65] is shown in the third column.
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Figure 5.6: Evaluating the obtained normalization results: the obtained difference-

images using the proposed technique and using the moment-based method in [65] for

different distortions/degradations (blurring, Gaussian noise contamination, scaling

and rotation).
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Figure 5.7: Evaluating the obtained normalization results: the obtained difference-

images using the proposed technique and using the moment-based method in [65]

for different distortions/degradations (JPEG compression, translation and ’Salt &

pepper’ noise contamination).
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It can be seen in Fig. 5.6 and 5.7 that the difference-images of the proposed

technique contain very few details. This demonstrates the accuracy of normal-

ization and the robustness against several image-processing operations. Further,

It can be seen from the results that the difference-images of the proposed method

contain very few details compared to the technique presented in [65] and, hence,

leads to more accurate normalization.

The normalization errors for the whole set of images using both techniques are

obtained and presented in terms of their mean and standard deviation. The

obtained results are plotted in Fig. 5.8. In this figure, the left graph shows the

mean of the normalization parameters errors while the right graph shows the

standard deviation of these errors.

It can be seen in that figure that the proposed technique has less normalization

errors than the one in [65] and this confirms the normalization accuracy of the

proposed technique.
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Figure 5.8: Evaluating the accuracy of the estimated normalization parameters: the

left graph shows the means of the normalization parameters errors and the right graph

shows the standard deviation of these errors.
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5.4 An Image Watermarking Technique with Improved

Resistance to Geometric Distortions using the

Geometric Normalization Approach

As an example of the possible applications of the geometric normalization technique,

presented in Section. 5.2, in this section, a blind watermarking technique for digital

images is proposed. The main objective of the proposed technique is to ensure

robustness to geometric distortions on top of the usual requirement of robustness

to many common image-processing operations.

5.4.1 Introduction

Over the past years, digital watermarking techniques have been proposed as an

effective method for copyright protection, as well as, for other applications. Such

applications include embedding of watermarks that identify the rightful users of

images, insertion of additional control or descriptive information, tampering detection

(image authentication), controlling digital media access, or monitoring the data in

broadcasting applications [67].

From the examination of any watermarking system, it can be noticed that it

is very similar to a communication system. The goal of the watermarking system

is basically the same as the goal of the communication system: to introduce some

information into a medium, an image in our case, and then trying to extract it

back. The watermark embedder could then be seen as the transmitter in the

communication system, the watermark extractor as the receiver, and the host image

as the communication channel [68].

In most applications, it is required that the watermark be invisible and robust.

This means that the presence of the watermark should not interfere with the image
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being watermarked and that it should be possible to detect/extract the embedded

watermark after the watermarked image has undergone some processing operations.

Any attempts to remove or destroy a watermark should result in severe degradation in

fidelity before the watermark is lost. In particular, the watermark should be robust to

most common image processing operations, e.g., compression, filtering, noise addition,

etc. Moreover, a watermark system should be robust against geometric distortions,

e.g., rotation, scale, translation, etc. Of course, there is a trade-off between watermark

information capacity, watermark imperceptibility, and robustness [69], and this

should be taken into consideration when designing a watermarking method.

So far, many watermarking algorithms have been proposed. Although most

of these algorithms meet watermarking systems requirements, geometric distortions

cause some difficulties to many of them, e.g., [70], [71], and [72]. Recently, the problem

of robustness against geometric attacks, or in other words, the synchronization

in watermark detection, has gained much importance. Resistance to geometric

manipulations is important because such manipulations usually do not degrade the

quality of the image while they are making the watermark undetectable. Geometric

attacks affect only the synchronization between the embedded watermark and the

watermark detector, whereas the watermark itself is usually still present in the data.

One solution to this synchronization problem is to use exhaustive search to detect

the watermark in blind watermarking systems [73]. However, this solution is not

practical due to the computations required and the possibility of increase of false

positive detection rate. Another solution in non-blind systems is based on using the

original image in the watermark detection step. Unfortunately, this is impractical in

cases where the original image is not available.

Several approaches have been proposed to deal with geometric attacks. There

are mainly four different approaches proposed to deal with geometric attacks in the

watermark detection: image normalization, invariant representation, synchronization
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patterns and image features-based techniques. The basic idea of image normalization

is to transform a given image into a standard form where this normalized form is

independent of any possible geometric distortions applied on the image [65]. In the

invariant representation techniques [74, 75] watermarks are embedded in invariant-

transform domains in order to maintain invariance under rotation, scaling, and

translation. Synchronization patterns techniques [76, 77], on the other hand, detect

what the distortions were, and invert them before applying the watermark detector.

In image features-based techniques [56,78–80] significant features in images are used

to help coping with geometric distortions by acting as reference points for watermark

embedding/detection. Such features can be edges, corners, or any area with specific

characteristics.

In the rest of this chapter, a watermarking technique, which can be used

to increase the robustness of a watermarked image to geometric attacks, will be

presented. This technique is based on the normalization technique presented in the

first part of this chapter.

5.4.2 The Watermark Embedding/Detection Algorithm

The proposed technique is based on normalizing the image to be watermarked

during the embedding process. The normalization parameters obtained during the

embedding process and the watermark secret-key are used in watermark detection.

For blind watermark detection, the same feature points are extracted from the

watermarked image and used to transform the watermark into the normalized form

before correlating it with the watermarked image. The basic idea behind the

proposed technique is that if the watermarked image has been subjected to geometric

distortions, then this will not affect the location of the feature points and thus it

will be possible to obtain the normalized form of the watermark even though the
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normalization parameter will be different in the embedding and extraction processes.

As in most watermarking systems, the watermarking technique considered here

can be summarized in three main processes: watermark formatting, watermark

embedding and watermark detection [80].

Let the host image be denoted by I, W be the watermark to be embedded in

the host image and I
′

the resulting watermarked image. The three processes of the

proposed watermarking algorithm are explained as follows:

Watermark Formatting

The watermark consists of a zero mean and unit variance two-dimensional pseudoran-

dom sequence of 1s and −1s, which will be superimposed to the image’s pixels, in the

spatial domain. A key K can be used as a seed for the random numbers generator.

Each value of the sequence is spread in blocks of size B × B and all entries of each

block have the same value (1 or −1).

Watermark Embedding

The embedding process consists of the following two steps. In the first step, the

normalization parameters are obtained for the image I while in the second step, the

generated watermark W is embedded into the image. The description of each step is

as follows.

1. Normalization Parameter Estimation:

The normalization parameters Np0
= [θ0 s0 tx10 tx20] are obtained using

the image geometric normalization technique, presented in Section. 5.2, for the

image I.

2. Watermark Embedding :

The watermark W is additively embedded in the luminance component of the
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image. Each pixel of the image is modulated by the corresponding value of the

embedding watermark multiplied by a watermark imperceptibility factor. A

watermarked pixel is given by

I
′

(x1, x2) = I(x1, x2) + α(x1, x2).W (x1, x2), (5.11)

where α(x1, x2) is a watermark imperceptibility factor at the image coordinates

(x1, x2), (see [80] for example) to control the visual image degradation due to

watermark embedding.

Watermark Detection

In the detection process, the watermarked I
′

image which may have been subjected

to geometric transformations and/or other image processing operations is available

and the presence of the watermark W has to be evaluated. The detection process,

similarly to the embedding process, consists of the following steps:

1. Watermark Transformation As in watermark embedding process, normalization

parameters Np = [θ s tx1 tx2 ] are obtained for the image I
′

and the

obtained normalization parameters are used to transform the watermark W to

the normalized watermark Wt as follows.

Wt(x, y) = T (tx1 − tx10, tx2 − tx20) +
s

s0
R(θ − θ0)W (x1, x2), (5.12)

where W (x1, x2) is a point of the watermark W , which is mapped to a point

Wt(x1, x2) in the transformed watermark Wt.

2. Watermark Detection The correlation value between the transformed test

watermark Wt and the possibly distorted image is calculated as

C =
1

MN

M∑

x1=1

N∑

x2=1

(I
′

(x1, x2) − I ′

n)W ∗
t (x1, x2) (5.13)
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where M and N are the image dimensions and I ′

n is the local mean of a

neighborhood of size L ∗ L with a center (x1, x2). Then, the correlation value

is compared with a threshold Td to decide whether the watermark is detected

in the image or not. The threshold value is determined to maintain a certain

watermark false positive probability, as in [80, 81].

The watermark embedding and detection processes are shown schematically in

Fig. 5.9.

O r i g i n a l  I m a g e  I

E s t i m a t i o n  o f  G e o m e t r i c
T r a n s f o r m a t i o n  P a r a m e t e r s

W a t e r m a r k  E m b e d d i n g

V i s u a l  P e r c e p t u a l
 M o d e l

W a t e r m a r k  W

W a t e r m a r k e d  I m a g e  I '

E s t i m a t i o n  o f  G e o m e t r i c
T r a n s f o r m a t i o n  P a r a m e t e r s

W a t e r m a r k  D e t e c t i o n

W a t e r m a r k
T r a n s f o r m a t i o n

D e c i s i o n

E m b e d d i n g  s t a g e

D e t e c t i o n  s t a g e

Figure 5.9: Watermark embedding and detection processes.

5.4.3 Performance Evaluation

In this section, the performance of the proposed technique is evaluated for different

types of distortions. The 8-bit gray level ’Lena’ and ’Bridge’ images of size 512 ×
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512 have been watermarked, geometrically distorted and noise has been added or

some standard image processing operations, such as, cropping, brightness change,

image compression, have been applied. Details of the applied distortions are listed

in Table 5.1. The proposed technique has been used with a watermark block size

Table 5.1: Examples of distortions applied on the watermarked image.

(a) Scaling down by 70% and Rotation by 30o.

(b) Averaging filter of size 3 × 3 and Rotation by −5o.

(c) Averaging filter of size 7 × 7 and Rotation by −5o.

(d) Brightness change by −25 and Rotation by 15o.

(e) JPEG compression by Quality Factor of 35 and Rotation by 15o.

(f) Cropping of 10 rows from one side (translation in y direction by 5).

(g) Cropping of 10 rows from one side (translation in y direction by 5) and Rotation by 10o.

(h) Cropping of 10 columns from one side (translation in x direction by 5).

(i) Cropping of 8 rows and columns from one side (translation in x and y directions by 4)

and Rotation by 10o.

(j) Rotation by 2o and cropping of 7 rows/columns from each side.

(k) Rotation by 0.5o.

B = 4, the neighborhood’s size L = 5 and the detection threshold Td = 0.2. In

order to evaluate visual distortions introduced by the embedding process, the PSNR

of the difference between the original and watermarked images is used. The obtained

PSNR when embedding a watermark into the images ’Lena’ and ’Bridge’ are 41.95 dB

and 41.91 dB, respectively, which indicates that the image distortion introduced by

watermark embedding is small. This can be also seen in Fig. 5.10, which shows the

original and the watermarked images.

In order to evaluate the performance of the proposed technique, the following is

considered:
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Figure 5.10: Original (upper row) and watermarked (lower row) images(’Lena’ and

’Bridge’).
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• The difference between the actual geometric transformation applied on the

image (listed in Table 5.1) and the transformation parameters obtained using

the normalization technique (listed in the second column of Table 5.2).

• The obtained correlation values for detection, which are given in Table 5.2.

It can be noticed from the obtained results in Table 5.2 that despite the several

types of distortions applied on the watermarked image, good estimation of the

geometric transformations applied to the watermarked image can still be obtained

as it can be seen from the first column in Table 5.2. Consequently, the obtained

correlation values for detection are close to the ones obtained by using the exact

(actual) transformation parameters, applied in the tests (listed in Table 5.1). Clearly,

increased accuracy in the estimation of geometric distortion parameters, leads to

higher correlation values.

A visual example showing the effect of applying geometric attacks on two images

and the performance of the proposed technique can be seen in Fig. 5.11. The original

and the watermarked images are shown in Fig. 5.11-a and b, respectively. It can

be seen that the watermark embedding has not degraded the images (The obtained

PSNR when embedding the watermarks into the images is about 41.9 dB). Fig. 5.11-c

shows a simple geometric attacks of rotation by 2o and cropping of 7 rows/columns

from each side. There is no visible difference between the original and attacked

images. However, as shown in Table 5.2, the watermark cannot be detected due to

this slight rotation without using the normalization process. On the other hand, by

using the proposed normalization technique, the correlation values are high enough to

indicate the presence of the watermark. Fig. 5.11-d shows a simple geometric attacks

of rotation by 0.5o. Since this is a small rotation, the watermark can be detected

with and without the normalization process, as can be seen in Table 5.2. However,

the correlation values when employing the normalization technique are higher.
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Table 5.2: Effects of image distortions on the precision of the estimated transforma-

tion parameters and detection correlation values for ’Lena’ and ’Bridge’ images.

Estimated Correlation Value, using Eqn. 5.13

Distortion Angle Scale tx1
tx2

Proposed Using Exact No Geometric

(Table 5.1) during Detection Method Trans. Parameters Adjustment

’Lena’ image

(a) 30.14o 0.698 0 1 0.5375 0.7540 0.0330

(b) −4.96o 0.998 0 0 0.4727 0.4795 0.0525

(c) −4.82o 1.000 0 0 0.1400 0.1452 0.0221

(d) 15.13o 0.996 0 0 0.4875 0.7641 0.0212

(e) 15.13o 0.996 0 0 0.4465 0.6397 0.0315

(f) 0.00o 1.000 0 5 1.0626 1.0626 −0.0128

(g) 10.30o 0.998 0 5 0.4081 0.5155 0.0065

(h) 0.00o 1.000 5 0 1.0561 1.0561 0.0285

(i) 10.18o 0.999 4 4 0.4302 0.4645 0.0519

(j) 2.23o 1.000 0 0 0.6204 0.8452 0.0240

(k) 0.71o 0.997 0 0 0.5007 0.8658 0.3254

’Bridge’ image

(a) 29.61o 0.699 0 1 0.5499 0.8672 0.0223

(b) −5.06o 1.002 0 0 0.5199 0.5412 −0.0015

(c) −5.06o 1.002 0 0 0.1663 0.1698 −0.0014

(d) 14.95o 0.998 −1 0 0.5041 0.7494 −0.0297

(e) 14.95o 0.998 −1 0 0.5361 0.7426 −0.0127

(f) 0.00o 1.000 0 5 1.1130 1.1130 −0.0909

(g) 9.59o 0.999 −1 5 0.2645 0.5798 −0.0471

(h) 0.17o 1.000 4 0 0.5659 1.1207 0.0477

(i) 10.23o 0.998 3 4 0.2557 0.5059 0.0471

(j) 1.76o 0.998 −1 0 0.5408 0.8892 0.1163

(k) 0.49o 0.998 −1 0 0.5851 0.9053 0.3521
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Figure 5.11: Effect of geometric attacks on the visual quality of ’Lena’ (upper row)

and ’Bridge’ (lower row) images: (a) original image, (b) watermarked image, (c) the

watermarked image has undergone rotation by 2o and cropping of 7 pixels from each

side, and (d) the watermarked image has undergone rotation by 0.5o.
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5.5 Conclusions

In this chapter, a technique for image geometric normalization that relies on feature

points of the image to perform the normalization process has been presented. The

locations of a set of feature points, extracted from the image in hand, are used

to estimate the normalization parameters needed to normalize the image. The

performance of the proposed normalization technique was evaluated using various

images with several types of degradations. Experimental results indicate that the

proposed normalization technique gives good normalization accuracy and is robust

against many image degradations such as image compression, brightness change, noise

contamination and cropping.

A technique for image watermarking with robustness to geometric distortions

has been proposed. The proposed technique is based on normalizing the image to be

watermarked during watermark embedding and detection processes. Experimental

analysis shows that the proposed watermarking technique achieves good robustness

to such geometric distortions that include image translation, rotation, and scaling.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

The focus of this dissertation has been the development of feature-based techniques

for image registration and image geometric normalization. In Chapter 3, a feature

point extractor that is based on scale-interaction of Mexican-hat wavelets and has

the ability to handle images with scale change has been introduced. In Chapter 4, an

image registration algorithm for registering geometrically distorted images, which may

have partial overlap and, in addition, may have undergone additional degradations has

been proposed. In Chapter 5, a technique for image geometric normalization based on

the geometric properties of image feature points has been proposed. This technique

has been used to enhance the robustness of an image watermarking technique with

respect to geometric attacks.

6.1.1 Feature Point Extraction for Images with Scale Change

In Chapter 3, a feature point extractor that has the ability to handle images with

scale change was introduced. The feature point extractor is based on scale-interaction

of Mexican-hat wavelets. In order to adapt the feature point extraction process to
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images scale change, a range of scaling factors is used for the Mexican-hat wavelet

and feature points for different scaling factors are extracted.

The presented feature points extractor was tested using various images of

different characteristics and its performance was evaluated using visual inspection

(subjective test), repeatability rate and localization accuracy (objective test). It

has been shown that the feature point extractor has reasonable invariance to image

rotation and translation. Further, it can efficiently handle images with scale change.

Experimental tests have been conducted to demonstrate its robustness and the

obtained experimental results showed that the extracted feature points are robust

against image degradations such as lossy image compression, image blurring and

noise contamination.

6.1.2 Robust Image Registration

In Chapter 4, an algorithm for registration of geometrically distorted images, which

may have partial overlap and may have undergone additional degradations has

been proposed. The geometric distortions considered in the registration process

are the global 2D affine transformations. The proposed algorithm consists of

three main steps: extracting feature point using a feature point extractor based on

scale-interaction of Mexican-hat wavelets, obtaining the correspondence between the

feature points of the reference and the target images based on Zernike moments of

neighborhoods centered on the feature points, and estimating the transformation

parameters between the first and the second images using an iterative weighted least

squares algorithm.

The performance of the proposed algorithm was evaluated using several types

of images and degradations. It has been shown that the proposed algorithm gives

excellent registration accuracy using several types of images, even in cases with partial
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overlap between images. Further, experimental results indicate that the proposed

algorithm can handle images of different scales effectively and is robust against many

image degradations such as blurring, noise contamination, brightness change, etc.

6.1.3 Feature-based Image Normalization

In Chapter 5, a technique for image geometric normalization that relies on feature

points has been proposed. The locations of a set of feature points, extracted from

the image, are used to obtain the normalization parameters needed to normalize

the image. The performance of the proposed technique was evaluated using several

types of images and degradations. It was shown, based on the obtained experimental

results, that the proposed technique yields good normalization accuracy. In addition,

the robustness of the technique was examined and the obtained experimental results

indicated that the proposed normalization is robust against many image degradations

such as image compression, brightness change, noise contamination and image

cropping.

As an example of the possible applications of the presented geometric nor-

malization technique, a blind watermarking technique for digital images has been

proposed. The main objective of the proposed technique is to ensure robustness

to geometric distortions on top of the usual requirement of robustness to many

common image-processing operations. In order to ensure robustness to geometric

distortions, the proposed watermarking technique utilizes the geometric normalization

technique to normalize the image, to be watermarked, during the embedding process.

The normalization parameters obtained during the embedding process are used in

watermark detection. For blind watermark detection, normalization parameters

are obtained for the image and the obtained normalization parameters are used to

transform the watermark into the watermark normalized form, which is correlated
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with the possibly distorted watermarked image. Experimental analysis shows that the

proposed watermarking technique achieves good robustness to geometric distortions

that include image translation, rotation, and scaling.

6.2 Future Work

In what follows, some research topics that would extend the work presented in this

dissertation are proposed.

6.2.1 Panoramic Image Stitching

In panoramic image stitching applications, two (or more) images that capture different

views of the same scene, with an overlap region among the images, are combined

together so that the stitched image contains no obstructive boundaries in the

transition region while preserving the general appearance of the original images [82].

Clearly, a simple superimposing of one image on the other image produces visible

artificial edges in the regions between the images, due to differences in camera [83].

The proposed image registration algorithm, in Chapter 4, can handle images that

have partial overlap and it yields excellent registration accuracy using several types

of images, including digital photography. In addition, it can effectively handle images

of different scales (like zooming effect in cameras). Therefore, it can be well utilized

in the applications of panoramic image stitching in the image registration stage. In

the second stage, an image blending method for smoothing the transition between

the images over their overlapping area is used. Many image blending method have

been studied in literature and more work can still be done in this area.
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6.2.2 Efficient Implementation of The Image Registration Algorithm

Nowadays, it is common to use high resolution images (i.e. their dimensions are in

the order of thousand square pixels) in a wide range of applications. Registration

of such high resolution images requires more computational resources to perform

the registration algorithm stages. There are several opportunities for speeding up

the implementation of the proposed algorithm by employing parallel processing or

hardware implementations for computationally intensive tasks. Examples of the

operations that can be accelerated include the following:

• The inherent parallelism of the filtering operation, performed during feature

extraction process. This property can be beneficial by employing parallel

processing, in hardware or software implementations where applicable.

• Efficient computation of Zernike moments. As the area of image increases,

more computations are required for obtaining the Zernike moments of the

feature point-centered neighborhoods. Therefore, the algorithm can be further

accelerated by speeding up the computation of the Zernike moments. A

good way is to employ hardware architecture to calculate Zernike moments

as proposed in [84].

6.2.3 Possible Extensions of The Normalization Technique

The performance evaluation of the proposed image geometric normalization tech-

nique, in Chapter 5, shows that the proposed technique demonstrates good results

in terms of normalization accuracy and robustness against many types of image

degradations combined with geometric distortions. However, in order to meet other

possible application requirements, some extensions of the proposed normalization

technique can be investigated, for example:
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• Relying on more feature points and employing a more sophisticated relationship

between the points so that the geometric normalization technique can handle

images that have undergone more complex geometric distortions, for example,

affine transformation.

• Assigning additional weights to the feature points to control their contribution

on the estimation of the normalization parameters. These weights could be

assigned according to their detection response values, which determine their

significance.
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Appendix A

Derivation of the formula for the

Mexican-hat wavelet in the spatial domain

from its frequency domain form

In this appendix, we derive equation 3.1 for the Mexican-hat wavelet in the spatial

domain (Mex(x, sm)), from its frequency domain form.

According to equation 3.5, the Mexican-hat wavelet can be defined in the

frequency domain as

Mexf (xf , sm) = σ3(x2
f1

+ x2
f2

) e

(
− 1

2
σ2(x2

f1
+x2

f2
)

)

, (A.1)

where xf = (xf1 , xf2) is the 2D spatial-frequency variable.

Taking the inverse Fourier transform of Mexf (xf , sm), the Mexican-hat wavelet

in the spatial domain (Mex(x, sm)) can be obtained by

Mex(x, sm) =
1

2π

∞∫
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Hence,
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Therefore, in the spatial domain, the Mexican-hat wavelet can be expressed as

Mex(x, sm) =
1
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Appendix B

Additional examples of image registration,

for the technique presented in Chapter 4

In this appendix, more examples that demonstrate the performance of the registration

algorithm, presented in Chapter 4, are shown. Various types of images with different

characteristics are used.

Each example shows the two images with the paired feature points superimposed

on each image, the registered image overlaid on the reference one, and the feature

points of the registered (transformed) image superimposed on the feature points of

the reference image.

The quality of registration are evaluated using the registration errors (DM and

DSTD), which are be determined as in (4.22), and are indicated under each figure.
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Figure B.1: Additional registration Example 1 (registration of two aerial images

having a small overlap area (21% of the image area)), adapted from Google Earth.

The obtained registration error (DM and DSTD) are 0.65 and 0.26 pixel, respectively:

(a) and (b) The two image with the paired feature points superimposed on each image;

(c) The registered image overlaid on the reference image; (d) The feature points of the

registered (transformed) image (represented by squares) superimposed on the feature

points of the reference image (represented by crosses).
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Figure B.2: Additional registration Example 2 (registration of two satel-

lite images having different scale of Alaska region (Landsat)), available at

http://www.satimagingcorp.com/gallery-landsat.html. The obtained registration

error (DM and DSTD) are 0.94 and 0.66 pixel, respectively: (a) and (b) The two image

with the paired feature points superimposed on each image; (c) The registered image

overlaid on the reference image; (d) The feature points of the registered (transformed)

image (represented by squares) superimposed on the feature points of the reference

image (represented by crosses).



Additional examples of image registration, for the technique presented in Chapter 4 124

Figure B.3: Additional registration Example 3 (registration of two photographs hav-

ing different scale of an outdoor scene), available at http://www.gigapxl.org/gallery-

ViewSanJacinto.htm. The obtained registration error (DM and DSTD) are 0.30 and

0.12 pixel, respectively: (a) and (b) The two image with the paired feature points

superimposed on each image; (c) The registered image overlaid on the reference image;

(d) The feature points of the registered (transformed) image (represented by squares)

superimposed on the feature points of the reference image (represented by crosses).



Additional examples of image registration, for the technique presented in Chapter 4 125

Figure B.4: Additional registration Example 4 (registration of two aerial images

having different scale), adapted from Google Earth. The obtained registration error

(DM and DSTD) are 0.26 and 0.11 pixel, respectively: (a) and (b) The two image

with the paired feature points superimposed on each image; (c) The registered image

overlaid on the reference image; (d) The feature points of the registered (transformed)

image (represented by squares) superimposed on the feature points of the reference

image (represented by crosses).



Additional examples of image registration, for the technique presented in Chapter 4 126

Figure B.5: Additional registration Example 5 (registration of two Landsat TM

(thematic mapper) multi-spectral satellite images (Landsat TM Band 5 and 7)), avail-

able at http://vision.ece.ucsb.edu/registration/satellite/testimag/index.htm. The

obtained registration error (DM and DSTD) are 1.67 and 0.81 pixel, respectively: (a)

and (b) The two image with the paired feature points superimposed on each image;

(c) The registered image overlaid on the reference image; (d) The feature points of the

registered (transformed) image (represented by squares) superimposed on the feature

points of the reference image (represented by crosses).
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Figure B.6: Additional registration Example 4 (registration of two photographs hav-

ing different scale of petroglyph panel), available at http://www.gigapxl.org/gallery-

Newspaper.htm. The obtained registration error (DM and DSTD) are 0.63 and

0.84 pixel, respectively: (a) and (b) The two image with the paired feature points

superimposed on each image; (c) The registered image overlaid on the reference image;

(d) The feature points of the registered (transformed) image (represented by squares)

superimposed on the feature points of the reference image (represented by crosses).


