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Abstract 

Image registration is the process of geometrically matching the corresponding 

pixels in images captured for the same scene at different times and/or sensors 

from various perspectives. Image registration approaches can be classified ac

cording to many viewpoints, such as various transformation models, spatial ver

sus frequency domain, single- versus multi-modal, and intensity-based versus 

feature-based. Image registration plays a central role in several applications, 

such as remote sensing, medical imaging, computer vision, change detection, 

and super-resolution. 

The problem is that the geometric registration precision could be impacted 

due to local illumination variations. Thus, any subsequent processing would be 

easily negatively affected. In early research, the registration process assumed 

brightness constancy. Recently, some research has incorporated illumination 

variations in the registration process in a limited manner, such as using a global 

or an affine illumination model. 

In this dissertation, we address the impacts of the arbitrarily-shaped locally 

variant illuminations on the geometric registration precision. Given a perfect 

camera following a pin-hole camera model and no object motions exist in the 

scene, we propose an intensity-based image registration model that can handle 

arbitrarily-shaped local illumination variations, ASLIV Then, the ASLIV model 
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is cast in a registration approach whose idea is based on iteratively segmenting 

the absolute image difference between the input images into distinct illumina

tion regions. Assuming gain and offset uniformity along with each region, the 

proposed approach applies different M-estimators simultaneously. Each esti

mator has its own objective function that is assigned to a certain illumination 

region. The residuals of an illumination region are then differently penalized in 

accordance with their own objective function to minimize the registration error. 

In addition, some areas located on the boundary of each region could be mis-

segmented due to the iterative process of creating the illumination regions. To 

lessen the negative impacts of such misclassified areas, a weighting function has 

been used. The proposed approach is cast in an iterative coarse-to-fine scheme 

to allow for large motions. 

Experiments show that the proposed approach yields clear improvements 

in terms of geometric registration precision and illumination correction with a 

slight increase in computational time compared to competing approaches. As 

well, the proposed approach shows more resistance against segmentation per

turbations as opposed to others. Real and simulated image pairs are employed in 

the experiments. The performance of competing approaches is evaluated using: 

normalized cross-correlation (NCC), structural similarity (SSIM) index, and peak 

signal-to-noise ratio (PSNR). 
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Chapter 1 

Introduction 

In this chapter, we state the research motivations and problem description in 

Section 1.1. As well, possible problem challenges are fully presented in Sec

tion 1.2. Then, proposed solutions to those challenges are outlined in Section 1.3. 

The main contributions of this dissertation are clearly given in Section 1.4. Fi

nally, dissertation structure is provided in Section 1.5. 

1.1 Motivation & Problem Statement 

Geometric image registration (GIR) is the process of matching the correspond

ing pixels in images captured for the same scene with variant sensors and ex

posures at different times. Image capturing time plays an effective factor in the 

registration step. Hence, there may exist global and/or local motions as well 

as occlusions in the captured images. GIR is a common pre-processing step in 

1 



1.1. MOTIVATION & PROBLEM STATEMENT 2 

many applications [2], such as generating panoramic image mosaics [3], super-

resolution (SR) enhancement [4], image stitching [5], remote-sensing applica

tions [6], change detection [7], and medical imaging [8]. For all of these ap

plications, sub-pixel precision in registration is necessary for satisfactory post

processing results. Unfortunately, local illumination variations between some 

image sets tend to degrade or even spoil the resulting geometric registration. 

To clearly comprehend the problem, let us illustrate with the following real 

example. Consider two images for the same scene captured at two different times 

of day, e.g., one in the morning and one at noon, and are taken with the same 

exposure and a perfect camera following a pin-hole camera model. As well, we 

assume no object motions exist. In presence of a light source, such as our sun, the 

image pair will contain multiple areas with different illumination levels due to the 

structure of the objects in the scene. Within this image pair, one can observe that 

local illumination regions with arbitrary shapes exist which leads to significant 

degradation in registration performance using conventional models. The scene 

is thus assumed to be static from an object point of view, but not static in terms 

of locally variant illuminations. Hence, the principle objective of this dissertation 

is to improve the geometric registration precision (GRP) by minimizing the factors 

affecting this process, such as illumination variations. 

Existing image registration approaches can be classified into two broad cate

gories: feature-based and intensity-based. The former attempts to extract a num

ber of corresponding landmarks or features from image pairs to be registered, 

which are used to estimate the geometric, transformation. The major problem of 

feature-based approaches is their high sensitivity to the feature extraction and 

matching process, especially in the presence of local illumination changes. As 

well, accurate sub-pixel results are hard to obtain because of the sparse nature of 
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the feature set [9]. 

Intensity-based approaches aim to find a transformation function, such that 

the intensity differences between corresponding pixels are minimized. Although 

most of the image registration approaches assume brightness constancy, recently 

some researchers have incorporated illumination variations in their registration 

models. What motivates us to start this research is that current approaches, how

ever, tend to account for illumination variations in a global [10-12] or affine fash

ion [13]. Local illumination changes with arbitrary shapes, which can take place 

in real imaging scenarios, are not fully considered. Thereby, any highly demand

ing applications for accurate sub-pixel geometric registration, e.g., SR, would be 

easily impacted. 

1.2 Problem Challenges 

Before we proceed in exhibiting the problem challenges, first we should differen

tiate between photometric corruption and illumination variations from an image 

registration perspective. Photometric corruption takes place due to issues that 

relate to the camera itself, such as exposure time, camera response function, or 

sensor noise. Illumination variations are concerned with the scene itself, such as 

capturing two images for the same scene at two different times of day, or year, 

resulting in multiple areas with distinct illumination levels. In this dissertation, 

we focus on illumination variations only. 

Photometric correction-based image registration approaches can be classi

fied into three categories. First, images are photometrically registered using an 
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algorithm that is not vulnerable to geometric misalignments, followed by geo

metric registration [14]. Second, images are geometrically registered using an al

gorithm that is exposure-insensitive, followed by photometric registration [15]. 

Third, geometric registration and photometric correction are simultaneously 

performed [13]. The first two categories are limited to either assuming that there 

is no saturation or significant geometric misalignment, or knowing the camera 

response function in advance leading to accumulated errors. Similarly, we take 

into account locally variant illuminations instead of photometric corruption us

ing the third category. 

Current intensity-based registration approaches do not fully consider the lo

cal illumination changes. In [10-12], a global illumination model is proposed 

in which each input image is assumed to have gain and offset scalars. In [13], 

an affine illumination model is proposed with triangular or quadrilateral region 

support. As well, it can be noticed that arbitrariness of shapes of those variations 

is typically assumed to be predefined. These assumptions cannot hold for real 

imaging scenarios. Thus, we intend to model arbitrary-shaped local illumination 

variations, ASLIV. Since we believe that intensity-based approaches avoid some 

of the pitfalls of the feature-based approaches for high precision registration, the 

proposed registration model will be cast in an intensity-based approach. 

The first challenge is to formulate an intensity-based registration model to 

cope with images having locally variant illuminations, in order to ultimately 

achieve improving the GRP jointly with illumination correction. These local il

lumination changes compose a set of illumination regions. With a priori infor

mation on illumination regions, there would be no problem. However, a priori 

illumination information is rarely available for real imaging scenarios. A second 

challenge appears when there is no a priori information on how the illumination 
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regions are segmented. 

A third challenge arises when choosing an appropriate estimator for the min

imization problem. A commonly used estimator is the least-squares estimator 

(LSE). Such an estimator can be used for its simplicity in mathematical deriva

tions and implementation. However, it squares the residuals. The behavior of the 

quadratic cost function in LSE could negatively affect the GRP. 

Other estimators are robust than LSE, such as M-estimator [16, 17]. The lat

ter can generally employ any objective function with certain aspects. A fourth 

challenge arises when choosing such a cost function that should follow specific 

conditions. The most dominant aspect of the objective function is a tuning pa

rameter by which the registration residuals are differently penalized. 

In case of large geometric deformations, a fifth challenge would arise. Given 

no object motions, geometric deformations, such as translation, rotation, scaling 

and skew are assumed in the input images. 

Moreover, segmentation errors would occur during the creation of the illumi

nation regions. The sixth challenge then arises during the registration process, 

when the boundary of each resulting illumination region contains some areas 

that belong to its adjacent region. 

1.3 Dissertation Outline 

In this section, we summarize how previous challenges are addressed and ana

lyzed in the dissertation. First, we propose an intensity-based image registration 

model that can handle arbitrarily-shaped local illumination variations. We em

ploy the ASLIV model with a LS estimator to accomplish sub-pixel geometric reg

istration jointly with illumination correction as shown in [18]; this approach is 
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referred to LS-ASLIV. We noticed that the LS-ASLIV approach improves the GRP 

and the illumination of some regions compared to the global illumination ap

proach shown in [10-12] and the affine illumination approach in [13]. However, 

one disadvantage of the LS-ASLIV is its sensitivity to outliers. Note that outliers 

in intensity-based registration approaches refers to the corresponding pixels that 

have large absolute intensity difference due to many factors, such as illumination 

variations in our case. 

We replace the LSE with a robust M-estimator [16] that is not as sensitive 

to outliers. Many objective functions having certain characteristics can be em

ployed with the M-estimator. The idea behind using a certain objective function 

is that the latter should have a tuning parameter by which the large and small 

residuals are differently penalized. We use the Huber function [16] because it 

has a threshold by which linear and quadratic penalties are assigned to large and 

small residuals, respectively. This approach, referred to as HM-ASLIV, yields im

proving GRP compared to the LS-ASLIV approach as shown in [19, 20]. However, 

the scalar threshold of any candidate cost function is not necessarily appropriate 

for all illumination regions. 

Since the proposed model, ASLIV, assumes varying illumination regions, we 

propose a registration approach in which different M-estimators are simultane

ously applied. Each employs a distinct objective function, with its own threshold 

being assigned to a certain illumination region whose residuals are segmented 

into large and small areas. Thus, we extend the ordinary formula of the Huber 

function from one threshold to a region-based expression with multiple thresh

olds. This approach can be referred as region-based M-estimators, RH-ASLIV. 

This latter approach improves the GRP and obtains illumination correction com

pared to the HM-ASLIV approach. 
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Without a priori known information, the illumination regions are iteratively 

created by segmenting the image similarities of the input images. There are many 

approaches to perform the segmentation step, however a clustering algorithm is 

used. Since, the proposed approach is cast in an iterative coarse-to-fine scheme 

to allow for large motions, another challenge is due to segmentation errors. Some 

areas located on the boundary of each region could belong to an adjacent re

gion, thus being mis-segmented. Therefore, the proposed approach uses an 

uncertainty function to lessen the negative impacts of such misclassified areas. 

The proposed approach can be referred as weighted region-based M-estimators, 

WH-ASLIV. It addresses the aforementioned problems and overcomes the draw

backs of competing approaches. 

Given no object motions, geometric deformations, such as translation, ro

tation, scaling and skew are assumed in the input images. To handle the large 

geometric deformations, we cast the minimization problem within an iterative 

coarse-to-fine scheme [21]. We'd like to stress that the coarse-to-fine scheme 

is also used to increase the geometric registration accuracy (GRA) by improv

ing the chance of convergence, but that the focus of this dissertation is on im

proving sub-pixel precision on cases where convergence indeed occurs. As such, 

we do assume for image pairs tested that correct convergence does occur with 

approaches like GIM, AIM, or some other image registration approach, or that 

we have a priori knowledge that allows for a reasonable initial image alignment. 

From these initial rough registrations, the proposed approach will seek to im

prove the precision of the registration. 

The registration process is initialized by a certain initial guess at the coarsest 

resolution level and updated by a determined amount for a definite number of 
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iterations per resolution level. The approach turns to the next finer level, once ei

ther the customized cost function is updated by less than a predefined threshold, 

or a maximum number of iterations has been reached. As well, some parameters 

are heuristically chosen, such as: the initial guess of the unknown parameters, 

the number of resolution levels, predefined threshold and maximum number of 

iterations. 

1.4 Dissertation Contributions 

In this section, we can summarize the main contributions of this dissertation: 

1. Robustness against local illumination changes: 

We proposed an intensity-based model to obtain a more precise sub-pixel 

geometric registration jointly with illumination correction. This model is 

robust against locally variant illumination regions in the images and out

performs the global and affine illumination models in terms of geometric 

registration precision as shown in [19]. A special case, when considering 

only two illumination regions, is published in [18]. 

2. Capability of differently penalizing local residuals: 

The proposed approach simultaneously employs different robust M-

estimators. We extend the ordinary formula of an objective function hav

ing single-threshold to be a spatially adaptive region-based function with 

multiple-threshold. Thus, each threshold is iteratively assigned to an il

lumination region. A framework of spatially adaptive M-estimators is 

achieved using a cost function with certain properties. A special case, when 

using the ordinary Huber function as cost function, is published in [20]. 
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3. Robustness against segmentation errors: 

The proposed approach exhibits more resistance versus mis-segmented ar

eas located on the boundary layer of each illumination region due to seg

mentation. The proposed approach is able to reduce the negative effects 

of those mis-segmented areas by lessening their contributions throughout 

the registration process using a weighting function. Thus, geometric reg

istration precision is further improved as well as illumination correction is 

obtained. This contribution and its precedent are submitted to [22]. 

1.5 Dissertation Organization 

The rest of this dissertation is structured in five chapters as follows: 

Chapter 2 gives a background on feature-based, and intensity-based image 

registration approaches with advantages and disadvantages for each. 

Chapter 3 introduces an intensity-based image registration model that ac

counts for arbitrary-shaped local illumination variations; ASLIV. Then, a registra

tion approach exploits the proposed model jointly with the LSE. The approach is 

cast in an iterative coarse-to-fme scheme. The real and simulated data sets are, 

then, fully described with commonly used performance evaluation measures. A 

heuristic analysis of some critical parameters and a discussion on implemen

tation issues are also provided. Such an LSE approach results in improving in 

GRP compared to the global illumination approach. An analysis of the LS-ASLIV-

based approach is introduced. 

Chapter 4 contributes an approach to overcome the sensitivity of the LS-

ASLIV-based approach using a more robust estimator, such as an M-estimator. 

The M-estimation approach is generally formulated using the proposed ASLIV 
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model with an objective function that should satisfy certain conditions, such as 

a tuning parameter by which the residuals can be differently penalized. The ap

proach is cast in an iterative multi-resolution framework, yielding more precise 

estimates than those of the LS-ASLIV-based approach. This approach is analyzed 

and other related issues are discussed. 

Chapter 5 proposes a new spatially adaptive registration approach that si

multaneously addresses three problems: vulnerability to outliers, applying a 

unique threshold to the whole residuals' space and negative impacts of the mis-

segmented areas. First, the proposed approach is generally presented using the 

proposed ASLIV model within a framework of different M-estimators. Second, 

each estimator should employ a distinct cost function, with its tuning parame

ters that are assigned to a certain illumination region. In turn, each region-based 

tuning parameter is iteratively adapted yielding two sub regions of small and large 

residuals. Third, the proposed approach can use any uncertainty function that 

assigns designated weights to the pixels located on the boundary of each illumi

nation region. Then, the proposed approach is also cast in an iterative coarse-to-

fine scheme, producing improvements in terms of GRP and illumination correc

tion compared to competing approaches. As well, the chapter explains some ex

periments performed to show the effectiveness of the proposed approach versus 

segmentation errors as opposed to other approaches. Discussion on limitations 

of the proposed approach is also provided. 

Chapter 6 provides: research conclusions, publications resulting from this 

dissertation and possible future work directions. 



Chapter 2 

Literature Review 

2.1 Introduction 

Image registration is the process of geometrically matching corresponding sub-

pixels in two images (or more) captured for the same scene at different times 

and/ or by different sensors. The registration geometrically aligns two images (the 

reference and sensed images). A survey of image registration methods is given by 

Zitova and Flusser [2]. Both advantages and drawbacks of the reviewed methods 

are mentioned in this chapter as well as the applications relying on image reg

istration. The main goal of this chapter is to provide a background of different 

methods of image registration. 

This chapter is organized as follows. The reviewed methods are classified 

into two main categories: feature-based and intensity-based methods presented 

in Section 2.2 and Section 2.3, respectively. Section 2.4 discusses commonly 

used motion field representations that relates to the intensity-based methods 

in Section 2.5. Many applications requiring image registration as a common 

pre-processing step for satisfactory post-processing results are reviewed in Sec

tion 2.6. Finally, this chapter is concluded in Section 2.7. 

11 
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2.2 Feature-based Methods 

Feature-based methods start by extracting image geometric primitives, namely 

features, such as corners, curves, surfaces, or cylindrical structures [23]. Dur

ing the image registration, these extracted features in one image are matched to 

the ones in another image, either by their appearance similarity or by geometric 

closeness. During the matching, correspondences are formed between features 

in the two images. The transformation is estimated from an objective function 

based on a geometric distance measure. The reader can be referred to references 

[24-28] for more details. 

Let Ip and Iq be two images. The set of features in lp is Qp with features p € Qp, 

whereas features q are in the feature set Qq in the image /,. Note that p represents 

both the feature and its location. The correspondences (p, q) form a set C. The 

transformation function from Ip to lq is T(p; 9), with parameter vector 8. Follow

ing the parameterized transformation functions, the geometric distance measure 

between two features p and q is denoted as d(p, q). Given a correspondence set 

C, the least-squares objective function for feature-based methods can be written 

as 

mm J2 d2(q>T(p;0)). (2.1) 
(p. q)e£ 

In most cases, however, because the correspondence set C is either unknown 

or contaminated by a large fraction of outliers, the estimation of (2.1) cannot be 

carried out by conventional optimization methods. Instead, alternative ways of 

matching and estimation have been developed to handle this issue in an iterative 

fashion by finding the closest points and estimate the transformation in each it

eration. The next subsections discuss that method in detail. 
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2.2.1 Iterative Closest Point Method 

The first class of feature-based methods contains the Iterative Closest Point (ICP) 

algorithms [29] and its variations. Starting from an initial estimate, ICP iteratively 

(a) maps points (features) from one image, Ip, to the other image, Iq, (b) finds 

the closest point on image Iq for each mapped point, and (c) re-estimates the 

transformation using these temporary correspondences in the objective function 

in (2.1). 

In other words, the correspondence set C is obtained from forming correspon

dences with the closest points. The convergence proof of ICP has been shown by 

Besl and McKay [29] using a Euclidean distance metric for d in (2.1). In the reg

istration of range data, sensor data points (together with estimated normals) are 

the features commonly used. In the alignment of intensity images, feature ex

traction techniques are applied to obtain features to be matched in ICP [24]. 

Extraction of Harris corners is commonly seen in the literature [30, 31]. Can 

et al. [24] extracted vessel centerline points (edge-like features) for the registra

tion of retinal images. There are two commonly-known problems with ICP: (1) 

ICP has a narrow domain of convergence and therefore must be initialized rela

tively accurate, and (2) feature extraction can be unreliable and overly sensitive 

to the choice of parameters and the image content. 

The distance measures used in (2.1) are usually associated with the types of 

features being extracted. For corners or points, a natural distance measure is Eu

clidean distance [32, 33]. However, the situation is different for points sampled 

on a curve on a 2D image. As they are discrete samples from a continuous curve, 

we are not concerned with how far a point moves along the curve, but how far 

a point is off the curve. Hence, we want to compute point-to-curve distances. 
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One efficient way to achieve this is to linearize the curve in a small neighbor

hood around the sample point. The point-to-curve distance is then measured by 

the distance along the normal direction of the straight line [24]. The same lin

earization is also applied to points sampled on a surface in 3D image [34]. Such a 

linearization can be viewed as the first order approximation to the true distance 

function. Pottmann et al. [35] proposed a second-order approximation that takes 

local curvature into account by fitting a local tangent to the curve. 

2.2.2 EM-ICP Method 

Several papers {see e.g., [36, 37]) have proposed Expectation Maximization (EM) 

[38] algorithms for image registration [39, Ch. 3], where multiple correspon

dences per feature are simultaneously considered. In this approach, correspon

dences are considered as soft, each associated with a probability of the corre

spondence being correct. The EM algorithms are carried out by alternating be

tween the computation of this correspondence probability (expectation) and the 

estimation of transformation parameters (maximization). In [40], multiple cor

respondences are modeled with a Gaussian mixture model with an isotropic co-

variance. Later on, Chui and Rangarajan [41] exploited the EM algorithm along 

with simulated annealing and a doubly-stochastic normalization over the corre

spondence matrix to solve for free deformations [37]. This approach improves 

the robustness and reliability of ICP. 



2.2. FEATURE-BASED METHODS 15 

2.2.3 Keypoint Matching With Invariant Descriptors 

In contrast to ICP where matching is based on geometric distance, keypoint-

based methods apply matching in appearance similarity space. The term key-

point refers to a combination of an interest point (or region) and an invariant 

descriptor which describes the intensity characteristics in a small neighborhood 

around the interest point. The latter part, the descriptor, is the key difference 

between the definitions of keypoint and feature. Specifically, a descriptor is de

signed to be invariant to some lower-order geometric transformation, e.g., simi

larity or affine, and usually additionally invariant to linear intensity changes. 

Keypoint methods have received growing attention because of their demon

strated ability to tolerate low image overlap and image scale changes [32-34, 42-

44]. These methods start with keypoint detection and localization followed by 

computation of the descriptor that summarizes the image around the keypoint. 

For instance, in [45], a multi-stage processing scheme is presented using a point-

based registration algorithm to initialize the unknown motion field, followed by a 

robust M-estimator to refine the registration accuracy. Existing keypoint extrac

tion algorithms are based on approaches ranging from the Laplacian of Gaussian 

operator [42], information theory [46], Harris corners [43], and intensity region 

stability measures [47]. A detailed comparison can be found in [48]. Region de

scriptors proposed are based on steerable filters [49], moment invariants [50], 

shape context [51], image gradients [8] and Haar wavelets [52]. A comparison of 

descriptors can be found in [53]. 

As the descriptors are invariant to geometric transformation [54], they can be 

compared directly by computing a similarity score between them. The keypoint 

matching between two images is carried out by computing similarity scores for 

all possible keypoint pairs and selecting the most similar ones to form the initial 
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set of putative matches. This brute-force matching requires 0(N2) time com

plexity for N keypoints. Additional data structures can be used to speed up this 

matching process. In [42], a.k - d tree is used to store keypoints in one image and 

the matching is carried out by the nearest neighbor lookup in the k — d tree. By 

doing so, the time complexity of matching drops to 0(Nlog(N)). Subsequently, 

this set of putative matches is used to estimate the transformation. However, the 

matching process is not well-conditioned in the sense that there are inevitably 

some keypoints that cannot be matched, and for some others multiple matches 

with the same similarity are found. This yields many spurious matches in the 

initial set (it is not uncommon that fewer than 25% are correct). Common es

timation techniques, such as least squares, least median, or M-estimators [45] 

perform badly with this large fraction of outliers [8]. Instead, local descriptors, 

such as SIFT, Harris, etc. are often used to eliminate mismatches and to robustly 

estimate the transformation (see e.g., [55,56]). As well, RANdom SAmple Consen

sus (RANSAC)-based methods typically present robustness against outliers (see 

e.g., [57-61]). 

It is worth noting that the optimization is carried out by minimizing the ge

ometric distance between transformed points, as shown in (2.1). Therefore, 

the methods based on keypoint extraction and matching are still considered as 

feature-based methods. One may argue that the matching between keypoints is 

conducted using the invariant descriptor, which is a similarity measure based on 

local intensities. However, because the objective function does not depend on 

intensity differences, these methods do not belong to the intensity-based cate

gory. Methods based on keypoint extraction followed by similarity matching in 
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the feature space have been applied to 2D image registration and mosaic con

struction [42], fundamental matrix estimation [47], object recognition [8], lo

cation recognition [62], 3D registration [63] and simultaneous localization and 

mapping [64, 65]. 

Although these approaches have robustness to outliers, they can be highly 

sensitive to the feature extraction process, especially in the presence of global 

and local variant illumination changes and/or partially missing data due to oc

clusions [9]. Another major problem of feature-based approaches is that the 

sparseness of the features tend to make higher local geometric registration er

ror, especially if the features are less dense in a specific part of the input images 

[52]. Thus, feature-based methods are not considered in this thesis. 

2.3 Intensity-based Methods 

Intensity-based methods are those approaches that try to find the best transfor

mation parameters which describe the alignment between two input images to 

achieve pixel-to-pixel matching generally. These methods avoid some of the pit

falls of feature-based methods, such that the former make optimal use of the in

formation available in image alignment, since they measure the contribution of 

every pixel in the image. Intensity-based methods also include two main cate

gories: Fourier-based and correlation-based [9]. 

2.3.1 Fourier-based Registration Methods 

Lucchese and Cortelazzo [66] present a rotation estimation method that is based 

on the property that the magnitude of the Fourier transform of an image and the 

mirrored version of the magnitude of the Fourier transform of a rotated image 
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have a pair of orthogonal zero-crossing lines. The angle that these lines make 

with the axes is equal to half the rotation angle between the two images. The 

horizontal and vertical shifts are estimated afterwards using a standard phase 

correlation method. 

Foroosh et al. [67] show that the signal power in the phase correlation corre

sponds to a polyphase transform of a filtered unit impulse. They applied this idea 

to obtain the sub-pixel part of the shifts. The shift and rotation parameters can 

be estimated separately, because a shift only affects the phase information, while 

rotation affects both phase and amplitude of the Fourier transform. 

Irani et al. [68] present a multi-resolution approach to compute multiple oc

cluding motions using an iterative method. Other methods compute an optical 

flow field as in [69] and obtain therefore a motion vector for every pixel of the 

image [70]. Methods based on the correlation between shifted images can be 

performed either in spatial or in frequency domain. Such methods are based on 

the fact that the correlation between two images is maximum if they are correctly 

aligned. In the frequency domain, a correlation can be computed efficiendy us

ing a multiplication of the two spectra. A spatial correlation-based method is 

presented by Zokai and Wolberg [71]. 

Vandewalle et al. [72] use the property that a shift in the space domain is trans

lated into a linear shift in the phase of the image's Fourier Transform. Similarly, a 

rotation in the space domain is visible in the amplitude of the Fourier Transform. 

Hence, their motion estimation algorithm computes the images' Fourier Trans

forms and determines the 1-D shifts in both their amplitudes and phases. One 

advantage of this method is that it discards high-frequency components, where 

aliasing may have occurred, in order to be more robust. 

A planar shift can be described in the frequency domain as a linear phase shift, 
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while a rotation in the spatial domain corresponds to a rotation over the same 

angle in the frequency domain. On the other hand, the horizontal and vertical 

components of the shift can be separated by a decomposition value [73]. This 

frequency domain approach has the advantage that continuous values can be 

estimated for the shifts. However, it suffers from phase wrapping. 

Pham [1] proposed both a gradient-based shift estimator and 2D projective 

estimator. However, through an iterative process, the biases of both previous es

timators can be removed. Hence, the iterative estimator is not only unbiased, but 

is also optimal since their variances reach the Cramer-Rao bound. 

Although the frequency-based registration methods are limited to 2-D rigid 

transformation, they can be efficiently exploited if the input images are not 

under-sampled, and their motion can be approximated and computed as linear 

phase differences between the two images as in [72, 74-76]. 

2.3.2 Correlation-based Registration Methods 

Lucas and Kanade [77] proposed an optical flow registration algorithm, which 

has become one of the most commonly cited computer vision papers on the sub

ject. Twenty years later, Baker and Matthews [78] presented an overview of the 

Lucas-Kanade algorithm, its extensions, and experimental comparisons. These 

methods aim at finding a transformation function such that after the application 

of the transformation function, the intensity differences between corresponding 

pixels are minimized. These methods often work in an iterative manner: warp 

one image on to the coordinate system of the other using the current transfor

mation estimate, compute an update of the transformation from the image gra

dients or optical flow vectors, and repeat these steps until the transformation 

estimate converges. A simple and canonical measure used in intensity-based 
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methods is the sum of squared difference (SSD) between the warped image and 

the fixed image [2]. The objective function using the SSD measure is defined as 

min$}j,(T(x;0)) - Ip(x)}2 , (2.2) 
X 

where T(x; 9) is the transformation function that maps coordinates of Ip onto Iq. 

This objective function is non-linear because it involves the image functions Ip 

and /, that map coordinates to intensities. To solve this non-linear problem, the 

minimization is often carried out by gradient descent methods in the following 

way. Assuming the current estimate, (2.2) can be linearized by performing a first 

order Taylor expansion on 7,(T(x; 9)) around 6 and applying the chain rule on 

derivatives, we obtain 

E Iq(T(x;9)) + VIq~A9-Ip(x) (2.3) 

Note that, in this Taylor series expansion, only the update A0 is unknown and 

everything else is known. Thus, it becomes a normal linear least-squares prob

lem and the update solved accordingly [25]. These methods require good initial

ization since the capture range is very small. As well, the biggest disadvantage 

of these methods is that they have a limited range of convergence. Therefore, 

they can be used in a coarse-to-fine estimation framework [21] (sometimes it is 

named a multi-resolution framework). It has been shown that these methods are 

more effective and have a broader capture range with multi-resolution settings. 

In addition to multi-resolution, an initialization method using a coarse-to-fine 

search on transformations has been shown adequate in [10,11]. 

By definition, SSD is sensitive to intensity variations, such as shutter speed 
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change or illumination changes. As can be seen from the objective function de

fined in (2.2), illumination changes in one image would alter the shape of the 

objective function and affect the minimization accordingly. This limitation is a 

result of a lack in the existing image registration models for explicit photometric 

and/or illumination correction parameters. That point will be discussed in de

tail in Chapter 3. In the section that follows, motion field representations which 

provide structural constraints are discussed. 

2.4 Motion Field Representation 

This section discusses the parametric and nonparametric motion models. 

2.4.1 Parametric and Nonparametric Motion Models 

Motion field representations [79] may be divided into two categories; parametric 

and nonparametric models. Each has distinct advantages and disadvantages as 

follows. 

• Nonparametric motion field models 

In nonparametric motion field models, a representation of the motion field 

composes of a finite set of points in the 2D image plane indexed by x. It is 

common to choose the set of points to correspond with the discrete image 

sampling grid which is uniformly-spaced. The advantage of this approach 

is that motion fields may be represented arbitrarily and may be also inter

polated to yield values between sampling points. 

The main disadvantage of the nonparametric representation is that it re

quires the estimation of a large number of motion parameters. However, 
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without additional assumptions, this may be impossible due to a lack of 

available observation constraints. 

• Parametric motion field models 

On the other hand, an alternative approach is to use a parametric motion 

model which represents the motion field over some region of the image 

plane. Parametric models are typically continuous functions of the spatial 

location x. Common parametric motion models use from 2 to 12 param

eters. Once the parameters of the model are determined, the model may 

be evaluated at any location x within the region of support, thus there is 

no need for interpolation. Parametric models have the advantage of requir

ing relatively few parameters to describe a large region of the motion field. 

Data from larger regions of the image may be aggregated when estimating 

the model parameters. Since the number of model parameters is small, this 

tends to yield more reliable estimates. 

Parametric models have drawbacks as well. It is not possible to represent 

arbitrary motion fields using commonly used parametric models without 

increasing the number of model parameters, thus being comparable with 

nonparametric models. Finally, for general motion fields, estimation of the 

region of support of the parametric model can be very difficult. 

In summary, nonparametric models represent the motion field by samples. Para

metric models represent the motion field by parameterized regions as mentioned 

in the next section. 
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Table 2.1: The hierarchy of 2D parametric motion models [1]. 

2D Model 

Translation 

Euclidean 

Similarity 

Affine 

Perspective 

Optic flow 

Degrees of 
freedom 

2 

3 

4 

6 

8 

oo 

Coordinate transformation 

Xl = X + tx 

yi = y + ty 

xi = x cos 9 — y sin 9 + tx 

yi = x sin 9 + y cos 9 + ty 

xi = sx cos 9 — sy sin 9 + tx 

y' = sx sin 9 + sy cos 6 + ty 

xi — anx + a12y + tx 

yi = a2ix + a22y + ty 

xi = (mix + m2y + m^/D 

y' - (m4x + m5y + m6)/D 
D — m7x + m^y + 1 
xi = x + vx(x,y) 
yf = y + vy{x,y) 

Meaning 

2D translation 

Translation + rotation 

Euclidean + isotropic 
scaling 

Similarity + anisotropic 
scaling + skew 

Affine + keystone 
+ chirping 

Free-form motion 

2.4.2 Common Motion Models 

In many cases, the motion between different views of the same scene can be de

scribed by one of the parametric models presented in Table 2.1. 

2.4.3 Regions of Support for Motion Models 

Those parametric models, manifested in Table 2.1, apply to various partitions 

[79] (sets of regions) of the image plane. Denoting the image plane by 71, a 

partition is a set of regions {7^}f such that \j"=1 Hi = 11 and TZiDTZj = 0, V i^ j . 

• Global models 

For global models the partition consists of a single region 1ZX = 11. That re

gion of support for global motion models is the entire image plane. Global 

models are particularly useful for computer vision, image stabilization, 

camera calibration, video compression, and satellite imaging. 
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• Block-based models 

In block-based models the partition regions 7^ are equal-sized rectangular 

blocks. A parametric motion model applies for each block. Block motion 

models can be applied utilizing the affine or projective model to each block. 

However, block-based models are poorly suited to describe general motion 

fields adequately as the motion model is fixed for all locations within each 

block, thus inadequately representing motion field discontinuities which 

may be located within the block itself. 

• Generalized block models (meshes) 

A generalization of the fixed size, regular block partition uses adaptive 

block-based meshes in which the regions 7^ are triangles or blocks of var

ious sizes. The meshes are selected to model the intensity and/or motion 

structures within the image sequence. Generalized block models have the 

advantage of a relatively small number of regions as compared with fixed 

block methods. 

• Region-based models 

These regions {H,}? may take on arbitrary shapes in contrast to regularly 

shaped regions. This leads naturally to the question of how the regions are 

chosen. Since each region 7 ^ C K represents the region of support of a mo

tion model, 7?.j is defined to cover those parts of V, wThere the model is ap

propriate. Thus, the partition is a segmentation of the motion field into re

gions. Unfortunately, determining the regions Hi given the image sequence 

is a difficult process. Region-based motion representations often provide 

efficient motion representations [80]. 
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• Points 

The nonparametric models can be considered as a special case of paramet

ric models if the region of support for each motion model is to be a single 

point. Assuming that the image plane H is sampled on a finite lattice A con

sisting of N unique sampling locations, the partition of A consists of the set 

of N locations {Hi}?. A parametric motion model is then associated with 

each location Hi. Thus the total number of parameters describing the mo

tion field on A is the same as the number of sample points. 

2.5 Relating Motion and Image Intensities 

In this section, the relationship between the apparent motion and the ob

served image intensities is discussed. One of the most common assumptions 

made when attempting to determine optical flow is that the image intensity 

along a motion trajectory remains constant [11]. This is referred to as the 

brightness constancy assumption {e.g., [71, 81-83]), which is utilized in several 

motion estimation techniques. 

Although a number of researchers [10-13] have incorporated global illu

mination correction into the geometric image registration problem, these ap

proaches to modeling intensity variations are valuable for slowly changing inten

sity differences. In other words, these approaches don't easily allow arbitrarily-

shaped illumination variations which is true for many imaging scenarios (see 

e.g., Fig. 2.1(a,b); canyon pair captured at widely varying times of day, and 

Fig. 2.1(c,d); LANDSAT satellite pair taken at two different times of year). 
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In principle, we should differentiate between photometric corruption and il

lumination variations from an image registration perspective. Photometric cor

ruption takes place due to issues that relate to the camera itself, such as exposure 

time, camera response function, sensor noise, etc. Illumination variations are 

concerned with the scene itself, such as capturing two images for the same scene 

with perfect camera at two different times in a day assuming no object motions 

in the scene {i.e., static scene), resulting in different shadows, etc. Although in 

this dissertation we focus on the impacts of illumination variations only, a brief 

background on the photometric correction-based image registration approaches 

is presented. 

Many approaches have been proposed for geometric image registration in 

the presence of photometric corruption. There are three possible approaches 

to solve this problem. First, images are photometrically registered using an al

gorithm that is insensitive to geometric misalignments, followed by geometric 

registration. Grossberg and Nayar [14] propose an intensity mapping function al

gorithm that is based on histogram specification and provides intensity mapping 

for an image pair when there is no saturation or significant geometric misalign

ment. 

Second, images are geometrically registered using an algorithm that is 

exposure-insensitive, followed by photometric registration. In [15], such a pho

tometric changes-insensitive motion estimation algorithm based on the Lucas-

Kanade technique is proposed to estimate motion vectors at each pixel. Although 

this algorithm can be used to estimate a large and dense motion field, it requires 

knowing the camera response function in advance. 

Third, geometric registration and photometric and/or illumination variation 
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correction parameters are jointly estimated. In essence, these registration ap

proaches have a limitation of being operated either on a global illumination 

model (GIM) or on an affine illumination model (AIM) that do not easily allow 

arbitrarily-shaped regions. For instance, Aguiar [11] proposed GIM to relate the 

intensity levels of an image pair. Altunbasak et al. [13] presented AIM with tri

angular or quadrilateral region support. Periaswamy and Farid [10] proposed a 

global illumination model within pre-defined neighborhoods with an imposed 

smoothness constraint between neighborhoods. In [12], a dual inverse compo

sitional algorithm is used based on an assumption that the geometric and pho

tometric transformations can be replaced, thus impeding the use of explicit lo

cal photometric transformations. The author of [12] models the photometric 

changes in a gain and offset fashion, when dealing with gray images, quite the 

same as in GIM. 

One can see that the approaches in [12, 13] tend to limit the region with il

lumination changes to a predefined shape, which does not correspond to real 

imaging scenarios where this region can take an arbitrary shape. Hence, we will 

consider the global illumination model in [10, 11] because it assumes that the 

image is one region with its own gain and offset scalars. This assumption can be 

expanded to segment an image into many regions with arbitrarily-shaped illumi

nation variations so as to match the real imaging scenarios. 

The resulting registration from these models tends to fail when dramatic and 

disjoint intensity shifts over arbitrarily-shaped regions exist. Another limitation is 

that the occluded areas, which are not considered in their models, negatively af

fect the geometric registration accuracy. Therefore, we will focus on the intensity-

based geometric registration jointly with illumination correction of images with 

arbitrarily-shaped local illumination changes, due to large shadow differences, 
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such as from time of day capture. These illumination changes are extracted 

through an iterative framework to allow the geometric registration to converge 

to sub-pixel accuracy. 

2.6 Applications 

This section is an overview on some of the applications that require high sub-

pixel registration accuracy. 

• Computer Vision: 

Computer vision applications include automatic change detection for secu

rity monitoring, motion tracking, target template matching with real-time 

images, automatic quality inspection, and image mosaicking [2]. 

• Remote Sensing: 

Many applications can be involved under remote sensing, such as panchro

matic images, better spatial resolution, multispectral images with better 

resolution, radar images independent of cloud cover and solar illumination, 

monitoring of global land usage, landscape planning, mosaicking of images 

of the surveyed area and registration of aerial or satellite data [2]. 

• Change Detection: 

Typical change detection consists of operations that compare information 

pixel-wise in layered data that has a common spatial reference frame. Mis

alignment of the layers results in some errors from mismatched locations. 

Several authors have studied the implications of misalignment for change 
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detection. Dai and Khorram [84] explains how errors of over and underes

timation of change detection occur and how correct responses are dimin

ished. A statistical framework for computing change detection error under 

given data is derived by Roy [85]. Corrective processing of detected change 

is presented by Bruzzone et al. [86], [87] with adaptive decision making us

ing change vector analysis, and by Beauchemin and Fung [7] using adaptive 

median filtering to post-process detected change. 

• Medical Imaging: 

Medical image registration has emerged in many clinical applications in

cluding diagnosis, longitudinal studies, surgical planning, and the need 

for registration across different imaging modalities. Some examples of 

medical imaging applications are monitoring of healing therapy, monitor

ing of tumor evolution, combination of sensors recording the anatomical 

body structure like magnetic resonance image (MRI), ultrasound or com

puter tomography (CT) with sensors monitoring functional and monitoring 

metabolic body activities with positron emission tomography (PET), single 

photon emission computed tomography (SPECT) or magnetic resonance 

spectroscopy (MRS). Medical image registration, however, still has many 

challenges such as the nonlinear nature of the images used, and the differ

ence in resolution of images acquired from different modalities (e.g., MRI, 

CT,PET) [10]. 

• Super-resolution: 

The super-resolution (SR) problem is denned as the process of combining 

multiple frames of aliased low-resolution (LR) images of the same scene to 
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form a single high-resolution (HR) image [27]. Such a combination of infor

mation from multiple frames is not trivial. There are two main issues that 

need to be solved in such an ill-posed SR problem. First, all the input im

ages need to be correctly aligned with each other on a common grid; that 

is called image registration. Next, an accurate and sharp image has to be 

formed from the gathered information; that is called image reconstruction 

or fusion. If one of these two steps is inaccurate, the resulting HR image will 

be degraded, and no gain in actual resolution may result. Readers can be 

referred to some of the presented SR techniques in [72, 74, 75, 88-98]. 

2.7 Summary 

In this chapter, we have shown that the image registration process plays a cen

tral role in many application. Also, we mention that feature-based registration 

approaches have robustness to outliers as well as some robustness against in

tensity variations. However, these approaches are highly sensitive to the feature 

extraction process. Also, those approaches suffer from the sparseness of features, 

thereby impacting geometric registration accuracy. 

Contrarily, we have exhibited the capability of intensity-based registration ap

proaches of being motion model independent. However, illumination variations 

resulting due to different times of capture is limitedly considered in the literature 

for global or predefined-shapes. In the next chapter, we propose a new intensity-

based registration model that can handle arbitrarily-shaped local illumination 

variations. 
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(c) (d) 

Figure 2.1: (a,b) 120 x 300 natural canyon pair taken at different times of day, (c,d) 
400 x 400 real LANDSAT pair captured at different times of year. 



Chapter 3 

Proposed Registration Model Under Local 

Illumination Variations 

3.1 Introduction 

In the previous chapter, we have shown that competing registration models 

assume either global or affine illumination correction, and do not consider 

arbitrarily-shaped local illumination variations. The challenge is how to cope 

with images having such illumination changes of arbitrary shapes. One solution 

is to assign gain and offset to each illumination region. We propose this remedy, 

within an intensity-based registration model, to improve the GRP jointly with il

lumination correction, thereby enhancing the performance of any subsequent 

processing. 

This chapter is organized as follows. In Section 3.2, an image formation model 

is presented for that assumed in the thesis. In Section 3.3, we propose a reg

istration model that deals with images having arbitrarily-shaped local illumina

tion variations, ASLIV, to obtain illumination correction jointly with improving 

32 
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the sub-pixel geometric registration precision. In Section 3.4, we present an ap

proach using the proposed ASLIV model with the least-squares estimator in an 

iterative coarse-to-fine scheme, referred to as the LS-ASLIV approach. In Sec

tion 3.5, the image data sets, used in the experiments, are fully described. In Sec

tion 3.6, we state the measures that evaluate the performance of the proposed ap

proaches with competing approaches. In Section 3.7, an analysis on the stopping 

conditions is provided. The presented approach is summarized in Section 3.8. 

In Section 3.9, the experiments are developed and compared to competing ap

proaches. Finally, an analysis of the LS-ASLIV approach is given in Section 3.10. 

3.2 Image Formation Model 

In this section, we give an overview on the image formation model that is as

sumed in the thesis. To present the image model, we should describe the circum

stances related to capturing images for a scene, such as extrinsic and intrinsic 

camera issues, lighting issues, etc. as follows: 

1. Extrinsic Camera Issues: 

• The camera used is assumed to be moving. 

• The camera is far from the scene. 

• The distance of the camera from the scene is very large compared to 

the relief depth of the scene {i.e., an affine motion model would be rea

sonable to represent the motions between the captured images with 

negligible parallax). 

• The camera captures some images for the scene under different illu

mination conditions. 
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• A narrow base-line is also assumed. 

2. Intrinsic Camera Issues: 

• The camera follows the pinhole model. 

• The camera is assumed to be perfect, so that photometric corruptions 

and lense distortions are assumed to be corrected. 

3. Lighting Issues: 

• Far-field light sources are assumed w.r.t. the scene. 

• The scene exhibits a Lambertian model of illumination on its surfaces. 

4. Scene Issues: 

• The scene potentially has objects with 3D structure. 

• The scene is static from the perspective that there are no moving ob

jects. 

• The scene is dynamic from the perspective of changes in illumination. 

An example of a real image pair, following the constraints above, is shown 

in Fig. 2.1(a,b). This figure shows two images of the same canyon taken at two 

different times of day from different camera positions with the same exposure. 

3.3 The Proposed Model 

In this section, we propose an image registration model to achieve both improv

ing the GRP and illumination correction following the image formation model 

shown in Section 3.2. 
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Consider two N x M input images, Ix and I2, following the image formation 

model shown in Section 3.2. Under GIM [10, 11], the registration model that re

lates the intensity levels of Ix and I2 was proposed as 

/2(x2)~6/1(x1) + c, (3.1) 

where b and c are gain and offset scalars, respectively, and the x = (x, y) are a 

spatial coordinates for each image. While GIM allows the modeling of global illu

mination changes, GIM does not allow for local illumination variations, such as 

seen in with the shadow differences in Fig. 2.1 (a,b). 

Altunbasak et al. [13] introduced an extension to GIM by introducing affine 

transformations for the gain and offset as 

72(x2) ~ {bxx + b2y + 63)/i(x!) + {cxx + c2y + c3), (3.2) 

where bx, b2, and 63 as well as ex, c2, and c3 are scalars. We refer to this model 

as AIM. You may notice that each pixel has both gain and offset values that 

are dependent on its position, though, some level of local illumination is in

troduced by tessellating the illumination correction into triangular or quadrilat

eral regions for independent analysis [13]. For an image such as the canyon in 

Fig. 2.1(a,b), coarse tessellation would leave numerous small uncorrected illumi

nation regions that would still degrade the GIR, while conversely shrinking the 

tessellations would result in a large number of subregions making convergence 

less tractable. 

Following the strategies for GIM [10, 11] and AIM [13], we propose to instead 
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generalize the registration model as 

/2(x2) ~ B(xi)/i(Xl) + C(Xl) Vx, G FOVx n FOV2, (3.3) 

where x, = {xuyi) is a pixel location and {It, B, C} e RNxM for i e {1,2}, and h 

and I2 are the sensed and reference images, respectively. The illumination varia

tions, B and C, in (3.3) are modeled as matrices such that 

B = 

Pn • • • A M 

Pm • • • PNM 

,C = 

Cll • • • ClM 

Cm • • • CNM 

(3.4) 

where (3nm and Cnm are gain and offset scalars, respectively, 1 ^ n, m ^ iV, M. The 

multiplication in (3.3) is element wise over xi. Also, to ensure that the relation 

in (3.3) holds only for the overlapping fields of view (FOV) for Ix and 72, we also 

explicitly specify that (3.3) is only valid for xi and x2 falling in the intersection of 

the two fields of view. 

As well, the motion in (3.3) could be modeled as 

x 2 = T ( a i , . . . , a „ ; x i ) , (3.5) 

where T(-) refers to a general motion model. The corresponding motion param

eter vector field can be denoted by A = [a\, a2,..., a„]T. The primary difference 

between the proposed model and those presented in [10, 11] and [13]1 is that B 

and C are matrices as opposed to scalars. With B and C as matrices, arbitrary 

illumination changes are possible at a pixel-by-pixel level between h and 72. 
1 Since we focus only on illumination changes, the proposed model excludes some other com

ponents considered in [13], such as lens distortion correction. 
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An obvious problem with B and C as matrices is that an infinite number of 

solutions exist for pnm and (nm relating pixels' value in h to those in I2. Given a 

particular motion vector A, each pixel correspondence between h and I2 is an 

equation in the two unknowns /3nm and C,nm. To solve for any particular (3nm and 

Cnm, we would need to apply an appropriate constraint. 

To constrain the solution of (3.3), we can analyze the problem as follows. 

Given a scene with specular reflection and diffusion due to a source light, such 

as the sun, some regions with reasonably distinct illumination variations are cre

ated. That case can hold for aerial and satellite imaging. By assuming these il

lumination changes, we can generally argue that each image i; will contain vt 

distinct levels of illumination [i.e., vt refers to the number of shading levels per 

input image). First, to exhibit the idea of the proposed model, we will start with 

the case that a priori known information of distinct shading levels is available. 

Then, a real image scenario where no a priori known information is available, 

will be discussed. 

Given that a priori known information of distinct illumination levels is avail

able, Fig. 3.1(a) shows an example of a masked image h segmented into three 

distinct illumination levels: L{, L\ and L\ {i.e., vi=S). Similarly, Fig. 3.1(b) depicts 

another masked image I2 segmented, as well, into a different set of distinct il

lumination levels: L\, L\ and L\ [i.e., v2=3). With a rough geometric registration 

for Ii and I2, an absolute image difference (AID), /li2, is created having a set of 

illumination regions, Rjt such that 

Rj = f(h,2;j), 0.6) 

where /(•) refers to the a priori known segmentation step of hi2 into a specific 
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(a) masked 7i (b) masked I2 (c) masked 7ii2 

Figure 3.1: With a priori known information, (a,b) two different sets of distinct 
illumination levels of two input images {i.e., vi-v2=3), yielding (c) a masked 
AID with seven arbitrarily-shaped regions, each has its own constant illu
mination {i.e., J-l). 

number of illumination regions according to J. Note that the number of resulting 

illumination regions, J, is a priori known (see Fig. 3.1-c). 

It is worth noting that the sum of the number of distinct illumination levels in 

both images {i.e., vi + v2) does not necessarily express the number of the resulting 

illumination regions, J, as the latter depends on the former and the intersections 

among these distinct levels, L\ and Ll
2,Vh and /. For instance, the image pair 

depicted in Fig. 3.1(a) has three distinct illumination levels {i.e., i>i=3) and so do 

Fig. 3.1(b) {i.e., v2=3), whereas the number of the resulting illumination regions, 

J, is seven as shown in Fig. 3.1 (c). We'd like to stress that we assume each resulting 

illumination region, Rj, has its own gain bj and offset Cj. Note that the proposed 

ASLIV model in (3.3) has piece-wise bj and Cj. 

In a real imaging scenario, the a priori known information on how the input 

images, k where i e {1,2}, are to be segmented to Vi distinct illumination levels 

is typically unavailable. In turn, the corresponding L\, Vu, cannot be obtained 
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(a) iteration #1 (b) iteration #8 

Figure 3.2: For the pair in Fig. 2.1(a,b), Binary masks (Qi in black, Q2 in white) 
of two distinct illumination regions computed iteratively from image inten
sity differences at (a) 1st iteration and (b) 8s' using the fc-means algorithm, 
setting A: to 2 (i.e., J=2). 

directly looking at each image on its own. We propose a simple method of find

ing the AID between the roughly aligned images, Ilt2, using a segmentation al

gorithm. For instance, the A;-means algorithm [99] can be employed to segment 

Ji>2, setting k to the desired J (i.e., J is then assumed as it is unknown). Note 

that iii2 is first determined using a rough geometric registration, then iteratively 

changed yielding overlapping regions Rj at each iteration, according to (3.6). For 

example, Fig. 3.2(a) and (b) show the segmentation of the AID of the pair shown 

in Fig. 2.1 (a,b) at the Is* and the 8th iterations, respectively, setting k to J, where 

J=2 [18]. A descriptive scheme showing the proposed registration model using 

the A;-means algorithm will be presented in Section 3.4. 

The proposed model requires explicit segmentation at each iteration. Given 

the segmentation, a rough geometric registration will produce illumination re

gions, Rj, using (3.6) according to the information availability. For pixel do

main mathematical manipulations, each Rj can be represented by a binary mask, 

Qj(x,y), such that 

l, V x e f l j 

0, otherwise 
Qj(x) (3.7) 
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where 1 ̂  x, y ^ TV, M. Recall that each illumination region, Rjt where 1 < j ^ J, 

has its own gain bj and offset c-j. We can thus constrain B and C in (3.3) to these 

J regions as follows 

J J 

In this section, we have shown how two input images, to be aligned, are seg

mented to J distinct illumination regions, thereby the proposed model in (3.3) 

is adequately constrained. In the following section, we present an approach to 

estimate the unknown geometric registration parameters, (a l5... ,an), the gain 

parameters, [bi,...,bj), and the offset parameters (c1;... ,cj). 

3.4 Image Registration using LSE 

This section exhibits an iterative approach to solve a non-linear minimization 

problem using the LSE in a coarse-to-fine scheme. 

We need to estimate the values in the parameter vector $ for which we use 

least squares estimation as 

£ = a rgrmnJ£= £ [£(*)]2 I , (3.9) 
I VxeFOViDFOVa J 

where £ is a quadratic cost function and E(-) is the residuals that can be obtained 

from (3.3) as 

£ (* ; X l ) = /2(x2) - BfaM*!) - C(Xl) (3.10) 

where the multiplication is element-wise. Note that £(<!>; xx) is an element lo

cated at position X l in the matrix E(&), where E(-) e RNxM. Assuming no object 
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motion in the scene, the motion vectors between Ix and I2 can be generally de

fined as 

x2 = xi + s(xi), y2 = yi + *(xi), (3.11) 

where s(x) and i(x) are the horizontal and vertical components of the motion 

vector, respectively. Assuming that Ix and I2 are continuous and differentiable 

functions w.r.t. their x and y, we can rewrite I2 at the spatial location xi in terms 

of its truncated 1st-order Taylor series expansion, such as 

/2(x2) = hixi + sfa^m + tixi)), (3.12) 

= 72(xi) + Vx/2(x!) s(xi) + V!//2(x1) t(xi) + h.o.t. 

Computing the higher order terms {h.o.t.) can be computationally expensive and 

can be ignored if their values are small. Thus, we rewrite (3.3) using the approxi

mated form of I2 to give 

72(Xl) + 4(X l) s(Xl) + /y(Xl) t(Xl) - B(^)h(xi) + C(Xl), (3.13) 

where 4(xi) = ^ ^ and 7v(xi) = ^ p 1 . As (3.13) becomes function in X l only, 

we will replace x with xi. Then, (3.10) can be written as 

a a 
£($ ; x) = 72(x) + /x(x) s(x) + /y(x) <(x) - ^(x) £ ^ ( x ) - £ c ^ x ) . (3.14) 

Assuming the 6-parameter affine motion model as presented in [10, 11, 13], 

which specifies the motion between h and I2, we can then write 

s(x) = a-\x + a2y + a5, i(x) = a3x + a4j/ + a6. (3.15) 
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Then, incorporating (3.15) into (3.14), we rewrite (3.14) as 

E(&;x) = J2(x) + 4(x) (aix + a2y + a5) + Iy(x)(a3x + a4y + a6) 
9 9 

i = l i = l 

We can estimate 3> with the least-squares estimator in (3.9) using many al

gorithms, such as the Levenberg-Marquardt algorithm (LMA), Gauss-Newton 

algorithm (GNA) and gradient-descent algorithm (GDA) [100]. In principle, GDA 

has major drawbacks; i) it converges towards a local minimum in many itera

tions, thus it is computationally costly, and ii) computing the optimal step size 

per iteration can be time-consuming, and using a fixed step size often yields poor 

results. Both LMA and GNA have the advantage that second derivatives, which 

can be difficult to determine at each iteration, are not required, thus decreasing 

the computational time. As well, both are guaranteed to converge if the initial 

guess is close to the right one. However, LMA may converge slower than GNA 

if the initial guess of the unknown vector, *° , is too far from the correct answer 

[100]. Therefore, GNA [101] is chosen to solve (3.9) using an identity initialization 

that will be discussed later. 

With the GNA, the 4 is updated by A at each iteration g in each resolution 

level as 

* 9 = *9_i + Aff. (3.17) 

Obtaining the lst-order Taylor series expansion of the matrix £(*) , C in (3.9) can 

be then rewritten as 

£ « J2 [£(*9-i) + AjV*£(<S>s_i)]2, (3.18) 
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where VQ b = db/da. Setting the gradient of C w.r.t. A to zero, we obtain 

- J2 lE(*g-i) V*£(<Vi)] = AJ ]T [V*^*^) V * ^ * ^ ) ] . (3.19) 
X X 

We can rewrite (3.19) in matrix notation as 

- H K T = ( H H T ) A , (3.20) 

where 

H = [-f̂ i,i, i^i,2, • • •, HN,M] , (3.21) 

K = [/2(i,l),/2(l,2),...,/2(7V,M)], (3.22) 

and 

Hntm = [n Ix, m Ix, n Iy, m Iy, Ix, Iy, -hQi,..., -I\ Qj, -Qi, • • •, ~QJY • (3.23) 

Equations (3.20) through (3.23) can be used to perform one iteration for find

ing a solution of A to update 4 as in (3.17). However, Qi to Qj in (3.23) must also 

be determined. Hence, an iterative framework is proposed by first solving for the 

unknown vector * and then determining those distinct illumination regions, Rjt 

to ultimately obtain their corresponding binary masks, Qj. These two steps can 

then be iterated to refine the parameters in 4> and refine the arbitrarily-shaped 

regions and their masks. It is worth noting that segmenting the image difference 

between the two images to be aligned affects the geometric registration precision 

at each iteration. This is because some pixels of a certain region, Rp, become a 
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part of another region, Rq, where p ^ q according to the result of the segmenta

tion algorithm in the current iteration {i.e., Rj is iteratively adapted). This seg

mentation issue will be addressed in Chapter 5. 

The proposed registration model is referred to as ASLIVni2j. In the proposed 

model name, n refers to the number of the motion model parameters {e.g., n=6 in 

case of using the affine motion model), while 2 J refers to the illumination param

eters {i.e., gain and offset for each region). Accordingly, the approach presented 

in this chapter, which uses ASLIV model jointly with the LSE will be referred to as 

LS-ASLIV 

Coarse-to-fine Framework: It is worth noting that the LS-ASLIV approach 

employs the model in (3.3) within a coarse-to-fine framework [21] to cope with 

large motions and save the computational time. Also, the coarse-to-fine scheme 

is used to increase the geometric registration accuracy (GRA) by improving the 

chance of convergence. While, the focus of this dissertation is to improve the sub-

pixel precision on cases where convergence indeed occurs. A Gaussian pyramid 

can be generally created in a non-dyadic structure. However, to simplify the im

plementation, we have built a Gaussian pyramid of r resolution levels in a dyadic 

form for input images. The registration process is initialized by <I>0 at the coarsest 

resolution level and updated by A for a certain number of iterations per resolu

tion level. The approach turns to the next finer level, once one of the following 

criteria occurs: either the cost function in (3.9) is updated by less than a prede

fined threshold, e, or a maximum number of iterations, g, has been reached. 

When the solution doesn't diverge, convergence is achieved at the last resolu

tion level using the same criteria as above. In turn, the illumination parameters 

are adjusted to the resulting up-scaled Qi in (3.7). At each iteration, the estimated 

<fr is used to align the sensed image, h, to the reference image, 72, with corrected 
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illumination as in (3.3). In fact, since an approximate estimate is achieved by 

iterating at the lowest resolution, the subsequent refinement of that estimate re

quires only a few iterations at larger resolution levels. The geometric and illumi

nation parameters at each level of the pyramid are accumulated yielding a single 

final estimate. 

Fig. 3.3 illustrates a scheme of the proposed image registration approach us

ing the /c-means algorithm for segmentation. Given two input images, h and I2, 

as described in Section 3.3, the proposed approach can be summarized as fol

lows: 

1. A rough registration of h with 12 is performed using GIM, AIM, or some 

other image registration approach, or that we have a priori knowledge of * 

that allows for a reasonable initial image alignment. 

2. The absolute image difference, 72i» between the two roughly aligned im

ages is segmented into J illumination regions. The segmentation step is ob

tained using the A;-means algorithm [99] with which the residuals [i.e., AID) 

are clustered into k clusters, with k=J. 

3. The unknown vector, <&, including the geometric and illumination parame

ters is estimated using (3.9). 

4. With an iterative coarse-to-fine scheme, the approach stops when the stop

ping criteria have been matched. The resulting segments {i.e., the illumi

nation regions) are iteratively created and refined. Note that the segmen

tation step produces the binary mask shown in Fig. 3.2(a) at iteration #1 

and another binary mask depicted in Fig. 3.2(b) at iteration #8, given that 

Fig. 2.1(a,b) are the input images Ix and I2, respectively. 
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5. Otherwise, the approach turns to the next iteration or to the next finer res

olution level with application of the estimated vector on Ix. 

3.5 Data Set Description 

In this section, we describe the image data sets used in the experiments. The 

data sets include two categories: real and simulated. The first category involves 

a 120 x 300 natural canyon pair (see Fig. 2.1(a,b)), and nine real 400 x 400 and 

600 x 600 LANDSAT satellite images [102] with unknown ground truth motion 

(see e.g., Fig. 2.1(c,d)). Appendix A contains the other eight real pairs. 

The second category of the data sets includes two groups of simulated image 

pairs. Each group has 50 pairs of particular J. The size of the images in each pair 

is 500 x 500 pixels acquired from 3000 x 3000 pixels IKONOS satellite images for 

the Pentagon and its surroundings. A "J" simulated data set is constructed as fol

lows. First, we have fifty 500 x 500 reference images. Each reference image, I2, is 

geometrically deformed using a priori known affine transformation by a random 

rotation angle of up to ±10° and by a random 2-D translation of sub-pixel accu

racy within ±6 pixels, in both horizontal and vertical directions. The approach in 

[103] is used to perform such geometric deformations. Thus, a sensed image, h, 

is produced. Then, both sensed and reference images are subjected to varying vx 

and v2 levels of illumination. Thus, variant shaded regions are produced leading 

to a "J" simulated pair. Similarly, the rest of the fifty pairs are produced yielding 

a "J" data set. With multiple "J"s, the simulated data sets are used since they 

allow ground truth verification of the estimated parameters. In the experiments, 

we exploit two groups of simulated data sets defined as follows: 
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Figure 3.3: An illustrative scheme of the proposed registration approach, LS-
ASLIV, using the A;-means algorithm for segmentation. Given the pro
posed registration model in (3.3) with k-J=2, the natural pair depicted in 
Fig. 2.1 (a,b) is used as an example producing the binary masks shown in 
Fig. 3.2(a) and (b) at iteration #1 and #8, respectively. 
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Definition 1 "J=3" data set: is the fifty simulated image pairs constructed using 

the notations in Fig. 3.1(a,b) as follows: L\ = L\ =-• L\ = L\, and L\ 7̂  L\ ^ L\. 

These settings mean thatvi=v2=2, assuming no intersections between the resulting 

regions (e.g., Fig. 3.4(a,b)). 

Definition 2 "J=4" data set: is the fifty simulated image pairs constructed using 

the notations in Fig. 3.1(a,b) as follows: L\ = L\ = L\, and L\ ± L\ ^ L\ ^= L\. 

Given no intersections between the resulting regions, these settings mean thatvx -2 

andv2=3. (e.g., Fig. 3.4(c,d)). 

It is necessary to realize that the LS-ASLIV6j2 approach {i.e., "J=l") corre

sponds to the global illumination approach in [10,11,13]. As well, the LS-ASLiV6i4 

approach (i.e., "J=2") is a special case discussed in [18] and deals with those im

age pairs having only two distinct illumination regions. 

3.6 Performance Evaluation 

In this section, we report commonly used image quality measures to evaluate the 

performance of the competing approaches. For the real and simulated data sets, 

we determine the correlation between the overlapping area of the two N x M 

registered images, U and V, using 

(i) structure similarity (SSIM) index [104] 

SSIM([/,V) = (2
2^\+K') ( 2

2
auvtKl) > ^3.24) 

where fiu and /J,V are the sample means off/ and V, respectively, a\ and o\ are the 

sample variances of U and V, respectively, and auv is the sample cross covariance 
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(a) (b) 

Figure 3.4: (a,b) A" J=3" simulated pair, and (c,d) a " J=4" simulated pair. 

between U and V. The constants Kx and K2 are used to stabilize the SSIM in

dex for the case where the means and variances become very small. Note that a 

SSIM index of 1 means a perfect match between images, while 0 means complete 

mismatch. 

(ii) peak signal-to-noise ratio (PSNR) [105] 

Ww-ioW^gagJ* (3.25) 
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where MSE(C/, V) refers to the mean square error between U and V, and max(t/) 

is the maximum possible pixel value of the image U. This maximum value is set 

to 255, when the pixels are represented using 8 bits per sample, 

(iii) normalized cross-correlation [106] 

Ncau, v) = YY (u">™ ~ vu)(Vn,m - vv) (3 26) 
i i (NM-l)auav 

n=l m=\ ' 

where Un,m is a pixel value of image U located at position (n, m). Note that a NCC 

value of 1 means a perfect match between images, while 0 means complete mis

match. 

Furthermore, for only the simulated data sets, the average of absolute error 

(AAE) between the estimated affine parameters, a1:..., d6, and the correspond

ing ground truth values, a1 ; . . . , a6, are computed for each data set. These AAEs 

are determined to show the mis-estimation in geometric registration using the 

competing models as 

i D 

AAE(ot) = - X ; K - a ? | . *E{1,...,6}, (3.27) 

where D is the number of pairs per data set (=50) and af denotes the parameter, 

at, for pair #d. Note that the lower the value of AAEs, the better the performance 

of the approach. 

3.7 Analysis on Stopping Conditions 

The biggest disadvantage of the correlation-based image registration methods 

is that they have a limited range of convergence [9]. This section analyzes how 
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some critical parameters should be chosen to try to obtain the convergence with 

a reasonable computational time. One can notice that the proposed approach is 

heuristic. For instance, the proposed approach is stopped when the cost function 

update becomes less than a stopping threshold (e =0.1), or a maximum number of 

iterations {g =10) is reached. Note that the proposed approach have been tested 

on many predefined thresholds down to 0.01 and several number of iterations up 

to 80 resulting in a negligible increase of 0.05%, 0.13% and 0.16% in NCC, SSIM 

index and PSNR, respectively, with a salient increase in the computational time 

by a factor of 10. 

The initialization of the unknown vector, <fr, plays a central role in con

vergence and minimizing the computational time. With simulated data sets, 

the ranges of the unknown geometric and illumination parameters are already 

known. For each simulated pair using both " J=3" and " J=4" data sets, an exper

iment of 100 trials is performed with a random initialization using those a pri

ori known ranges. This experiment yields an average success rate (ASR) in term 

of convergence using random initializations of 93% compared to 100% using 

an identity initialization, which assumes that the two input images are aligned 

and no illumination variations exist. As well, for the real data set, the ASR us

ing random initializations is 8% compared to 100% using the same identity ini

tialization. This is because the ranges of the unknown parameters are unavail

able in case of real data set. Therefore, in all our experiments, we use the iden

tity initialization as follows: *° is initialized either by [1,0,0,1,0,0,1,1,1,0,0,0] 

when using the ASLTV6i6-based approaches, by [1,0,0,1,0,0,1,1,1,1,0,0,0,0] with 

the ASLIV6>8-based approaches, or by [1,0,0,1,0,0,1,1,1,1,1,0,0,0,0,0] with the 

ASLIV6i io-based approaches. 
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Algorithm 3.1 The proposed image registration approach LS-ASLIV 

l: Given: two input images, Ix and I2, as described in Section 3.3. 
2: Required: vector, *, that includes the finally estimated geometric and illu

mination parameters. 
Initialize: 

<J> . . . the unknown vector by 3>°, 
r... the no. of resolution levels, 
g... the max no. iterations per resolution level, 
e . . . a predefined threshold of the cost function update, 
J... the no. of illumination regions, and 
i... iteration counter by 1. 

for p = 1 to r do 
repeat 

Apply * ( i ) to h. 

Determine the AID*'5:121 = \h - I?w\. 
Apply the fc-means algorithm to the AID(i) to obtain the binary masks, 
Qf, of the illumination regions setting k to J. 

15: Determine the residuals, E(^^), using (3.14). 
16: Determine the corresponding value of the cost function, £(<&(j)), using 

(3.18). 
17: Determine the cost function update 5^ = £(<&(*)) - £(<&(;_i)). 
18: Determine the unknown vector's update, A(i), using (3.20). 
19: Update * w by A(i) using (3.17). 
20: i<-i + l. 
21: until (<5(i) < e) or {i > g) 
22: end for 

3.8 Summary on the LS-ASLIV Approach 

Thus far, we have proposed an image registration model that can cope with 

arbitrarily-shaped regions with distinct illumination variations. The proposed 

registration model is cast in an iterative coarse-to-fine framework using the LSE 

as shown in Algorithm 3.1. 
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3.9 Experiments and Results 

In this section, we develop the experiments to show the effectiveness of the LS-

ASLIV approach as opposed to competing ones. Section 3.9.1 and Section 3.9.2 

present experiments performed on simulated and real data sets, respectively, in 

terms of improving the geometric registration precision. We'd like to stress that 

we compare the LS-ASLIV approach to the global illumination approach (referred 

to as LS-GIM) [10, 11] and the affine illumination approach (referred to as LS-

AIM) [13]. Note that the LS-GIM approach employs a global illumination model 

(GIM) with an LSE in an iterative coarse-to-fine framework. Also, we emphasize 

that the implementation of the LS-GIM approach, provided by Aguiar, can be 

found online at [107]. It is worth noting that the proposed approach LS-ASLrv62 

corresponds to the LS-GIM approach, however, we use the code in [107]. 

Our implementation runs on a 2 GHz Pentium IV Core 2 Duo, with 2 GB of 

RAM. The LS-ASLIV approach iteratively exploits a coarse-to-fine framework 

with 5 resolution levels {i.e., r =5). Consequently, the unknown vector 4> is ad

equately estimated at the coarsest level for both real and simulated data sets. For 

the natural canyon pair, in Fig. 2.1 (a,b), the resolution level is set to 3 (i.e., r =3). 

The stopping threshold, e, is set to 0.1, while the maximum number of iterations, 

g, is set to 10. Finally, the unknown vector, <£, is initialized as mentioned in Sec

tion 3.7. 

3.9.1 Experiments on Simulated Data Sets 

The first set of experiments is performed on the "J=4" data set using LS-GIM, 

LS-AIM, LS-ASLIV6,6, LS-ASLIV6>8 and LS-ASLIV6,io approaches. In fact, the main 

reason of performing this set of experiments is to show the performance of the 
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registration process when applying the proposed ASLIV model: 

i) with one less degree of freedom than an image pair has [i.e., applying ASLrV6,6 

approach on a "J=4" image pair), 

ii) with the same degree of freedom that an image pair has {i.e., applying ASLIV68 

approach on a "J=4" image pair), and 

iii) with one higher degree of freedom than an image pair has {i.e., applying 

ASLrV610 approach on a " J=4" image pair). 

It is worth noting that the LS-ASLIV approach provides the ability to cope with 

non-matched data sets {e.g., the LS-ASLIV6i8 can cope either with an "J=3" image 

pair or with a "J=5" image pair). Given that the LS-ASLrV610 approach is ap

plied to a "J=4" image pair. This "J=4" image pair is originally created with J 

illumination regions. Each region has two separated areas with the same illumi

nation {i.e., gain and offset). The LS-ASLrV610 approach randomly chooses an il

lumination region, Rv, to be segmented into two illumination regions, Rv and R,w 

VI ^ v, ip, UJ ^ g {i.e., each separated area of the illumination region Rv, then, be

comes a distinct illumination region yielding R^ and i?w). Then, the same " J=4" 

image pair would behave as if it is a " J=5" image pair. 

Similarly, with the ASLIV6i6 being applied to a "J=4" image pair, the ASLIV6i6 

provides the ability to randomly choose two illumination regions, Rt and Re, to 

be merged into one illumination region, Rr VI ^ t, g, r ^ g. Thus, the same "J=4" 

image pair would behave as if it is a" J=3" image pair. 

Table 3.1 shows the average of absolute error of the estimated affine param

eters of the "J=4" data set, that includes 50 simulated image pairs, computed 

using the competing approaches compared to the ground truth values. Since the 

lower the value of AAEs, the better the performance of the approach, the ASLIV6i8 

provides more precise motion estimates as opposed to the other models. We can 
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analyze the results of Table 3.1 as follows. 

In Table 3.1-column(i), the global illumination approach (LS-GIM) does not 

consider that four illumination regions {i.e., "J=4") exist in the data set used, as 

it assumes that the whole image is one illumination region {i.e., "J=l"). In turn, 

this assumption negatively affects the GRP, leading to an imprecise estimation of 

the geometric (affine) parameters. 

In Table 3.1-column(ii), the affine illumination approach (LS-AIM) does not 

consider that four illumination regions {i.e., "J-4") exist in the data set used, as 

it assumes that each pixel has gain and offset such that their values are depen

dent on their positions. In turn, this assumption impacts the GRP, leading to an 

imprecise estimation of the geometric parameters. 

In Table 3.1-column(iii), we apply the ASLIV6 6 approach with one less degree 

of freedom {i.e., "J=3") than an image pair has {i.e., "J=4"). This also leads to 

a inaccurate estimation of the affine parameters. However, the corresponding 

average of absolute error in this case is much smaller than those for GIM, as all 

illumination levels are considered but one. 

In Table 3.1 -column(iv), we apply the ASLIV6i8 approach with the same degree 

of freedom that an image pair has {i.e., "J=4"). All illumination regions are taken 

into account. 

In Table 3.1-column(v), we apply the ASLIV610 approach with one higher de

gree of freedom {i.e., "J-5") than an image pair has {i.e., "J=4"). This would lead 

to a slight imprecise estimation of the affine parameters. It is noticeable that the 

linear equation system in (3.20) tends to converge as bv and bu are to be closely 

equal and so are cv and cw as the corresponding regions, Rv and Ru, have the 

same illumination (recall that Rv u i?w = Rv as mentioned above). We believe 

the slight mis-estimation of the affine parameters shown in Table 3.1-column(v) 
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Table 3.1: The AAEs (xlO~4) of the estimated affine parameters using the "J=4" 
simulated data set, that includes 50 simulated image pairs, with the (i) LS-
GIM, (ii) LS-AIM, (iii) LS-ASLIV6,6, (iv) LS-ASLIV6,8 and (v) LS-ASLrV6>10 ap
proaches with the " J=4" simulated data set. The lower the value of AAEs, 
the better the performance of the approach. 

Param. 
O l 

a2 

0 3 

CLi 

a5 

a6 

(i) 
16.5962 
13.2015 
15.5246 
21.0259 
9472.09 
2835.12 

(ii) 
13.7167 
10.6395 
13.2940 
17.3674 
7918.66 
2382.50 

(iii) 
1.9854 
1.8752 
1.9043 
2.8607 
832.49 
826.07 

(iv) 
1.8121 
1.6025 
1.7360 
2.4261 
816.50 
804.81 

(v) 
1.8133 
1.6057 
1.7364 
2.4295 
817.32 
804.97 

w.r.t. column(iv) is due to an issue of convergence settings. In this specific ex

periment, by decreasing the stopping threshold, e, down to 0.01, or increasing 

the maximum number of iterations, g, up to 80, the resulting values of AAEs in 

column(v) using the ASLIV6il0 are much closer to those in column(iv) using the 

ASLrV6,8 with an apparent increase in computational time by a factor of 10. 

Table 3.2 depicts the SSIM indexes and PSNR values, with computational 

time, using LS-GIM, LS-AIM, LS-ASLIV6j6, LS-ASLIV6i8 and LS-ASLrV6,10 ap

proaches for a random subset of the "J-4" data set. These measures represent 

the correlation of the overlapping areas between the two registered images. It can 

be noticed that the measures using LS-ASLIV6j8 are significantly higher than those 

using LS-GIM, higher than those measures using LS-ASLiV6i6 with noticeable de

crease in computational time, and slightly higher than those using LS-ASLrV6,io 

with obvious increase in computational time as shown in Table 3.3. 

For instance, Fig. 3.5(a,b,c,d) depict the normalized AIDs between the aligned 

images using the LS-GIM, LS-AIM, LS-ASLlV6)6, LS-ASLIV6,8 and LS-ASLrV6,10 ap

proaches, with PSNR=20.47, 27.69, 28.88 and 28.80 dB, respectively, for the " J=4" 
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Table 3.2: SSIM indexes, and PSNR for the "J=4" data set using (i) LS-GIM, (ii) 
LS-AIM, (iii) LS-ASLIV6,6, (iv) LS-ASLIV6,8 and (v) LS-ASHV6il0 approaches, 
for a random subset of the 50 simulated pairs, with some statistics of the 
whole 50 pairs reported for each column. Recall that the higher the SSIM 
index, the better the performance of the approach. 

Pair# 
1 

12 
23 
34 
45 

a 
Min 
Max 

SSIM [104] 
(i) (ii) (iii) (iv) (v) 

0.8554 0.8853 0.9522 0.9671 0.9654 
0.8292 0.8645 0.9468 0.9594 0.9593 
0.8407 0.8742 0.9504 0.9586 0.9579 
0.8603 0.9021 0.9528 0.9653 0.9630 
0.8606 0.9029 0.9524 0.9699 0.9664 
0.8492 0.8774 0.9597 0.9641 0.9624 
0.0138 0.0105 0.0049 0.0032 0.0037 
0.8292 0.8361 0.9530 0.9586 0.9579 
0.8606 0.9183 0.9628 0.9699 0.9664 

PSNR (dB) 
(i) (ii) (iii) (iv) (v) 

22.73 24.21 29.52 30.35 30.29 
21.37 23.15 28.24 29.19 29.11 
23.75 25.54 30.41 31.26 31.19 
23.63 25.37 29.82 30.72 30.67 
20.47 22.09 27.96 28.88 28.80 
22.39 24.43 29.75 30.10 30.02 
1.43 1.16 0.98 1.02 1.01 

20.47 22.01 27.86 28.42 28.35 
23.75 25.94 30.95 31.21 31.16 

simulated pair shown in Fig. 3.4(c,d). The darker the AID, the lower the AID, the 

more accurate the geometric registration and illumination correction. As can 

be seen, the LS-ASLrV6,8 outperforms the LS-GIM, LS-AIM, LS-ASLIV6,6 and LS-

ASLrV6,io approaches. 

3.9.2 Experiments on the Real Data Set 

Our next set of experiments is performed on the natural canyon pair in 

Fig.2.1(a,b) and the nine real LANDSAT pairs [102], e.g.,seeFig.2.1(c,d). Since no 

ground truth verification is offered with real data sets, we should use another im

age quality measure rather than SSIM and PSNR. Many image quality measures 

can be employed, such that the correlation between the overlapping areas of the 

aligned images is obtained. Therefore, we use the NCC [106] in (3.26) to eval

uate the performance of competing approaches in this set of experiments. We 

develop these experiments using LS-GIM, LS-AIM, LS-ASLtV6i6 and LS-ASLlV6i8 
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Table 3.3: Computational time for a random subset of the "J=4" data set using (i) 
LS-GIM, (ii) LS-AIM, (iii) LS-ASLIV6)6, (iv) LS-ASLIV6i8 and (v) LS-ASLrV6>10 

approaches, with some statistics of the 50 pairs reported for each column. 

Pair 
# 

1 
12 
23 
34 
45 

a 
Min 
Max 

Time (sec.) 
(i) (ii) (iii) (iv) (v) 

33.6 37.6 42.0 52.9 63.9 
32.9 36.2 41.3 50.7 61.9 
30.9 33.8 42.4 52.0 65.4 
31.6 35.3 41.2 51.9 64.1 
30.8 33.6 43.2 55.6 66.1 
31.9 35.2 41.8 52.6 63.6 
1.22 1.06 0.85 1.86 1.75 
29.1 33.2 40.7 49.5 60.0 
33.6 37.9 43.9 53.9 67.6 

approaches with the fc-means algorithm for segmentation, setting k to 3 and 4, 

respectively, with LS-ASLIV approaches {i.e., J=3, 4). Table 3.4 shows that LS-

ASLIV6>8 surpasses the LS-ASLIV6i6, LS-GIM and LS-AIM in terms of NCC. Recall 

that the higher the NCC value, the better the performance of the approach. Note 

that the experimental analysis mentioned in Section 3.9.1 can also hold for the 

results reported in Table 3.4. 

For instance, Fig. 3.6(a,b,c,d) show image mosaics of the natural canyon 

pair in Fig. 2.1(a,b) using the LS-GIM, LS-AIM, LS-ASLIV6,6 and LS-ASLIV6>8 ap

proaches. These mosaics are simply created using an overlaid average of the two 

resulting aligned images as presented in [18]. It can be shown that LS-ASLIV6,8 

approach yields NCC=0.9384, thereby outperforming both the LS-GIM with 

NCC=0.8819, LS-AIM with NCC=0.8998 and the LS-ASLIV6,6 with NCC=0.9226. 

Another real example is shown in Fig. 3.7(a,b,c,d) using the competing ap

proaches, respectively for the real image pair shown in Fig. 2.1(c,d). One can 
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Table 3.4: NCC for the real data set using the (i) LS-GIM, (ii) LS-AIM, (iii) LS-
ASLIV6,6, (iv) LS-ASLIV6>8 and (v) LS-ASLIV6ilo approaches. NCC values ex
press the correlation of the overlapping area between the two registered 
images. Note that pair #A refers to Fig. 2.1(a,b), and pair #B denotes 
Fig. 2.1 (c,d). Note that the higher the NCC value, the better the performance 
of the approach. 

Pair 

A 
B 
C 
D 
E 
F 
G 
H 
I 
J 

(i) 
0.8819 

0.9642 

0.9799 

0.9450 

0.9601 

0.9719 

0.9551 

0.8971 

0.9081 

0.9542 

(ii) 

0.8998 

0.9691 

0.9813 

0.9520 

0.9665 

0.9786 

0.9594 

0.9087 

0.9105 

0.9604 

(iii) 
0.9226 

0.9789 

0.9853 

0.9644 

0.9743 

0.9922 

0.9657 

0.9229 

0.9241 

0.9770 

(iv) 

0.9232 

0.9800 

0.9866 

0.9654 

0.9752 

0.9931 

0.9663 

0.9240 

0.9281 

0.9828 

(v) 
0.9244 

0.9815 

0.9879 

0.9667 

0.9763 

0.9938 

0.9671 

0.9252 

0.9293 

0.9840 

notice that the LS-ASLIV6i8 approach with NCC=0.9800 outperforms LS-GIM, LS-

AIM and LS-ASLIV6i6 approaches with NCC=0.9642, 0.9691 and 0.9789, respec

tively. Fig. 3.7 is gamma-corrected for better visualization (7 =1.7). 

It is worth noting that Pair F in Table 3.4 corresponds to Test / presented in 

[45] with NCC=0.9133. One can see that the currently proposed approach with its 

two model versions, LS-ASLIV6i6 and LS-ASLIVg.s, yields NCC=0.9743 and 0.9815, 

respectively, thereby outperforming the approach of Xu and Kasparis [45]. 

3.10 Analysis & Discussion 

Since the main target of the research is to "improve the sub-pixel geometric reg

istration precision" by minimizing the factors affecting this process, such as il

lumination variations, we need to analyze the LS-ASLIV approach presented in 
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this chapter. Unlike the LS-GIM and LS-AIM approaches, the ASLIV registration 

model assigns gain and offset parameters to each distinct illumination region. 

Then, the ASLIV model is employed with the LSE introducing the registration ap

proach, LS-ASLJV. Although the experiments in this chapter show that the LS-

ASLIV approach outperforms both the LS-GIM and LS-AIM approaches, quali

tatively and quantitatively, we believe there are still some issues that negatively 

impact the registration. 

To demonstrate some of those issues, let us consider the "J=4" simulated 

pair manifested in Fig. 3.4(c,d). The resulting AID between the overlapping ar

eas of the aligned images yields PSNR=28.88dB using the LS-ASLrV68 approach 

as shown in Fig. 3.5(d). The AID reflects how well the two overlapping areas of the 

aligned images are correlated, thereby giving an impression of the geometric reg

istration precision and to what extent the illumination variations are corrected. 

Black regions refer to no difference in intensity, while non-zero differences show 

some level of mismatch between the aligned images due to either a sub-pixel ge

ometric misalignment or a lack of perfect illumination correction. Let us, then, 

focus on the bottom-left quadrant depicted in Fig. 3.5(d). In this quadrant, we 

can make a number of observations. First, we see that remnants of the bottom 

shadow from Fig. 3.4(d) still exists. Throughout the shadowed region, the AID is 

larger, on average, than outside of the shadowed region. To exhibit the reason of 

this mismatch, we compare the estimated illumination parameters of this certain 

observed region, gain = 0.476 and offset = 14.846, to the ground truth values 0.5 

and 8.73, respectively. Also, one can notice that there is still mis-estimation in 

the geometric parameters as shown in Table 3.1. We also note that a bright "halo" 

exists around the shadowed region's boundary, showing a larger difference in the 

images. Generally, one can see small and large residuals in that AID. We observe 
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the same issue in the other AIDs of the resulting aligned pairs. 

We can analyze the previous issue as follows. The illumination variations in all 

J regions do affect the behavior of the quadratic cost function in (3.9). The cost 

function squares the residuals of the images to be aligned, at each iteration until 

convergence occurs. So, if we suppose that the initial error of a certain region 

is large, then the resulting sum of squared errors of this region will be larger. As 

well, the LSE in (3.9) is expected to be sensitive to outliers. Thus, the resulting 

estimate of * is expected to be imprecise compared to what it should be [i.e., the 

geometric and illumination parameters are negatively affected). We can argue 

that the main reason for such an issue is that the current estimator squares the 

whole residuals. To overcome this problem, we propose replacing the current 

estimator with a robust one. The next chapter addresses that problem in detail 

to improve the quality of the estimates. 
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(a) LS-GIM;PSNR=20.47dB (b) LS-AIM;PSNR=22.09dB 

(c) LS-ASLIV6 6; PSNR=27.69 dB (d) LS-ASLrV6,8;PSNR=28.88dB 

(e) LS-ASIJV6,i0;PSNR=28.80dB 

Figure 3.5: Normalized AIDs of the aligned images for the " J=4" simulated pair 
manifested in Fig. 3.4(c,d), pair #45, using competing approaches. 
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(a) LS-GIM; NCC=0.8819 

(b) LS-AIM; NCC=0.8998 

(c) LS-ASLIV6,6; NCO0.9226 

(d) LS-ASL1V6 8; NCC=0,9384 

Figure 3.6: Image mosaics of the natural pair shown in Fig. 2.1(a,b). Recall that 
the higher the NCC value, the better the performance of the approach. 



3.10. ANALYSIS & DISCUSSION 64 

(a) LS-GIM; NCO0.9642 (b) LS-AIM; NCC=0.9691 

(c) LS-ASLIV6 6; NCC=0.9789 (d) LS-ASLIV6 8; NC&0.9800 

Figure 3.7: Gamma-corrected AIDs of the real pair #B depicted in Fig. 2.1(c,d), 
7=1.7. The darker the AID, the better the approach performance. 



Chapter 4 

Image Registration Using The M-estimator 

4.1 Introduction 

In the previous chapter, we presented the LS-ASLTV approach that exploits the 

proposed registration model, ASLIV, with the LSE that is sensitive to outliers. 

Thus, some areas of the AID of the aligned image pair have larger residuals that 

could be reduced. The challenge then lies in replacing the traditional LSE by one 

of the robust estimators that is not as susceptible as LSE to outliers, such as M-

estimation presented by Huber [16]. 

In this chapter, we present an approach to overcome the drawbacks of the 

previous approach, LS-ASLIV In Section 4.2, we propose a general framework of 

M-estimation jointly with the ASLIV registration model. In Section 4.3, we pro

vide an iterative M-estimator scheme using the Huber function. In Section 4.5, 

the experiments are developed on real and simulated data sets using competing 

approaches. Finally, the M-estimator approach is analyzed in Section 4.6. 

65 
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4.2 A General Framework of M-estimation With the 

ASLIV Registration Model 

In this section, we introduce a registration approach using a robust M-estimator 

[16] jointly with the ASLIV registration model that is presented in Section 3.3. The 

approach is generic enough to employ any selected objective function. 

Recall that the LSE issue is that it squares both small and large residuals for 

each illumination region. Instead, we propose using a robust M-estimator whose 

general form [16] can be cast as 

nunJ£ = J > ( e 0 l , (4.1) 

where S7 denotes the unknown vector to be estimated, e, refers to the ith residual 

of n observations, and p is a reasonable objective function that should have cer

tain properties. Following (4.1), the minimization problem in (3.9) can be then 

rewritten as 
m in(£ = E ^ * ) ) } < (4-2) 

where the residuals E(&) can still be approximated by (3.14). It is useful to note 

that M-estimation becomes LSE if p(-) in (4.1) is chosen to be a quadratic func

tion [i.e., the LSE is a special case of the M-estimator). There is still one issue to 

complete the mathematical derivation to estimate <&, that is, choosing the objec

tive function, p. 

Much research exists in how to choose the cost function, p, in the M-estimator 

in order to obtain more accurate estimates. For example, Li [108] has shown that 

p should satisfy some aspects, such as 
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• Positivity: p{t) > 0 V t, with p(0) = 0, 

• Similarity: p(t) = p{—t), 

• Convex Shape: p(\t + 1|) ^ p(\t\) 'it, and 

• Differentiability: p is continuously differentiable. 

Let tp = pi be the derivative of p. Differentiating the objective function w.r.t. 

the coefficients, 3>, and setting the partial derivatives to 0, produces a system of 

equations to estimate <J>. It can be noticed that solving the estimation equations 

depends on the residuals. Also, the residuals rely upon the estimated coefficients. 

An iterative scheme is, therefore, required. The next section presents an iterative 

framework using M-estimation with a chosen cost function. 

4.3 An Iterative Scheme Using the M-estimation 

With the ASLIV Model 

In this section, we present a registration approach using M-estimation in an iter

ative coarse-to-fine scheme. 

Before going through the registration approach, we should first choose an ob

jective function, p(t). The characteristics aforementioned could be satisfied by 

many potential functions [16,17,109-114] as reported in Table 4.1 with the cor

responding first derivative functions, ip(t). Table 4.1 shows some candidate cost 

functions that are able to differently penalize the resulting small and large resid

uals. For instance, the behavior of pHL(t) varies in accordance with whether the 

value of t is small or large w.r.t. the dynamic range of the input images [0,255]. 

Thus, such cost functions do not specify whether the value of t is smaller or larger 
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Table 4.1: Six examples of potential functions p() that satisfy certain properties 
of M-estimator, with their associated first derivative functions tp(-). 

Potential function 

PTK(t) 

PGM{t) 

PGR.{t) 

PHL{t) 

PHs{t) 

PHB&a) 

Pit) 

X2t2 

t2 

i + t 2 

2 log[cosh(£)] 

log(l + i2) 

2V1 + t2 - 2 

f t2, \t\ < a, 
[ 2a\t\ - a2, \t\ > a 

m/z 
\2t 

t 
( i+* 2 ) 2 

it, t = 0 
\ tanh( i ) , i ^ O 

t 

t 

< 
—a, t < —a, 
t, —a <t<a, 
a, t > a 

References 

[109] 

[110] 

[111] 

[112] 

[114] 

[16, 17] 

w.r.t. the residual's range. Therefore, we propose using a cost function whose be

havior changes due to a tuning parameter. For instance, the Tikhonov function 

PTic(t)> listed in Table 4.1, is controlled by a tuning parameter, A. However, the 

Tikhonov function and such similar functions, which have the same expression 

along with both small and large residuals, do not allow for different penalties to 

the residuals. Therefore, we will use the Huber function pHB(t; a) as the cost func

tion p() in (4.2), where a is an adaptive positive threshold by which the function 

differently behaves. 

It is worth noting that for small residuals {i.e., \t\ < a), the Huber function p() 

reduces to the usual quadratic function, while the Huber function becomes an 

h penalty function for large residuals {i.e., \t\ > a). As well, the Huber influence 

function is bounded as the residuals increase, thereby ultimately improving the 
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Figure 4.1: pHB is the Huber function, and IPHB is its influence function [115]. 

estimates [16,17]. Hence, we can reformulate (4.2) using the Huber function as 

min \C = ^ P H B ( E ( & ) ; a ) (4.3) 

Many methods have been developed to solve the minimization problem in 

(4.3). Some Newton type methods have been proposed in [116] leadingto apossi-

ble nonconvergence because the objective function in (4.3) is not twice differen-

tiable. Other reasonable complex Newton type methods are considered in [117-

119]. In [120], a minmax formulation yielding a mixed complementarity problem 

was suggested, which afterwards reduced to a quadratic formulation as in [121]. 
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However, Mangasarian and Musicant [121] showed that the Huber M-estimator, 

V a > a for some a, could be cast as a minimum of a convex quadratic function. 

Mangasarian and Musicant also exhibited that their proposed method is consid

erably faster than others. Following [121], (4.3) can be rewritten as 

min j £ = 0 . 5 ^ [ F - £ 2 ( * ) + 2 a S - £ ( * ) - a 2 ] I , (4.4) 

where (•) refers to element-by-element matrix product. The approach in [121] 

is based on separating the small residuals from the large ones to quadratic and 

linear penalties, respectively. The separation step can be performed using two 

matrices: (i) the large-residual selective matrix which is expressed as 

S = 

s n . . . SIM 

SNI • • • SNM 

(4.5) 

where 

- 1 , £ ( $ ; x ) < - a 

sXy = < 0. \E(&;x)\ < a , 

1, .E(<£;x) > a 

and (ii) the small-residual selective matrix that can be represented as 

(4.6) 

F = 1 — S • S, fxy — I •-xyi 
(4.7) 

where fxy is an element of F at position (x, y), and {1, S, F} e RNxM. Note that 

E(&; x) is an element located at position (x, y) in matrix £•(*). 

Following Section 3.4, the unknown vector * can be estimated using the 
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Gauss-Newton algorithm [101] to solve the non-linear minimization problem in 

(4.4). Recall that 4> is iteratively updated by (3.17) at each iteration g. Also, recall 

that the residuals, E(&), can be still represented by (3.14) assuming the affine 

motion model in (3.15). Replacing E(-) in (4.4) by its Is ' order Taylor series ex

pansion, then C in (4.4) can be rewritten as 

C = °'5 E [F • (£(**"!) + AjV*^-!))2 

x 

+ 2 a S • (£(*g-i) + AjV*£($g_i)) - a2] . (4.8) 

Setting the gradient of £ in (4.8) w.r.t. A to zero, we obtain 

- J2 [(£(**-i) V*£(^0) • F + a S • V*^*^)] = 
X 

AJ J2 [(V*£(*g-i) V*£?T(*^!)) • F] . (4.9) 
X 

We can write (4.9) in a matrix notation as 

- Y P T = ( Y H T ) A , (4.10) 

where 

H = [Hhl,HU2,...,HNM], (4.11) 

Y = \YltuYlfi,...,YNM], (4.12) 

P = [PI,UPI,2,...,PN,M]> ^4-13) 

Hnm = [nIx,mIx,nIy,mIy, Ix, Iy, -h Qi,..., -I\ QJ, ~Qi, • • •> ~QJ] > (4.14) 
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Ynm = fnm [n 4,771 IX,H Iy,m Iy, Ix, Iy, ~h Qi, . . . , -IlQj, -Ql, . • . , ~Qj}T, (4.15) 

and 

Pnm = a snm + fnm h{n, m). (4.16) 

It can be shown that equations (4.10) through (4.16) can be used to perform one 

iteration for finding a solution of A. The unknown vector, <&, is iteratively accu

mulated due to (3.17) yielding a single final estimate. 

In this section, a registration approach using the Huber M-estimator is pre

sented in order to eventually improve the GRA jointly with illumination correc

tion. It can be shown that this approach is independent of the cost function 

as long as the latter satisfies certain conditions. We will refer to this Huber M-

estimator approach explained in this chapter, by HM-ASLrV62j, where the super

script accounts for the 6+2 J parameters in * . Note that the HM-ASLIV approach 

still exploits the iterative coarse-to-fine framework and stopping criteria as men

tioned in Section 3.4 and Section 3.7, respectively. 

4.4 Summary on the HM-ASLIV Approach 

Thus far, we presented the registration approach, HM-ASLIV, using a robust M-

estimator with the Huber function. Algorithm 4.1 summarizes the proposed ap

proach HM-ASLIV that is cast in an iterative coarse-to-fine framework. 
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Algorithm 4.1 The proposed image registration approach HM-ASLIV 
l: Given: two input images, Ix and I2, as described in Section 3.3. 
2: Required: vector, *, that includes the finally estimated geometric and illu

mination parameters. 
Initialize: 

3?... the unknown vector by <J>°, 
r... the no. of resolution levels, 
g... the max no. iterations per resolution level, 
e... a predefined threshold of the cost function update, 
J... the no. of illumination regions, and 
i... iteration counter by 1. 

for p = 1 to r do 
repeat 

Apply # ( i ) to A. 

Determine the AID«: hi = \h ~ I*™\. 
Apply the fc-means algorithm to the AID(i) to obtain the binary masks, 
Q§\ of the illumination regions, R°, setting k to J. 
Determine the residuals, £(3>(i)), using (3.14). 
Determine the standard deviation, a^\ of the current residuals. 
Set the cost function's {i.e., the Huber function) threshold, a w , to 
1.345aW [17,101]. 
Determine the large-residual selective matrix, 5(i), using (4.5) and (4.6). 
Determine the small-residual selective matrix, F w , using (4.7). 
Determine the corresponding value of the cost function, £(<!>(,)), using 
(4.8). 
Determine the cost function update <5» = £(*(*>) - £(3>(j_i)). 
Determine the unknown vector's update, A(i), using (4.10). 
Update <&(i) by A(i) using (3.17). 
i <— i + 1. 

until (<5(j) < e) or {i > g) 
end for 
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4.5 Experiments & Results 

Before we demonstrate the experiments, first, we would like to emphasize that 

we use the same real and simulated data sets as described in Section 3.5. Also, 

the implementation parameters are set as mentioned in Section 3.7, {i.e., the 

stopping threshold e = 0.1, the maximum number of iterations g = 10). As 

well, $° is initialized either by [1,0,0,1,0,0,1,1,1,0,0,0] using the ASLIV6i6-

based approaches or by [1,0,0,1,0,0,1,1,1,1,0,0,0,0] with the ASLIV6i8-based 

approaches. 

In the HM-ASLIV approach, there are many ways to choose the threshold, a, 

of Huber function. One suggestion [122] is to set a as [1.5er, 2a], where a is the 

standard deviation of the residuals at each iteration. Another suggestion [123] 

is to let a = MAR/0.6745, where MAR is the median absolute residual. We set a 

to 1.345cr following [17, 101] to eliminate 5% of the outiiers assuming that the 

residuals are normally distributed. 

In this section, the experiments are performed with the HM-ASLIV approach 

compared to the LS-GIM [10, 11], LS-AIM [13] and the LS-ASLIV [18, 19] ap

proaches using the same performance evaluation measures stated in Section 3.6. 

Recall that the LS-GIM implementation can be found online at [107] provided by 

Aguiar [11]. 

4.5.1 Experiments on Simulated Data Sets 

The first experiment with HM-ASLIV is performed on both "J=3" and "J=4" data 

set using the LS-GIM, LS-AIM, LS-ASLIV, HM-ASLIV approaches considering the 

ASLIV version {i.e., ASLIV6i6-based approaches uses J-3, while ASLIV6)8-based 

approaches employs J=4). 
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Table 4.2: The AAEs (xlCT4) of the estimated affine parameters of the "J=3" data 
set. The less the value of AAEs, the better the performance of the approach. 

a\ 
a2 

« 3 

a^ 
a5 
a6 

LS-GIM 
15.3658 
12.0017 
14.6081 
19.1128 
9190.76 
2688.72 

LS-AIM 
12.1419 
10.5204 
11.9571 
15.8924 
7649.53 
2236.18 

LS-ASLIV6>6 

1.7205 
1.5079 
1.6189 
2.0502 
789.16 
795.70 

HM-ASLIV6i6 

1.2025 
1.0344 
1.1661 
1.8699 
722.35 
716.11 

Table 4.3: The AAEs (x 10-4) of the estimated affine parameters of the "J-4" data 
set. The less the value of AAEs, the better the performance of the approach. 

Oi 

a2 

a-3 
CX4 

a5 
a6 

LS-GIM 
16.5962 
13.2015 
15.5246 
21.0259 
9472.09 
2835.12 

LS-AIM 
13.7167 
10.6395 
13.2940 
17.3674 
7918.66 
2382.50 

LS-ASUV6,8 
1.8121 
1.6025 
1.7360 
2.4261 
816.50 
804.81 

HM-ASLIV6i8 
1.4358 
1.1916 
1.2049 
1.9280 
760.57 
755.11 

Table 4.2 and Table 4.3 show the AAEs of the estimated affine parameters of 

the "J=3" and " J=4" data sets, respectively, computed by the LS-GIM, LS-AIM, 

LS-ASLIV and HM-ASLIV approaches. The HM-ASLIV approach provides more 

precise motion estimates, in the presence of local illumination variations, by 

an average increase of 88.5%, 82.3% and 18.9% more than the LS-GIM, LS-AIM 

and LS-ASLIV approaches, respectively. The scalar threshold could segment the 

residuals into small and large areas that are differently penalized using the Huber 

function. Thus, the final estimates are refined leading to an improved GRA using 

the robust M-estimator. 

Table 4.4 shows the effectiveness of the HM-ASLIV approach in terms of 

SSIM indexes and PSNR values, using the LS-GIM, LS-AIM, LS-ASLIV6,6 and HM-

ASLIV6i6 approaches with the "J=3" data set. It can be noticed that the HM-ASLIV 
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approach outperforms the LS-GIM, LS-AIM and LS-ASLIV approaches by an av

erage increase of 14.8%, 11.6% and 3.5% in SSIM and by an average increase of 

27.1%, 24.8% and 5.8% in PSNR, with a slight average increase of 33.1% 29.2% and 

11.6% in computational time, respectively, as shown in Table 4.5. 

Similarly, Table 4.6 shows the SSIM indexes and PSNR values using the LS-

GIM, LS-ASLiV6 8 and HM-ASLIV6)8 approaches with "J=4" data set. One can 

notice that the HM-ASLIV approach outperforms the LS-GIM, LS-AIM and LS-

ASLIV approaches by an average increase of 12.5%, 10.1% and 3.1% in SSIM and 

by an average increase of 26.3%, 23.9% and 5.2% in PSNR, with a slight average 

increase of 33.8%, 30.1% and 12.2% in computational time, respectively, as shown 

in Table 4.7. 

In Fig. 4.2(a,b,c), we show the normalized AIDs of the aligned pairs of the 

"J=3" simulated pair shown in Fig. 3.4(a,b) using the LS-GIM, LS-ASLrV66 and 

HM-ASLIV6i6 approaches, respectively. Depicted is that the HM-ASLIV approach, 

in Fig. 4.2(c) with PSNR=27.76 dB, surpasses those in Fig. 4.2(a) and (b) using the 

LS-GIM and LS-ASLIV approaches with PSNR=21.91 and 27.01 dB, respectively. 

As well, one can notice that the two bottom illumination regions are brighter in 

Fig. 4.2(b) using LS-ASLIV approach as opposed to Fig. 4.2(c) using HM-ASLIV 

approach. As well, one can see that halos in Fig. 4.2(b) using the LS-ASLIV6i6 has 

nearly disappeared in Fig. 4.2(c) using the HM-ASLIV6i6. 
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Table 4.4: SSIM indexes and PSNR values for a random subset of the " J=3" data 
set using the (i) LS-GIM, (ii) LS-AIM, (iii) LS-ASLIV6i6 and (iv) HM-ASLIV6,6 

approaches. 

Pair 
# 

10 
17 
28 
34 
38 
42 
48 

SSIM [104] 
(i) (ii) (iii) (iv) 

0.8397 0.8530 0.9602 0.9622 
0.8194 0.8379 0.9577 0.9589 
0.8268 0.8645 0.9534 0.9598 
0.8066 0.8358 0.9507 0.9531 
0.8552 0.8853 0.9650 0.9665 
0.8201 0.8413 0.9612 0.9681 
0.8419 0.8742 0.9634 0.9653 

PSNR (dB) 
(i) (ii) (iii) (iv) 

22.53 24.79 29.02 29.78 
20.01 22.14 28.33 29.01 
21.76 24.12 29.42 30.17 
21.91 23.35 27.01 27.76 
23.47 24.93 28.63 29.25 
22.95 24.89 29.25 29.87 
21.94 22.05 29.69 30.10 

Table 4.5: Computational time (sec.) for a random subset of the "J=3" data set 
with the (i) LS-GIM, (ii) LS-AIM, (iii) LS-ASLIV6,6 and (iv) HM-ASLIV6,6 ap
proaches. 

# 

10 
17 
28 
34 
38 
42 
48 

LS-GIM 
43.0 
42.8 
44.7 
43.3 
42.7 
43.4 
41.2 

LS-AIM 
44.6 
43.8 
46.0 
44.9 
44.1 
45.2 
43.4 

LS-ASLIV6i6 

57.7 
55.4 
58.8 
57.2 
56.4 
56.5 
55.3 

HM-ASLIV6,6 

62.2 
59.8 
61.4 
62.5 
63.2 
60.0 
59.4 

Table 4.6: SSIM indexes and PSNR values for a random subset of the "J=4" data 
set using the (i) LS-GIM, (ii) LS-AIM, (iii) LS-ASLIV6i8 and (iv) HM-ASLIV6i8 

approaches. 

Pair 
# 

10 
17 
28 
34 
38 
42 
48 

SSIM [104] 
(i) (ii) (iii) (iv) 

0.7969 0.8295 0.9341 0.9417 
0.7844 0.8174 0.9254 0.9363 
0.8021 0.8348 0.9164 0.9227 
0.7721 0.8039 0.9142 0.9253 
0.8441 0.8762 0.9284 0.9494 
0.7778 0.8103 0.9334 0.9405 
0.7999 0.8329 0.9245 0.9306 

PSNR (dB) 
(i) (ii) (iii) (iv) 

22.12 23.97 28.57 29.15 
19.71 21.75 27.66 28.35 
21.37 23.42 28.95 29.76 
21.51 23.36 26.66 27.46 
22.99 24.83 27.93 28.77 
22.60 24.75 28.62 29.39 
21.67 23.81 29.18 29.82 
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(a) LS-GIM, PSNR=21.91 dB (b) LS-AIM, PSNR=23.35 dB 

(c) LS-ASLIV6 6, PSNR=27.01 dB (d) HM-ASLIV6,6( PSNR=27.76 dB 

Figure 4.2: Using competing approaches, (a,b,c) normalized AIDs of the "J=3" 
simulated pair #34 depicted in Fig. 3.4(a,b). The darker the AID, the better 
the approach performance. 
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Table 4.7: Computational time (sec.) for a random subset of the " J=4" data set 
with the (i) LS-GIM, (ii) LS-AIM, (iii) LS-ASLIV6i8 and (iv) HM-ASLIV6)8 ap
proaches. 

# 
10 
17 
28 
34 
38 
42 
48 

LS-GIM 
43.4 
44.0 
46.6 
45.4 
44.5 
43.9 
42.9 

LS-AIM 
45.8 
47.3 
49.3 
48.1 
47.8 
46.5 
45.4 

LS-ASLIV6,8 

59.0 
57.3 
60.2 
58.8 
58.0 
57.7 
56.8 

HM-ASLIV6,8 

63.7 
60.9 
62.8 
63.8 
65.1 
61.1 
60.7 

4.5.2 Experiments on the Real Data Set 

This section describes the experiments that were performed on the real data set 

as described in Section 3.5 using LS-GIM, LS-AIM, LS-ASLrV6,6 and HM-ASLIV6,6 

approaches with the fc-means algorithm, with k=J=3. 

Table 4.8 shows resulting NCC values that express the correlation between 

the overlapping areas of the two aligned images using competing approaches. 

It is clear that the HM-ASLIV approach surpasses the LS-GIM, LS-AIM and LS-

ASLIV approaches in terms of NCC. To further illustrate, Fig. 4.3(a,b,c,d) shows 

gamma-corrected AIDs of the registered pairs, of the real pair in Fig. 2.1 (c,d) using 

LS-GIM, LS-AIM, LS-ASLIV6,6 and HM-ASLIV6,6 approaches, with NCC = 0.9642, 

0.9691,0.9789 and 0.9802, respectively (7 = 1.7 for better visualization). Fig. 4.3(d) 

has many areas that are darker than the corresponding areas in Fig. 4.3(a), (b) 

and (c). Blown up views of the white boxes in Fig. 4.3(a,b,c,d) are shown in 

Fig. 4.4(a,b,c,d), respectively, depicting the same observation in Fig. 4.3. 
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(a) LS-GIM; NCC=0.9642 (b) LS-AIM;NCC=0.9691 

(c) LS-ASLIV66,NCC=0.9789 (d) HM-ASLIV6.6>NCC=0.9802 

Figure 4.3: The gamma-corrected AIDs for the real pair in Fig. 2.1 (c,d), pair #B, 
7 = 1.7, J=3. The darker the AID, the better the approach performance. 
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(c) LS-ASLIV6,6 (d) HM-ASLIV6,6 

Figure 4.4: Blow-up views of the white boxes in Fig. 4.3, 7 = 
AID, the better the approach performance. 

1.7. The darker the 
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Table 4.8: NCC values for real data set using the (i) LS-GIM, (ii) LS-AIM, (iii) LS-
ASLIV6,6 and (iv) HM-ASLIV6,6 approaches. Note that pair #A and #B refer to 
Fig. 2.1(a,b) and (c,d), respectively. 

Pair 

A 
B 
C 
D 
E 
F 
G 
H 
I 
J 

(i) 
0.8819 

0.9642 

0.9799 

0.9450 

0.9601 

0.9719 

0.9551 

0.8971 

0.9081 

0.9542 

(ii) 
0.8998 

0.9691 

0.9813 

0.9520 

0.9665 

0.9786 

0.9594 

0.9087 

0.9105 

0.9604 

(iii) 
0.9226 

0.9789 

0.9853 

0.9644 

0.9743 

0.9922 

0.9657 

0.9229 

0.9241 

0.9770 

(iv) 

0.9237 

0.9802 

0.9870 

0.9659 

0.9758 

0.9939 

0.9671 

0.9245 

0.9286 

0.9833 

4.6 Analysis & Discussion 

In this section, we analyze the HM-ASLIV approach that is shown in this chapter 

and presented in [20]. We replace the LSE with a more robust estimator, such 

as an M-estimator that exhibits more resistance to outliers. For this, the Huber 

function is exploited as the cost function. The robustness of the Huber function 

comes from its nature in that it linearly and quadratically penalizes large and 

small residuals, respectively. This robustness to outliers yields more precise es

timates than using the LSE. However, it can be shown, e.g., in the white box of 

Fig. 4.3(c) that some areas still have large residuals compared to the surrounding 

areas. One can observe this problem throughout all the AIDs of aligned simulated 

and real images. 

We can analyze the issue above as follows. The tuning threshold, a, in the cost 

function, p, is used for all of the residuals. In other words, let us focus on a certain 

illumination region. Some residuals of that specific region could be classified as 
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large w.r.t. all residuals using the underlying threshold. Whereas, the same resid

uals could be classified as small w.r.t. the residuals of that illumination region. 

Thus, larger residuals result because the chosen threshold may be reasonable for 

some illumination regions, but not for others. Note that this challenge still holds 

for any objective function with a single-threshold. Therefore, we believe each 

illumination region should have its own proper threshold, thereby adapting to 

the characteristics of the region. In addition, during the registration process, the 

boundary of each illumination region may contain some areas that do not belong 

to the right region. This segmentation error is due to iteratively using a clustering 

algorithm to create the illumination regions. These mis-segmented areas nega

tively impact the GRA. 

In the following chapter, we propose an approach that uses different M-

estimators. Each is supposed to have a distinct cost function with its own thresh

old. As well, a weighting function is provided to meet the negative effects of the 

segmentation errors. 



Chapter 5 

Image Registration Using Weighted 

Region-based M-estimators 

5.1 Introduction 

In Chapter 3, the LS-ASLIV approach is presented using LSE in conjunction with 

the ASLIV registration model that copes with images having variant illumination 

changes of arbitrary shapes [18, 19]. However, the influence function of LSE is 

proportional to the residuals, thus being very vulnerable to outliers. Then, in 

Chapter 4, we replace LSE with a more robust estimator, such as M-estimators 

[20]. Given a cost function having a threshold, the residuals have been segmented 

into two areas: small and large residuals. Then, each area is differently penalized 

using the nature of the cost function having a threshold. One problem in this 

approach is that the selected threshold is not necessarily appropriate for all illu

mination regions, thus yielding larger error in some areas. In addition, during the 

registration process, the boundary of each illumination region may contain some 

pixels that belong to its adjacent region. The challenges are how to create a lo

cally spatially adaptive threshold for each region and how to reduce the negative 

84 
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effects of such mis-segmented pixels to eventually improve the GRR 

In this chapter, we propose a registration approach using what we call 

weighted region-based M-estimators, such that each illumination region should 

have its own cost function in order to ultimately further improve the GRR Fig. 5.1 

exhibits the idea of the proposed approach. One can see that each illumination 

region, Rjt is segmented into large and small subregions, Aj and r,-, respectively. 

This segmentation is performed using a cost function with a distinct threshold, 

CXJ, that corresponds to Ry 

The proposed approach is general enough to employ any objective function 

that satisfies the conditions in Section 4.2. For experimental work, we exploited 

a modified version of the Huber function as an objective function. We extended 

the Huber function from one threshold to multi-threshold in order to cope with J 

illumination regions. As well, the proposed approach could employ any bounded 

weighting function. For example, the Tukey function is used so as to reduce the 

negative impacts of the mis-segmented areas located on the boundary of each 

illumination region. The proposed approach is cast in an iterative coarse-to-fine 

scheme, not only to allow for large motion deformations, but also to reduce the 

computational cost and obtain accurate estimates. 

The rest of this chapter is organized as follows. Section 5.2 proposes a reg

istration approach using different M-estimators with a weighting for uncer

tainty in the segmentation to lessen the impact of mis-segmented pixels. Sec

tion 5.3 focuses on mathematically manipulating the proposed approach us

ing M-estimators with a region-based cost function and a particular weighting 

function. Section 5.4 presents the implementation setup of the competing ap

proaches. Section 5.5 summarizes the proposed approach. Section 5.6 exhibits 
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Figure 5.1: Each region, Rjt of the AID of two images to be aligned at a certain 
iteration, is segmented by a, into small and large residual subregions, Aj 
and I\,, respectively. 

the experiments developed on real and simulated data sets using competing ap

proaches. Finally, analysis and discussion on the proposed approach are given in 

Section 5.7. 

5.2 Weighted Region-Based M-estimators For Image 

Registration 

In this section, we propose a new registration approach with different M-

estimators in Section 5.2.1 and reduced-weighting for mis-segmented boundary 

areas in Section 5.2.2. 
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5.2.1 A General Framework of M-estimators With Region-based 

ASLIV Model 

Since each region should have its own gain and offset as mentioned in (3.8), since 

LSE is vulnerable to outliers, and since a cost function with a scalar threshold 

may be unfair for all regions, generally speaking, we believe using a distinct M-

estimator for each illumination region would improve the GRP and obtain illu

mination correction. In other words, we propose a registration approach that 

uses the ASLIV model in a framework of J different M-estimators, such that a 

distinct objective function, pjt is assigned to each illumination region. Then, the 

minimization problem in (4.2) can be reformulated as 

[ j=i xeA, J 

and the residuals of each region can be expressed as 

Ej(&) = Qj • E(&), (5.2) 

where the residuals £(*) can still be approximated by (3.14) and {Ej} e RN'M. 

We can see from (5.1) that each region is now handled with its own M-estimator, 

Pi-

5.2.2 A Weighting Function For Segmentation Deviations 

This subsection addresses another issue, that is segmentation deviations, and 

proposes a solution. 

As stated in Section 3.3, a segmentation algorithm is used to segment the AID 
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of the images to be aligned, yielding a binary mask, Qjt for each illumination 

region, Rj. This mask is iteratively changed (refined) due to either applying the 

currently estimated <*>fc at iteration k, or upscaling the mask to another resolution 

level as shown in [18]. During this iterative process in a coarse-to-fine framework, 

some of the boundary pixels of an illumination region may be mis-segmented 

and may actually belong to an adjacent region. Hence, we propose decreasing 

the weights of those boundary pixels with the hopes of improving the GRP. 

To exhibit the idea, let us focus on Fig. 5.2. The left part of the figure shows 

two masked illumination regions, Ri and R2. The right part of the figure shows 

an enlarged view of the box showing boundary layers, Di and D2, respectively, 

for each region. Let's assume that each layer, Dj V j e {1,2}, consists of T rings 

Gj,t V 1 < t < T}. We assume the boundary layer thickness is T pixels, while a 

boundary ring thickness is one pixel. In the right part of Fig. 5.2, the dash-dot-

dot line shows the a priori known segmentation line, while the solid line depicts 

the computed segmentation line using a clustering algorithm. Should these two 

lines not match, then both regions, R\ and R2, definitely have mis-segmented 

pixels (e.g., see the grey-shaded areas in Fig. 5.2). To lessen the impact of such 

pixels, each ring, Gjtt, is assigned a weight according to its position w.r.t. the first 

ring, Gj,i, using a weighting function, such that 

( ip(t) E [0,1), t<T 
f«t)(t,T) = { . (5.3) 

[ 1, t^T 

where ip(t) is a monotonically non-decreasing function. Note that (5.3) is written 

from one illumination region perspective. Let us consider that a boundary layer, 
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Dj, of an illumination region, Rj, consists of T rings as 

DS = \jGjtt. (5.4) 

Then, a corresponding weighting matrix, Wjt using an uncertainty function, 

f(t,T), can be created as 

Wj = 

wn 

wN1 

WlM 

U>NM 

! WXy — \ 

f(t,T), (x,y)€Gj<t 

1, {x,y)eR3\Dj 

0, Otherwise 

Thus, only (5.2) will be changed to 

(5.5) 

Ej(*) = Wj-QrE(*), (5.6) 

where Wj e RN-M. The minimization problem in (5.1) and all other related equa

tions still hold without change using the motion model in (3.5). 

We can summarize the proposed registration approach as follows. First, we 

suggest use a distinct robust estimator, such as an M-estimator, for each illu

mination region to cope with its own residuals to ultimately improve the GRP. 

Meanwhile, the proposed approach imposes weights in the segmentation using 

a weighting function to those pixels located on the boundary of each illumina

tion region due to mis-segmentation. We'd like to emphasize that the proposed 

approach is general enough: 
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^ 2 

Mis-segmented areas 

.„. „ 'CompBtes4segi»eHtaitioBliafe" 'ZTZTT. Firstrikg 

I —....— A prion segmeBtattea fine m r ~ : Last riog 

Figure 5.2: (Left) A masked image segmented into two illumination regions, 
Rj, V j e {1,2}. (Right) Blow up view of the box showing: the actual seg
mentation line, computed segmentation line, segmentation deviations (in 
grey), and first and last rings, GJ;1 and Gj;T, respectively, of both regions. 

• To employ any objective function, pjt provided that it meets some condi

tions, so that each illumination region could have its own objective func

tion, and 

• To exploit any weighting function that satisfies (5.3). 

5.3 Proposed Approach Using M-estimator & Se

lected Functions 

In the previous section, we have demonstrated the proposed approach in a gen

eral framework using an objective function with certain attributes in addition to 
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a weighting function and a generic motion model. In this section we specify a 

cost function, weighting function and a motion model to employ in the proposed 

approach. As well, we present a mathematical manipulation that allows us to es

timate the unknown vector, <I>, through an iterative coarse-to-fine scheme. 

5.3.1 M-estimation Using Huber & Tukey Functions 

In this subsection, we mathematically present an iterative framework of the pro

posed approach to estimate the unknown vector, <l>. 

First, we should select a weighting function following (5.3) to lessen the im

pact of the mis-segmented pixels located on the boundary layer of each illumi

nation region. Recall that we assumed that each layer has a thickness of T pixels. 

Many functions could be used for weighting such boundary pixels, such as a de

layed unit-step function, a sigmoid function, or the Tukey function. Since we 

do not focus on determining the optimal weighting function that should be em

ployed in the proposed approach, we will choose the Tukey function [124] for ip(t) 

and rewrite (5.3) as 

f(t,T) 
T2 T.i -r Te, H ^ J-

(5.7) 
1, otherwise 

where T is a tuning parameter by which the boundary layer thickness can be di

rectly controlled. 

Second, we have to choose another function to act as cost function, p(t), as 

mentioned in Section 4.2. The properties of p(t) can be achieved by many po

tential functions, such as Tikhonov [109], Geman-McClure [110], Green [111], 
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Hebert-Leahy [112], Rouchouze [113], Charbonnier [114], andHuber [16]. Gener

ally speaking, all aforementioned functions and similar ones can be theoretically 

used by an M-estimator for each illumination region as proposed in Section 4.2. 

We consider the Huber function 

U2, \t\ < a 
p(t;a)={ , (5.8) 

alii — \a2, \t\ > a 

since the other mentioned functions do not have a tunable threshold, a. Such a 

threshold adaptively controls the objective function's behavior to differently pe

nalize small and large residuals, thereby fine tuning the estimates in (5.1). Us

ing the Huber function, we believe each illumination region should have its own 

threshold. Since there are J regions, a certain threshold, ajt should be assigned 

to an illumination region, Rit {i.e., each region should have its own Huber M-

estimator). 

In this chapter, we'd like to emphasize that we extend the ordinary formula 

of the Huber function in (5.8) from one threshold [16] to a region-based Huber 

function with multi-thresholds as 

p(Ej(*);aj)= { 
a.j\Ej{®)\ - la2, | £ , ( * ;x ) | > a,-,Vx G Rj 

(5.9) 

where Ej($; x) refers to an element in a matrix Ej(&) located at position x. Note 

that Ej($) can be obtained from (5.6) while using (5.7) in (5.5). Then, the Huber 

M-estimator in (4.2) can be rewritten as 

min |^E(E^(*w)}- (5-10) 
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Following [121], the Huber cost function, p(-), in (5.10) can be cast in a convex 

quadratic function as 

mm \C = \J2 ( E F > • E*(*) + 2aiSj-Ei(*) - «}QA J . (5.11) 

The high-residual selective matrix is 

Si 

S l l 

SNl 

SIM 

SNM 

sxy ~ \ 

- 1 . Ej(&;x,y)<-aj,V(x,y)eRJ 

0, \Ej(&;x,y)\ ^aj,V(x,y) E Rj 

1, Ej($; x, y) > aj, V (x, y) € Rj 

d.c, V(x,y) ^ Rj 

(5.12) 

where d.c. denotes a "don't care" value. The low-residual selective matrix is 

Fj = l-(SrSj), {1,5,-,^-} e pAf.M (5.13) 

We can estimate $ using the Gauss-Newton algorithm [101] to solve the non

linear minimization problem in (5.11). Recall that 4» is iteratively updated by 

(3.17) at each iteration g. Substituting (5.7) in (5.5), the residuals of each region, 

Ej(&), in (5.11) can be obtained from (5.6). As well, E($) in (5.6) can be still ap

proximated by (3.14) assuming affine motion model in (3.15). Replacing Ej(-) in 

(5.11) by its 1st order Taylor series expansion, then £ in (5.11) can be rewritten as 

c « \ E E [F> • te(*«-i)+AJ^(^-i))2+ 

2 a3 Sj • (^ (* g - i ) + Aj^(* g _! ) ) - a) Q3] , (5.14) 

X j = l 
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where £'• = dEj/d&. Setting the gradient of £ w.r.t. A to zero, we obtain 

E iFi • (£i(*ff-i) Es(*g-i)) + «J Si • ^ ( * g - 0 ] = 
3 = 1 

^ E K ( ^ ( * M ) ^ T M ) 
J = I 

We can write (5.15) in matrix notation as 

(5.15) 

-Y P T = (Y HT ) A , (5.16) 

where 

H = [Hiti,Hit2, • • •! HN,M] •, 

Y = \Yi,i,Y12,...,YNtM], 

P = [Pl,l,Pl,2, • • • ,P.N,M\ > 

(5.17) 

(5.18) 

(5.19) 

#n,m = ^2,Qj • Wx, mix, nly, mIy, 4 , ly, ~hQ\, • • • ) ~hQj, ~Ql, • • • , ~ Q j ] T > 

(5.20) 

K , m = /ran E ^ " ^ ' m ^ ' n ^ " m ^ " ^ ' ^ " ~IlQ1> ' ' " ' ~IlQj> - < 5 l > • • • ' " Q - 7 ! ' 

(5.21) 

E t e ^ + ^-./a) , (5.22) and P = ColVector 

where 4 = dl2/dx, Iy = dl2/dy, "ColVector" refers to reshaping the resulting 

matrix into a column vector, and fnm is an element located at position (n, m) of 

matrix F that can be stated as 
j 

. 7 = 1 
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It can be shown that equations (5.16) through (5.23) can be used to perform one 

iteration for finding a solution of A. The unknown vector, 3>, is iteratively accu

mulated due to (3.17) resulting in a single final estimate. The approach presented 

in this section can be referred to as weighted region-based Huber M-estimation 

for arbitrarily-shaped local illumination variations, WH-ASLrV62j. The next sec

tion discusses the implementation setup performed to develop the experiments. 

5.4 Implementation Setup 

First, we would like to state that we compared the proposed approach, WH-

ASLTV, to: 

1. an approach that employs the global illumination model with a least-

squares estimator as presented in [10, 11], and its implementation can be 

found online at [107]; referred to as LS-GIM, 

2. a second approach that employs the affine illumination model with a least-

squares estimator as presented in [13]; referred to as LS-AIM, 

3. a third approach that exploits the ASLTV registration model as presented in 

Chapter 3 and in [18, 19] with a least-squares estimator; referred to as LS-

ASLiy 

4. a fourth approach that uses the ASLIV model with the ordinary formula of 

Huber M-estimator as introduced in Chapter 4 and in [20]; referred to as 

HM-ASLIV, and 

5. a fifth approach that is identical to WH-ASLIV approach, except that all 

weights in Wj are set to 1 [i.e., Section 5.2.1 only). This approach can be 

referred to as RH-ASLIV, region-based Huber. 
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Note that all ASLIV-based approaches are suffixed by '6,2 J ' according to J. It is 

worth noting that the LS-ASLrV62 corresponds to the LS-GIM in [10,11], however, 

we use the code in [107]. 

The six implementations run on a 2 GHz Pentium IV Core 2 Duo, with 2 GB 

of RAM. All six approaches iteratively exploit a coarse-to-fine framework with 5 

resolution levels {i.e., r=5). Consequently, the unknown vector <l is adequately 

estimated at the coarsest level for both real and simulated data sets. For the 

natural canyon pair, the resolution level is set to 3 {i.e., r=3) so as to still retain 

adequate estimates. Also, the implementation parameters are set as mentioned 

in Section 3.7, i.e., the stopping threshold £=0.1, the maximum number of itera

tions 5=10. As well, *° is initialized either by [1,0,0,1,0,0,1,1,1,0,0,0] using the 

ASLIV6)6-based approaches or by [1,0,0,1,0,0,1,1,1,1,0,0,0,0] with the ASLIV6,8-

based approaches. 

There are many ways to choose the threshold, ajt for the Huber function in 

(5.11) as previously shown in Section 4.5. We still set ctj to 1.345<T, [17,101], where 

Oj is the standard deviation of the residuals of each illumination region Rjt elim

inating 5% of the outliers assuming Gaussian distribution on the residuals. Note 

that aj is employed in both the RH-ASLIV and WH-ASLIV approaches. Similarly, 

the threshold a, used in the HM-ASLIV approach [20], can be set to 1.345a as 

shown in Section 4.5. 

It's worth noting that the proposed WH-ASLIV approach assumes that the 

boundary layer of each illumination region consists of T pixels. Since, in a real 

imaging scenario, these regions have different sizes, the thickness T can't hold 

for all of them. Therefore, the WH-ASLIV approach employs the Tukey function 

with T=8 for the simulated data sets and T e {2,3,4} for the real data set (these 

values of T are empirically chosen to obtain the most improved GRP). 
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While using a segmentation algorithm in the proposed approach, WH-ASLIV 

some deviations would occur in each illumination region boundary. In real imag

ing scenarios, these deviations can't be precisely determined. Thus, we need to 

run an experiment to test the robustness of the WH-ASLIV approach against seg

mentation errors as opposed to competing approaches using simulated data sets. 

Some morphological operations {i.e., dilation and erosion) can be applied to the 

boundary of each region to simulate such segmentation deviations. Each devi

ation, referred to segmentation noise level (SNL), can be simulated as follows. 

First, a dilation step is applied along the mask boundary. Some of the dilated pix

els around the region boundary are randomly kept. Then, in a similar manner, an 

erosion step is performed on the region boundary. As well, some of the eroded 

pixels around the region boundary are randomly removed. Those two steps, dila

tion and erosion, are repeated for a number of iterations. We define each SNL by 

the summation of two parameters: Pd and Pe that denote the number of dilated 

and eroded pixels, respectively. The results of this experiment will be shown in 

Section 5.6.3. 

5.5 Summary on The Proposed WH-ASLIV Approach 

Thus far, we presented the weighted region-based registration approach, WH-

ASLIV, using distinct M-estimators; each has its own cost function {i.e., the Hu-

ber function). As well, the proposed approach, WH-ASLIV, imposes weights 

using a weighting function {i.e., Tukey function) to lessen the impacts of the 

mis-classified areas located on the boundary of the illumination regions. Algo

rithm 4.1 summarizes the proposed approach WH-ASLIV that is cast in an itera

tive coarse-to-fine framework. 
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Algorithm 5.1 The proposed image registration approach WH-ASLIV 

l: Given: two input images, Ix and I2, as described in Section 3.3. 
2: Required: vector, <fr, that includes the finally estimated geometric and illu

mination parameters. 
3: Initialize: * . . . the unknown vector by 3>°, 
4: r... the no. of resolution levels, 
5: g... the max no. iterations per resolution level, 
6: e . . . a predefined threshold of the cost function update, 
7: J... the no. of illumination regions, 
8: i... iteration counter by 1, and 
9: T... the thickness of a boundary layer of an illumination region. 

10: forp = 1 tor do 
11: repeat 
12: Apply * ( i ) to Ix. 

13: Determine the AID^: I21 = \I2- A*<0 i-
14: Apply the fc-means algorithm to the AID(i) to obtain the binary masks, 

Q*f, of the illumination regions setting k to J. 
15: Determine the residuals, £(<&(i)), using (3.14). 
16: Determine the boundary layer, Djt of thickness T pixels for each illumi

nation region. 
17: Determine the weighting matrix, Wjt of each illumination region that as

sign weights to its boundary layer using (5.5) with a weighting function 
[i.e., Tukey function). 

18: Determine the residual, E*f, of each illumination region using (5.6). 

19: Determine the standard deviation, af, of the residuals, E^, of each illu
mination region. 

20: Set the cost function's {i.e., the Huber function) threshold, af\ of each 

illumination region to 1.345 a ^ [17,101]. 

21: Determine the large-residual selective matrix, sf\ of each illumination 
region using (5.12). 

22: Determine the small-residual selective matrix, F^\ of each illumination 
region using (5.13). 

23: Determine the corresponding value of the cost function, £(<I>W), using 
(5.14). 

24: Determine the cost function update <5; = £(<&(»)) - £($(*_!)). 
25: Determine the unknown vector's update, A(i), using (5.16). 
26: Update *(j) by A(i) using (3.17). 
27: i <— i + 1. 
28: until (<5(j) < e) or [i > g) 
29: end for 
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5.6 Experiments & Results 

In this section, we report the experimental results performed using competing 

approaches applied on both simulated and real data in Section 5.6.1 and Sec

tion 5.6.2, respectively. As well, Section 5.6.3 presents an experiment showing the 

resistance of the proposed approach against simulated segmentation deviations. 

5.6.1 Experiments on Simulated Data Sets 

The first set of experiments is performed on the simulated data sets "J-3" and 

" J=4" data set using the LS-GIM, LS-AIM, LS-ASLIV, HM-ASLIV, RH-ASLIV and 

WH-ASLIV approaches considering the ASLIV version. 

Table 5.1 show that the proposed approach, WH-ASLIV6i6, provides more 

precise motion estimates compared to the LS-GIM, LS-AIM, LS-ASLIV6i6, HM-

ASLIV6,6 and RH-ASLIV6i6 approaches by an average of 90.4%, 86.5%, 33.7%, 

18.4% and 5.9%, respectively, using the "J=3" data set. Similarly, with "J=4" 

data set, the proposed approach, WH-ASLIV6,8, provides more precise motion 

estimates compared to the LS-GIM, LS-AIM, LS-ASLIV6,8, HM-ASLIV6,8 and RH-

ASLIV6,8 approaches by an average of 86.9%, 81.5%, 29.2%, 13.8% and 5.6%, re

spectively, as shown in Table 5.2. Generally speaking, the proposed approach 

yields better improved GRP compared to competing approaches. 

To show the efficiency of WH-ASLIV approach, let us have a look at Table 5.3. 

This table reports SSIM indexes using the LS-GIM, LS-ASLIV6i6 and HM-ASLIV6i6> 

RH-ASLIV6,6 and WH-ASLIV6,6 approaches with "J=3" data set. The WH-ASLIV6i6 

approach outperforms the other approaches by an average of 14.8%, 11.2% 2.6%, 

1.2% and 0.7%, respectively. 
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As well, Table 5.4 shows that the proposed approach outperforms the compet

ing approaches by an average of 27.5%, 23.4%, 5.3%, 3.2% and 1.2%, respectively, 

in terms of PSNR. Recall that these image quality measures express the correla

tion between the overlapping region of the registered pairs. As well, one can no

tice a reasonable increase in computational time using WH-ASLIV approach by 

an average of 33.1%, 29.2%, 11.6%, 4.7% and 0.5% compared to other approaches, 

respectively, as shown in Table 5.5. 

Similarly, Table 5.6 shows the SSIM indexes using the LS-GIM, LS-AIM, LS-

ASLiV6,8 and HM-ASLiV6,8, RH-ASLIV6i8 and WH-ASLIV6i8 approaches with "J=4" 

data set. The WH-ASLIV6i8 approach outperforms the other approaches by an 

average of 14.5%, 11.5%, 2.4%, 1.1% and 0.6%, respectively. 

As well, Table 5.7 shows that the proposed approach outperforms the compet

ing approaches by an average of 27.1%, 23.3%, 5.1%, 2.9% and 1.0%, respectively, 

in terms of PSNR. Recall that these image quality measures express the correla

tion between the overlapping region of the registered pairs. In addition, a reason

able increase in computational time can be noticed with the WH-ASLIV approach 

by an average of 33.4%, 30.5% 12.0%, 5.1% and 0.9%, respectively, compared to 

competing approaches, as shown in Table 5.8. 

Fig. 5.3 (a-f) shows the normalized AIDs of the aligned pairs of the " J=3" 

simulated pair shown in Fig. 3.4(a,b) using competing approaches, yielding 

SSIM = 0.9642,0.9691, 0.9789, 0.9802, 0.9818 and 0.9837, and PSNR = 21.91,23.35, 

27.01,27.76,28.45 and 28.87 dB, respectively. It is worth noting that many areas in 

Fig. 5.3(f) are darker than their correspondences in Fig. 5.3(a-e), especially inside 

each illumination region and around its boundary layer. 
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Table 5.1: The AAEs (xlO-4) of the estimated affine parameters of the "J=3" data 
set. The lower the value of AAEs, the better the approach performance. 

d l 

a2 

a3 

0,4 

a5 

a6 

LS-GIM 

15.3658 

12.0017 

14.6081 

19.1128 

9190.76 

2688.72 

LS-AIM 

12.1419 

10.5204 

11.9571 

15.8924 

7649.53 

2236.18 

LS-ASLIV6i6 

1.7205 

1.5079 

1.6189 

2.0502 

789.16 

795.70 

HM-ASLIV6,6 

1.2025 

1.0344 

1.1661 

1.8699 

722.35 

716.11 

RH-ASLIV6i6 

0.9806 

0.8096 

0.9399 

1.6531 

691.29 

685.77 

WH-ASLIV6,6 

0.9167 
0.7748 
0.8779 
1.5612 

647.22 

644.32 

Table 5.2: The AAEs (xlO-4) of the estimated affine parameters of the "J=4" data 
set. The lower the value of AAEs, the better the approach performance. 

ax 

a2 

a-3 

d4 

a5 

a6 

LS-GIM 

16.5962 

13.2015 

15.5246 

21.0259 

9472.09 

2835.12 

LS-AIM 

13.7167 

10.6395 

13.2940 

17.3674 

7918.66 

2382.50 

LS-ASLIV6;8 

1.8121 

1.6025 

1.7360 

2.4261 

816.50 

804.81 

HM-ASLrV6,8 

1.4358 

1.1916 

1.2049 

1.9280 

760.57 

755.11 

RH-ASLIV6,8 

1.2694 

1.0178 

1.0653 

1.7458 

742.91 

739.20 

WH-ASLIVM 

1.2046 
0.9684 

0.9937 

1.6283 
702.39 

699.93 

Table 5.3: SSIM for a random subset of the "J=3" data set. 

# 

10 

17 

28 

34 

38 

42 

48 

LS-GIM 

0.8397 

0.8194 

0.8268 

0.8066 

0.8552 

0.8201 

0.8419 

LS-AIM 

0.8530 

0.8379 

0.8645 

0.8358 

0.8853 

0.8413 

0.8742 

LS-ASLIV6i6 

0.9602 

0.9577 

0.9534 

0.9507 

0.9650 

0.9612 

0.9634 

HM-ASLIV6,6 

0.9622 

0.9589 

0.9598 

0.9531 

0.9665 

0.9681 

0.9653 

RH-ASLIV6,6 

0.9690 

0.9630 

0.9664 

0.9590 

0.9709 

0.9736 

0.9695 

WH-ASLIV6,6 

0.9745 

0.9698 

0.9733 

0.9667 
0.9781 

0.9802 

0.9751 
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Table 5.4: PSNR for a random subset of the "J=3" data set. 

# 
10 
17 
28 
34 
38 
42 
48 

LS-GIM 
22.53 
20.01 
21.76 
21.91 
23.47 
22.95 
21.94 

LS-AIM 
24.79 
22.14 
24.12 
23.35 
24.93 
24.89 
22.05 

LS-ASLIV6i6 

29.02 
28.33 
29.42 
27.01 
28.63 
29.25 
29.69 

HM-ASLIV6,6 

29.78 
29.01 
30.17 
27.76 
29.25 
29.87 
30.10 

RH-ASLIV6,6 

30.21 
29.48 
30.77 
28.45 
29.82 
30.48 
30.55 

WH-ASLIV6i6 

30.53 
29.87 
31.12 
28.87 
30.36 
30.71 
30.90 

Table 5.5: Computational time (sec.) for a random subset of the "J=3" data set. 

# 
10 
17 
28 
34 
38 
42 
48 

LS-GIM 
43.0 
42.8 
44.7 
43.3 
42.7 
43.4 
41.2 

LS-AIM 
44.6 
43.8 
46.0 
44.9 
44.1 
45.2 
43.4 

LS-ASLIV6,6 

57.7 
55.4 
58.8 
57.2 
56.4 
56.5 
55.3 

HM-ASLIV6i6 

62.2 
59.8 
61.4 
62.5 
63.2 
60.0 
59.4 

RH-ASLIV6i6 

64.3 
62.4 
63.9 
65.3 
66.1 
62.8 
62.4 

WH-ASLIV6i6 

64.6 
62.8 
64.3 
65.6 
66.4 
63.2 
62.7 

5.6.2 Experiments on the Real Data Set 

Our next set of experiments were performed on the real data set as described in 

Section 3.5 using LS-GIM, LS-AIM, LS-ASLIV6i6, HM-ASLIV6,6, RH-ASLIV6,6 and 

WH-ASLIV6i6 approaches with the &-means algorithm for segmentation setting, 

with k-J-3. 

Table 5.6: SSIM for a random subset of the " J=4" data set. 

# 
10 
17 
28 
34 
38 
42 
48 

LS-GIM 
0.7969 
0.7844 
0.8021 
0.7721 
0.8441 
0.7778 
0.7999 

LS-AIM 
0.8295 
0.8174 
0.8348 
0.8039 
0.8762 
0.8103 
0.8329 

LS-ASLIV6)8 

0.9341 
0.9254 
0.9164 
0.9142 
0.9284 
0.9334 
0.9245 

HM-ASLIV6,8 

0.9417 
0.9363 
0.9227 
0.9253 
0.9494 
0.9405 
0.9306 

RH-ASLIV6,8 

0.9466 
0.9425 
0.9291 
0.9325 
0.9501 
0.9478 
0.9478 

WH-ASLIV6>8 

0.9513 
0.9566 
0.9405 
0.9339 
0.9559 
0.9672 
0.9505 
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(a) LS-GIM;PSNR=21.91dB (b) LS-AIM;PSNR=23.35dB 

(c) LS-ASLIV6)6; PSNR=27.01 dB (d) HM-ASLIV66;PSNR=27.76dB 

(e) RH-ASLIV66;PSNR=28.45dB (f) WH-ASUV6,6;PSNR=28.87dB 

Figure 5.3: (a-f) Normalized AIDs of the resulting aligned pairs for the "J=3" sim
ulated pair in Fig. 3.4(a,b); pair #34 in Table ??. The darker the AID, the 
better the approach performance. 
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Table 5.7: PSNR for a random subset of the" J=4" data set. 

# 
10 
17 
28 
34 
38 
42 
48 

LS-GIM 
22.12 
19.71 
21.37 
21.51 
22.99 
22.60 
21.67 

LS-AIM 
23.97 
21.75 
23.42 
23.36 
24.83 
24.75 
23.81 

LS-ASLIV6]8 

28.57 
27.66 
28.95 
26.66 
27.93 
28.62 
29.18 

HM-ASLIV6]8 

29.15 
28.35 
29.76 
27.46 
28.77 
29.39 
29.82 

RH-ASLIV6)8 

29.69 
29.01 
30.15 
27.79 
29.24 
29.97 
30.15 

WH-ASLIV6i8 

30.13 
29.50 
30.79 
28.50 
30.06 
30.29 
30.32 

Table 5.8: Computational time (sec.) for a random subset of the "J=4" data set. 

# 
10 
17 
28 
34 
38 
42 
48 

LS-GIM 
43.4 
44.0 
46.6 
45.4 
44.5 
43.9 
42.9 

LS-AIM 
45.8 
47.3 
49.3 
48.1 
47.8 
46.5 
45.4 

LS-ASLIV6i8 

59.0 
57.3 
60.2 
58.8 
58.0 
57.7 
56.8 

HM-ASLIV6i8 

63.7 
60.9 
62.8 
63.8 
65.1 
61.1 
60.7 

RH-ASLIV6i8 

65.6 
63.7 
65.2 
66.9 
67.2 
64.2 
64.2 

WH-ASLIV6i8 

66.5 
64.5 
65.7 
67.1 
68.0 
64.8 
63.8 

Table 5.9 shows NCC values that express the correlation between the over

lapping areas of the two aligned images using competing approaches. It can 

be shown that the WH-ASLIV approach surpasses other competing approaches. 

Note that the boundary layer thickness, T, is set to one value out of {2,3,4} for 

each real image pair to provide the best results using WH-ASLIV approach. These 

T values are empirically obtained to achieve higher results. We can not constrain 

the parameter T to a certain value for all real image pairs as the illumination re

gions are not a priori known. However, these regions should be iteratively deter

mined and refined using fc-means segmentation algorithm. 

Fig. 5.4(a-f) shows the gamma-corrected AIDs of the registered pairs, of the 

real pair in Fig. 2.1 (c,d) using the LS-GIM, LS-ASLIV6,6, HM-ASLIV6,6, RH-ASLIV6i6 

and WH-ASLIV6,6 approaches, with NCC = 0.9642, 0.9691, 0.9789, 0.9802, 0.9818 
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Table 5.9: NCC values for real data set, k=J=3. Note that pair #A and #B refer 
to Fig. 2.1(a,b) and (c,d), respectively (T denotes the boundary layer thick
ness). Recall that the higher the NCC value, the better the performance of 
the approach. 

# 
A 
B 
C 
D 
E 
F 
G 
H 
I 

J 

LS-GIM 

0.8819 

0.9642 

0.9799 

0.9450 
0.9601 

0.9719 

0.9551 

0.8971 
0.9081 
0.9542 

LS-AIM 

0.8998 

0.9691 

0.9813 

0.9520 
0.9665 

0.9786 

0.9594 

0.9087 
0.9105 
0.9604 

LS-ASLIV6,6 

0.9226 

0.9789 

0.9853 
0.9644 

0.9743 

0.9922 

0.9657 
0.9229 

0.9241 
0.9770 

HM-ASLrV6,6 

0.9237 
0.9802 

0.9870 
0.9659 

0.9758 

0.9939 

0.9671 
0.9245 

0.9286 
0.9833 

RH-ASLTV6,6 

0.9261 

0.9818 

0.9891 

0.9681 
0.9782 

0.9951 

0.9690 

0.9266 
0.9305 
0.9854 

WH-ASLIV6,6 

0.9280, T=3 
0.9837, T=3 
0.9909, T=4 
0.9704, T=2 
0.9806, T=3 
0.9962, T=2 

0.971 l ,r=4 
0.9283, T=3 
0.9327, T=2 
0.9878, T=4 

and 0.9837, respectively (7= 1.7 for better visualization, k=J=3). One can no

tice that Fig. 5.4(f) has many areas that are darker than the corresponding areas 

in Fig. 5.4(a-e). Enlarged views of the white boxes in Fig. 5.4(a-f) are shown in 

Fig. 5.5(a-f), respectively. This real example gives an impression on how well the 

WH-ASLIV approach yields improvements in GRP and illumination correction. 

5.6.3 Experiments on Simulated Segmentation Deviations 

In this subsection, we demonstrate the robustness of the WH-ASLIV approach 

against possible segmentation deviations as opposed to competing ones. Chang

ing the segmentation deviations in real imaging is unavailable as there is no a pri

ori information on the exact illumination region segmentation. Therefore, some 

morphological operations (dilation and erosion) are applied on the boundary of 
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(a) LS-GIM;NCC=0.9642 (b) LS-AIM; NCC=0.9691 

(c) LS-ASLIV6i6;NCC=0.9789 (d) HM-ASLIV66;NCC=0.9802 

(e) RH-ASLIV66;NCC=0.9818 (f) WH-ASLIV66;NCC=0.9837 

Figure 5.4: (The gamma-corrected AIDs for the real pair in Fig. 2.1(c,d), 7= I-7-
The darker the AID, the better the approach performance. 
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(a) LS-GIM (b) LS-AIM 

(c) LS-ASLIVe 6 (d) HM-ASLIV6>6 

(e) RH-ASLIV6 6 (f) WH-ASLIV6,6 

Figure 5.5: (a-f) Enlarged views of the white boxes in Fig. 5.4(a-f), respectively, 
7 = 1.7 and J=3. The darker the AID, the better the approach performance. 
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the a priori illumination regions in the simulated data sets to simulate the seg

mentation deviations (see Section 5.4). 

This experiment is performed on the "J=3" data set using multiple segmen

tation noise levels (SNLs) using the LS-ASLIV6i6) HM-ASLIV6,6, RH-ASLIV6,6, and 

WH-ASLIV6i6 approaches. Fig. 5.6 shows the absolute errors (AEs) of the esti

mated affine parameters compared to their ground truth values of the six affine 

parameters versus multiple SNLs. Note that each SNL corresponds to a certain 

summation of eroded and dilated pixels {Pe+Pd). The LS-GIM is considered in the 

experiment, however, it is not shown in the corresponding figure for better visual

ization. Throughout Fig. 5.6, one can notice that the AE using the WH-ASLIV ap

proach is significantly less than those of using other approaches, while increasing 

the SNL. One can also observe that the slope of the AE using WH-ASLIV approach 

is less than those of other approaches while the SNL increases. This observation 

means that the proposed approach, WH-ASLIV, provides more resistance than 

competing approaches versus segmentation deviations by an average increase of 

90.8%, 83.4%, 36.5%, 21.0% and 7.6%, respectively. 

Furthermore, Tables (B.l) through (B.6), shown in Appendix B, report the per

centage increase of the AAEs of the estimated six affine parameters, respectively, 

for different SNLs w.r.t. those AAEs without segmentation error, i.e., at SNL = 0, 

using LS-GIM, LS-AIM, LS-ASLIV6,6, HM-ASLIV6,6, RH-ASLIV6i6 and WH-ASLIV6i6 

approaches for the "J=3" data set. Depicted is that the WH-ASLIV approach out

performs other approaches while SNL increases, thereby being less sensitive to 

segmentation perturbations than the others. The results of those six tables are 

depicted in Fig. 5.6, respectively. 
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Segmentation noise in pixels (P +P ) 
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+PdJ 
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1000 1500 2000 2500 
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500 1000 1500 2000 2500 
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Figure 5.6: (a-f) The absolute error (AE) of six affine parameters using the LS-
ASLIV6,6, HM-ASLIV6,6, RH-ASLIV6i6, and WH-ASLIV6i6 approaches, respec
tively, at different segmentation noise levels. Both LS-GIM and LS-AIM ap
proaches are not included for better visualization. The lower the value of 
AEs, the better the approach performance. 
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5.7 Analysis & Discussion 

In this chapter, we present an image registration approach to cope with images 

having arbitrarily-shaped distinct illumination variations. In general, the pro

posed approach exploits different M-estimators. In theory, each M-estimator 

employs a distinct cost function with certain properties. It is preferable for a 

candidate cost function to have a threshold or a tuning parameter by which the 

residual's penalty could be controlled. If an objective function is to handle an il

lumination region, the threshold of that function would segment this region into 

small and large residuals. For example, the Huber function is selected as a cost 

function. Then, we extend its ordinary formula from one-threshold to multi-

threshold, thus allowing to assign a proper tuning parameter to each illumina

tion region. Thereby, the M-estimator linearly and quadratically penalizes the 

resulting large and small residuals. It can be shown that the proposed approach 

overcomes: i) the sensitivity of LSE by using a more robust M-estimator, and ii) 

the issue of iteratively applying one threshold over the whole residuals' space. 

The proposed approach is cast in an iterative coarse-to-fine scheme. Mis-

segmented pixels located on the boundary of illumination regions could result in 

in two cases: i) if the currently estimates are applied at certain iteration, or ii) the 

binary masks which correspond to illumination regions are upscaled to the finer 

resolution level. Therefore, the proposed approach imposes a weighting function 

to decrease the impact of such pixels. The selected weighting function should be 

bounded with a saturation in order to still have full consideration to pixels that 

are correctly segmented. With no need for any feature-based approach for ini

tialization, the proposed approach converges well using an identity initial guess. 

The GRP is significantly improved jointly with illumination correction using the 
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proposed approach as opposed to competing ones, on both real and simulated 

data sets with only reasonable increase in computational time. 

Despite of the robustness of the proposed approach against arbitrary-shaped 

illumination variations and segmentation deviations, the approach is limited by 

certain constraints, such as 

• A pin-hole camera model is assumed. 

• Using a perfect camera is assumed, so that photometric corruptions are not 

considered. 

• The input images are captured following the conditions mentioned in Sec

tion 3.2. 

• The scene is assumed to have no object motion (i.e., a static scene, but dy

namic in terms of various illuminations). 

• The proposed model, ASLIV, has piece-wise gain and offset. 

• The distance between the camera and the scene as well as the light source (s) 

is assumed to be large so that the camera's focal length effect can be ignored. 

The proposed approach is formulated such that many functions could be se

lected for many of the subparts. However, to implement the resulting mathemat

ical equations, some functions and models have been specified, such as 

• Affine motion model: that is extensively used by competing approaches and 

simple to implement. 

• Huber function: that has an iteratively adaptive threshold by which the 

residuals could be controlled and differently penalized in cooperation with 

M-estimators. 
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• Tukey function: that has a tuning parameter by which the boundary layer 

thickness could be directly controlled so as to reduce the negative effects of 

the possibly mis-segmented pixels. 

In the next chapter, we not only conclude our thesis research, but also clearly 

state the contributions, our own publications, and future work directions. 



Chapter 6 

Conclusions & Contributions 

In this chapter, we present the research conclusions in Section 6.1. Then, the 

main contributions of this dissertation are clearly given in Section 6.2. The pub

lications resulting from this research are mentioned in Section 6.3. Finally, pos

sible future work directions are provided in Section 6.4. 

Before we present the conclusions of this dissertation, we strongly emphasize 

that the principle target of this research is to " improve the sub-pixel geometric 

registration precision" by minimizing the factors affecting this process, such as 

illumination variations. Therefore, we give a summary on the work presented 

in this dissertation and comment to the results of the experiments that are also 

developed. 

Experiments are performed on real image pairs as well as simulated data 

sets to allow ground truth verification of the estimated parameters. Normalized 

cross-correlation (NCC), structural similarity (SSIM) index, and peak signal-to-

noise ratio (PSNR) are used to evaluate the performance of the competing ap

proaches. The proposed approach, WH-ASLIV, is compared to: (i) the global illu

mination approach [10,11], (ii) the affine illumination approach [13], (iii) the LS-

ASLIV approach [18,19], (iv) the approach using the Huber M-estimator with the 

113 
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ASLIV model [20] and (v) the approach using region-based Huber M-estimators 

with the ASLIV model. 

• In terms of sub-pixel geometric registration precision, clear improvements 

are obtained using the proposed approach, WH-ASLIV, compared to com

peting approaches by an average increase of 90.1%, 84.6%, 31.5%, 16.1% 

and 5.8%, respectively, with a reasonable average increase of 42.1%, 36.3%, 

13.0%, 4.7% and 0.5%, respectively, in computational time. 

• In terms of the selected image quality metrics, the proposed approach, WH-

ASLTV, outperforms competing approaches by an average increase of 17.4%, 

14.2%, 3.4%, 1.3% and 0.7% in SSIM, respectively, and average increase of 

36.9%, 32.5%, 5.7%, 3.1% and 1.2% in PSNR, respectively. 

• The proposed approach, WH-ASLIV provides more robustness against seg

mentation errors by an average increase of 90.8%, 83.4%, 36.5%, 21.0% and 

7.6%, respectively, compared to competing approaches. 

6.1 Conclusions 

In this section, we can summarize the conclusions as follows: 

• A registration model that copes with images having arbitrarily-shaped lo

cally variant illuminations, results in an improvement in geometric regis

tration precision (GRP) and illumination correction. 

• Choosing a robust estimator improves the GRP. 

• If the candidate cost function has certain properties, especially a tuning pa

rameter, this leads to a more precise GRP. 
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• The impacts of the mis-segmented areas, located on the boundary of each 

illumination region due to using a clustering algorithm, should be reduced, 

yielding more accurate GRP. 

• Employing a coarse-to-fine framework allows to cope with large deforma

tions, obtain accurate estimates and save the computational time. 

6.2 Contributions 

In this section, we can summarize the main contributions of this dissertation: 

1. Robustness against local illumination changes: 

We proposed an intensity-based model to obtain a more accurate sub-pixel 

geometric registration jointly with illumination correction. This model is 

robust against locally variant illumination regions in the images and out

performs the global illumination model in terms of geometric registration 

precision as shown in [19]. A special case, when considering only two illu

mination regions, is published in [18]. 

2. Capability of differently penalizing local residuals: 

The proposed approach simultaneously employs different robust M-

estimators. We extend the ordinary formula of an objective function hav

ing single-threshold to be a spatially adaptive region-based function with 

multiple-threshold. Thus, each threshold is iteratively assigned to an il

lumination region. A framework of spatially adaptive M-estimators is 

achieved using a cost function with certain properties. A special case, when 

using the ordinary Huber function as cost function, is accepted for publica

tion in [20]. 
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3. Robustness against segmentation errors: 

The proposed approach exhibits more resistance versus mis-segmented ar

eas located on the boundary layer of each illumination region due to seg

mentation. The proposed approach is able to reduce the negative effects 

of those mis-segmented areas by lessening their contributions throughout 

the registration process using a weighting function. Thus, more precise ge

ometric registration precision as well as illumination correction is obtained. 

This contribution and its precedent are submitted to [22]. 

6.3 Publications 

In this section, we state the published, accepted and submitted manuscripts out 

of this research as follows: 

1. M. M. Fouad, R. M. Dansereau, A. Whitehead, "Geometric registration of 

images with arbitrarily-shaped local intensity variations from shadows," in 

Proc. of IEEE Intern. Conf. on Image Processing (ICIP'2009, Cairo, Egypt), 

November 7-11, 2009, pages 201-204. 

2. M. M. Fouad, R. M. Dansereau, and A. D. Whitehead, "Geometric image reg

istration under locally variant illuminations using Huber M-estimator," A. 

Elmoataz et al. (Eds.): [ICISP'2010, Trois-Rivieres, QC, Canada), LNCS 6134, 

pages 10-18. Springer, Heidelberg, 2010. 

3. M. M. Fouad, R. M. Dansereau, and A. D. Whitehead, Geometric Image 

Registration Under Arbitrarily-Shaped Locally Variant Illuminations, Sig

nal, Image & Video Processing, Springer, London, July 2010, accepted. 
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4. M. M. Fouad, R. M. Dansereau, and A. D. Whitehead, Image Registration 

Under Illumination Variations Using Weighted Region-based M-estimator, 

submitted to IEEE Trans, on Image Processing. 

6.4 Future Work 

Though the proposed approach works well with images that follows certain con

ditions (see Section 3.2) under limitations as mentioned in the last part of Sec

tion 5.7, the proposed approach does not succeed if, e.g., indoor images are con

sidered or one of those limitations is violated. Thus, there is still room for im

provements. 

The input images are assumed to be taken with the same exposure. In turn, 

the proposed approach will not work well if, e.g., photometric corruptions are in

volved, such as sensor noise, lens distortion and atmospheric scintillations. This 

issue can be tackled by starting with embedding one photometric corruption 

simultaneously with both illumination variations and geometric deformations. 

The constraints would then be changed to produce more precise estimates. How

ever, the combination of two non-geometric corruptions with geometric trans

formations must be done carefully. Otherwise, it would result in nonconvergence 

or a significant increase of the computation time. 

As well, the light source is assumed to be far from the scene. Thus, the pro

posed model, ASLIV, is assumed to have piece-wise gain and offset. However, 

this model is not sufficient if near-field light source(s) exist w.r.t. the scene. In 

such a case, the brightness uniformity along with each illumination region would 

degrade the geometric registration precision. One remedy is to model the local 

illumination changes in a more generalized illumination model, such as affine 
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illumination model along with each distinct illumination region. 

Besides, the camera is assumed to be far from the scene {i.e., outdoor images 

result in). In turn, the dimensions of the objects in the scene could compara

bly neglected. Thus, a 6-parameter affine motion model would be reasonable 

to represent the geometric deformations between the captured images. How

ever, the proposed approach will not even converge to a closest answer, if indoor 

images are considered. This issue arises because the focal length of the camera 

cannot be neglected in such an indoor images. One solution is to replace the 6-

parameter affine motion model with a more generalized motion model, such as 

the 8-parameter perspective model. If this issue is carefully solved, an additional 

category of images can be considered. 

Another important avenue of the work is to broaden the proposed approach 

for some other cost functions. We first use the quadratic cost function leading 

to a least-squares estimator. However, its derivative function gives an increasing 

weights to the residuals. Thus, the minimization problem becomes more sen

sitive to the outliers. Hence, the quadratic function has been replaced with a 

robust function, such as the Huber function. The advantage of the Huber func

tion over the quadratic function is that the former assigns constant weight to the 

outliers as its first derivative becomes constant after a certain threshold. Thus, 

the sub-pixel geometric registration precision enhances. However, we should try 

whether the estimates get improved if the outliers are zero-weighted or not. That 

solution might be tackled if another cost function, such as Bisquare function has 

been used instead. 
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Appendix A 

Real Image Pairs 

In this dissertation, ten real image pairs [102] were used in the experiments as 

mentioned in Section 3.5. Two pairs of them are shown in Fig. 2.1(a,b) and 

Fig. 2.1(c,d); pair #A and pair #B, respectively. In this appendix, the other eight 

image pairs are depicted in Fig. A.1 through Fig. A.8; pair #C through pair #J, re

spectively. 
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(a) (b) 

Figure A.1: Real image pair #C. 

(a) 

Figure A.2: Real image pair #D. 
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(a) (b) 

Figure A.3: Real image pair #E. 

-tea J • nf j r * . - i i *r 

(a) (b) 

Figure A.4: Real image pair #F. 
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(a) (b) 

Figure A.5: Real image pair #G. 

(a) 

Figure A.6: Real image pair #H. 

(b) 



134 

(a) (b) 

Figure A.7: Real image pair #1. 

(a) (b) 

Figure A.8: Real image pair #J. 



Appendix B 

Segmentation Deviations Results 

This appendix show Tables (B. 1) through (B.6) that report the percentage increase 

of the AAEs of the estimated six affine parameters, respectively, for different SNLs 

w.r.t. those AAEs without segmentation error, i.e., at SNL=0, using LS-GIM, LS-

ASLIV6i6> HM-ASLIV6,6, RH-ASLiV6,6 and WH-ASLIV6:6 approaches for the ",I=3" 

data set. Depicted is that WH-ASLIV approach outperforms other approaches 

while SNL increases, thereby being less sensitive to segmentation perturbations 

than the others. The results of those six tables are depicted in Fig. 5.6, respec

tively. Note that the lower the percentage value of AAEs, the better the perfor

mance of the approach. 
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Table B.l: Percentage increase of AAEs of the estimated parameter ai versus dif
ferent SNLs, i.e., {Pe + Pd) with "J=3" data set. The lower the percentage 
value of AAEs, the better the performance of the approach. 

SNL 
0 

265 
511 
764 
907 
1031 
1146 
1353 
1708 
2016 
2187 
2354 
2627 
2795 
3124 

LS-GIM 
15.3658xl0"4 

3.47% 
5.10% 
7.33% 
8.59% 
10.27% 
11.77% 
14.59% 
18.30% 
22.53% 
25.84% 
28.15% 
32.84% 
35.90% 
40.36% 

LS-ASLIV 
1.7205xl0-4 

2.88% 
4.89% 
7.10% 
8.00% 
10.35% 
13.18% 
15.16% 
18.93% 
23.78% 
26.72% 
29.41% 
32.13% 
36.19% 
39.79% 

HM-ASLIV 
1.2025 xlO~4 

2.63% 
4.57% 
6.27% 
7.85% 
10.29% 
13.72% 
17.69% 
20.94% 
23.50% 
26.55% 
28.70% 
32.34% 
35.02% 
37.46% 

RH-ASLIV 
0.9806xl0"4 

2.13% 
4.40% 
5.78% 
7.33% 
9.86% 
13.07% 
16.55% 
18.49% 
21.91% 
26.71% 
31.60% 
33.76% 
38.48% 
41.68% 

WH-ASLIV 
0.9167 xlO"4 

1.70% 
3.75% 
4.60% 
6.50% 
8.95% 
10.73% 
12.61% 
13.93% 
16.48% 
18.51% 
19.73% 
22.00% 
23.41% 
25.38% 

Table B.2: Percentage increase of AAEs of the estimated parameter a2 versus dif
ferent SNLs, i.e., {Pe + Pd) with "J=3" data set. 

SNL 
0 

265 
511 
764 
907 
1031 
1146 
1353 
1708 
2016 
2187 
2354 
2627 
2795 
3124 

LS-GIM 
12.0018xl0~4 

3.28% 
5.31% 
7.25% 
8.71% 
10.22% 
14.05% 
17.80% 
22.11% 
24.54% 
28.54% 
30.95% 
35.12% 
37.40% 
40.21% 

LS-ASLIV 
1.5079x10-* 

2.71% 
4.92% 
6.94% 
8.14% 
10.27% 
11.77% 
14.70% 
17.23% 
19.60% 
24.20% 
28.67% 
31.87% 
37.41% 
41.14% 

HM-ASLIV 
1.0344xl0"4 

2.54% 
4.63% 
6.50% 
7.98% 
10.14% 
12.81% 
16.30% 
18.20% 
21.47% 
23.82% 
26.29% 
29.30% 
32.91% 
34.92% 

RH-ASLIV 
0.8096 xlO"4 

2.12% 
4.49% 
5.54% 
7.55% 
8.81% 
11.36% 
14.92% 
17.53% 
20.15% 
22.45% 
25.13% 
28.03% 
31.59% 
34.76% 

WH-ASLIV 
0.7748 xlO"4 

1.95% 
3.68% 
4.36% 
6.78% 
7.98% 
10.70% 
13.46% 
15.06% 
17.14% 
18.71% 
20.33% 
23.32% 
24.83% 
26.28% 
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Table B.3: Percentage increase of AAEs of the estimated parameter a3 versus dif
ferent SNLs, i.e., {Pe + Pd) with " J=3" data set. The lower the percentage 
value of AAEs, the better the performance of the approach. 

SNL 
0 

265 
511 
764 
907 
1031 
1146 
1353 
1708 
2016 
2187 
2354 
2627 
2795 
3124 

LS-GIM 
14.6081 xlO"4 

3.51% 
5.39% 
7.14% 
9.24% 
11.30% 
14.34% 
17.03% 
18.83% 
22.35% 
24.23% 
26.63% 
31.57% 
35.87% 
40.88% 

LS-ASLIV 
1.6189xl0-4 

2.92% 
5.13% 
6.82% 
8.86% 
10.32% 
13.13% 
15.25% 
17.32% 
20.14% 
22.59% 
24.52% 
26.65% 
31.03% 
34.66% 

HM-ASLIV 
1.1661xl0"4 

2.67% 
4.72% 
6.41% 
8.35% 
10.13% 
11.52% 
13.02% 
14.84% 
18.23% 
21.80% 
23.54% 
26.62% 
31.06% 
33.98% 

RH-ASLIV 
0.9399 xl0~4 

2.33% 
4.10% 
5.83% 
7.69% 
8.93% 
12.17% 
14.30% 
17.69% 
20.82% 
24.75% 
29.19% 
34.27% 
37.69% 
40.14% 

WH-ASLIV 
0.8779 xlO"4 

1.87% 
3.59% 
4.92% 
6.83% 
9.68% 
11.27% 
13.60% 
15.73% 
17.77% 
21.02% 
23.99% 
26.05% 
28.23% 
30.36% 

Table B.4: Percentage increase of AAEs of the estimated parameter a4 versus dif
ferent SNLs, i.e., (Pe 4- Pd) with ",7=3" data set. 

SNL 
0 

265 
511 
764 
907 
1031 
1146 
1353 
1708 
2016 
2187 
2354 
2627 
2795 
3124 

LS-GIM 
19.1128xl0-4 

3.37% 
5.50% 
7.43% 
8.90% 
10.05% 
11.65% 
13.84% 
15.93% 
17.94% 
20.97% 
23.77% 
27.13% 
29.68% 
34.04% 

LS-ASLIV 
2.0502 xl (T 4 

1.90% 
3.25% 
5.53% 
8.43% 
9.69% 
12.47% 
14.87% 
19.10% 
22.67% 
25.65% 
28.73% 
31.50% 
35.15% 
38.06% 

HM-ASLIV 
1.8699 xlO"4 

2.52% 
4.82% 
6.65% 
7.87% 
10.34% 
13.01% 
16.04% 
18.64% 
21.18% 
24.31% 
25.91% 
30.07% 
33.83% 
35.57% 

RH-ASLIV 
1.6531 x lO - 4 

2.29% 
4.46% 
5.63% 
7.28% 
9.96% 
11.07% 
13.66% 
15.85% 
18.55% 
21.54% 
23.41% 
24.96% 
28.21% 
30.53% 

WH-ASLIV 
1.5612xl0"4 

1.66% 
3.71% 
4.58% 
6.42% 
7.81% 
9.31% 
10.89% 
12.01% 
13.53% 
15.21% 
16.57% 
18.66% 
21.37% 
24.14% 
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Table B.5: Percentage increase of AAEs of the estimated parameter a5 versus dif
ferent SNLs, i.e., [Pe + Pd) with "J-3" data set. The lower the percentage 
value of AAEs, the better the performance of the approach. 

SNL 
0 

265 
511 
764 
907 
1031 
1146 
1353 
1708 
2016 
2187 
2354 
2627 
2795 
3124 

LS-GIM 
9190.77xl0-4 

3.22% 
4.94% 
7.32% 
8.79% 
11.96% 
15.52% 
17.61% 
21.54% 
24.46% 
29.55% 
31.71% 
36.46% 
40.29% 
42.20% 

LS-ASLIV 
789.16xl0-4 

2.75% 
4.76% 
6.88% 
8.20% 
9.29% 
11.56% 
15.69% 
18.79% 
22.26% 
26.77% 
31.48% 
35.88% 
41.22% 
44.51% 

HM-ASLIV 
722.35xl0"4 

2.67% 
4.72% 
6.41% 
8.00% 
10.34% 
11.49% 
13.23% 
15.77% 
17.54% 
21.27% 
23.63% 
26.64% 
28.60% 
31.67% 

RH-ASLIV 
691.29 xlO"4 

2.21% 
4.03% 
5.42% 
7.08% 
8.38% 
9.92% 
11.77% 
13.42% 
16.03% 
18.01% 
20.22% 
22.21% 
24.85% 
27.60% 

WH-ASLIV 
647.22 xlO"4 

1.79% 
3.63% 
4.49% 
6.19% 
7.25% 
9.31% 
11.46% 
13.20% 
15.17% 
17.23% 
18.47% 
20.32% 
22.19% 
23.78% 

Table B.6: Percentage increase of AAEs of the estimated parameter a6 versus dif
ferent SNLs, i.e., (Pe + Pd) with "J=3" data set. 

SNL 
0 

265 
511 
764 
907 
1031 
1146 
1353 
1708 
2016 
2187 
2354 
2627 
2795 
3124 

LS-GIM 
2688.72 xl0~4 

3.31% 
4.87% 
7.03% 
8.93% 
11.10% 
14.15% 
16.27% 
18.31% 
21.84% 
24.80% 
28.14% 
30.18% 
34.85% 
37.68% 

LS-ASLIV 
795.70xl0~4 

1.90% 
3.25% 
5.53% 
8.43% 
10.09% 
11.43% 
14.98% 
18.40% 
22.98% 
26.96% 
29.45% 
33.95% 
36.46% 
41.52% 

HM-ASLIV 
716.11xl0~4 

2.55% 
4.26% 
5.89% 
7.85% 
9.35% 
11.17% 
13.09% 
16.03% 
18.40% 
20.70% 
22.80% 
25.96% 
27.54% 
30.51% 

RH-ASLIV 
685.77 xlO"4 

2.07% 
3.89% 
5.31% 
7.44% 
9.86% 
11.13% 
12.86% 
14.52% 
16.59% 
19.11% 
21.62% 
23.89% 
25.16% 
27.72% 

WH-ASLD 
644.32x10 

1.68% 
3.40% 
4.73% 
6.36% 
7.92% 
9.47% 
10.58% 
12.78% 
14.15% 
15.90% 
17.16% 
19.31% 
21.47% 
22.83% 


