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Abstract

Super-resolution is the process of obtaining either a higher resolution still image
or a sequence of higher resolution images from a corresponding sequence of low
resolution images of a particular scene. It extends the performance limits of single
image interpolation by leveraging the unique information p resent in the multi-
ple albeit slightly different images. These multi-image te chniques seek to recover
frequency content beyond that present in any of the individu al observed images
and are hence termed “super-resolution’ algorithms. In its simplest form, a super-
resolution algorithm aims to align the mutually shifted low  resolution images on
a higher resolution grid. The alignment process requires pr ecise knowledge of the
displacement occurring in the scene, which is estimated using the low resolution
images. This allows a formulation of multiple observed data constraints that can
be used together with knowledge about the imaging process to estimate the high
resolution image. Although super-resolution algorithms h ave been shown to per-
form well in synthetic scenarios, many of the modeling assum ptions break down
in real world imaging conditions. Super-resolution perfor mance is then heavily
dependent on how the forward imaging model is constructed, w hich is a recur-
ring theme of this thesis. We constrain ourselves to a speci ¢ imaging device and
examine the effects of super-resolution when the characteristics of the camera are
uniquely identi ed. Displacement estimation has been iden ti ed as a major fac-
tor in the performance of super-resolution and the choice of displacement models
for different scenes is examined in the thesis. The estimation of the high resolu-
tion image is carried out using regularization-based metho ds (both algebraic and
stochastic). The thesis also addresses artifacts arising fom inaccurate displace-
ment estimates either due to inconsistent displacement mod els and/or occlusions
occurring in the scene. A complete system is built in this the sis and the results

obtained show signi cant improvement over single image bi- cubic interpolation.
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Chapter 1

Introduction

“There will come a time when
you believe everything is
nished. That will be the

beginning.”

Louis L'Amouir.

The goal of super-resolution (SR) is to increase the resoluion of an image or
a sequence of images beyond the resolving power of the imaging system. Image
processing literature has traditionally used the term “res olution' to refer to the im-
age size in terms of the number of pixels. However, the conven tional unit of pixel
count is not an appropriate measure of resolution because in creasing the number of
pixels in the image may not contribute towards enhancing ne details in the image
content. Correspondingly, the hardware-based solution of increasing resolution by
reducing the pixel size and increasing the number of pixels p er unit area does not
always lead to satisfactory results. In digital cameras, a pixel corresponds to the
detector sensor which is usually a CCD (charge-coupled devi ce) or CMOS (com-
plementary metal-oxide semiconductor) sensor. These photo-sensitive detectors
work by integrating the available light impinging on them fo r a speci ed period
called the aperture time. When the user presses the camera shutter release, each
of these pixels has a "photosite' which is uncovered to collect and store photons in
a cavity. Once the exposure nishes, the photosites are closed and an assessment
of how many photons fell into each cavity is made. The relativ e quantity of pho-

tons in each cavity are then sorted into various intensity le vels, whose precision



is determined by the bit depth *. A reduction in sensor size leads to the collection
of photons over a smaller area and hence, an increased sensitity to shot noise.

Thus, resolution enhancement by sensor manufacturing techniques is limited by

the minimum sensor area beyond which shot noise overwhelms t he image. It has
been reported that the imaging industry has already reached this pixel size limit of

40 m ? for a 0.35 m CMOS process [2]. Moreover, hardware-based solutions are
often too expensive to employ in the ubiquitous application s of digital images. A
software-based method is more attractive because it can be gplied after the image
sequence has already been captured and can thus leverage hiper computational

power utilizing more complex algorithms in an off-line scen ario.

Super-resolution falls under the umbrella of image restora tion techniques which
have a wide variety of documented applications. From the sim ple need to en-
hance the resolution of digital photographs to more sophist icated computer-vision
algorithms, the demand for higher resolution (HR) images is pervasive in vari-
ous areas. The more popular applications alluded to in recent literature include
surveillance applications like facial and license plate re cognition; medical imaging
applications fusing images from different modalities; res olution enhancement of
astronomical and satellite imagery; and converting low res olution video to high
resolution video amongst others.

As opposed to single-image interpolation techniques, supe r-resolution algo-
rithms utilize multiple images to recover resolution that i s lost in the imaging
process. Each image in the set of mutually shifted images contributes unique in-
formation to aid in the recovery of a higher resolution view o f the scene. Super-
resolution is a particularly effective technique for low re solution (LR) images suf-
fering from aliasing. Although natural scenes contain an in nite amount of de-

tail, typical imaging devices are only capable of capturing the scene at a limited

1This simplistic description ignores the wavelength (color ) dependence of the sensor



resolution. In other words, natural scenes are not band-lim ited signals and any
attempt to digitally acquire an image of such a scene will ine vitably result in alias-

ing. However, the camera optics typically serve as anti-ali asing lters because of
their low-pass behavior. While this can mitigate the effect s of aliasing, the resolv-
ing power of the sensor array in digital cameras is weaker tha n that of the camera
optics. As a result, a small amount of aliasing is invariably present even when op-
tical pre- Itering is carried out. In its most naive form, su  per-resolution by simply

registering each low resolution image onto a higher-resolu tion sampling lattice can

achieve an increase in resolution up to the diffraction limi t[3]. Further increase in
performance beyond the diffraction limit can be achieved by more elaborate super-
resolution algorithms which require additional knowledge concerning the various
blur degradations that the desired image undergoes as well a s prior knowledge

about the nature of the scene to be reconstructed.

A typical super-resolution algorithm involves three sub-t asks: registration, fu-
sion and de-blurring. The set of low resolution images are r st mutually aligned
on a common high resolution lattice. This is generally refer red to as image reg-
istration. The aligned pixel values (usually resulting in a non-uniform sampling)
are then interpolated over the reference high resolution la ttice to obtain a fused
high resolution image. A subsequent de-blurring of the fuse d image results in a
higher resolution image provided that a suf cient number of  low resolution im-
ages are available and that the image alignnment is carried out to sub-pixel accu-
racy. While these sub-tasks have been separately identi ed for conceptual clarity,
they are often performed in a joint fashion.

The observed low resolution images in a given set may differ f rom each other
in various ways. Recent work on super-resolution using alte rnative cues like blur
has been reported [4] (information from differently blurre d images). However, this

thesis primarily deals with the more common scenario of extr acting useful infor-



mation from images that differ from each other via either cam era motion or object
motion in the scene or both. The use of motion as a cue in enhandng vision is bio-
logically inspired [3]. The human eye undergoes micro-trem blings called saccades
to prevent image fade-out in the retina. Due to these random m ovements, the hu-
man eye is also capable of sensing an alias-free version of tke scene. While the
scene is not actually reconstructed on a ner grid, a ner loc alization of edges is
made possible leading to higher perceived resolution [3]. | tis interesting to draw a
parallel from biological vision systems and see how they app ly to digital cameras.
The human retina has a limited density of photo-receptors wh ich limits visual acu-
ity (ability to resolve ne detail) to 1' of visual angle. How ever, the human eye was
found to be able to resolve certain stimuli at a much higher re solution of the order
of 5” of visual angle. This enhanced capacity is termed hyper acuity [5]. Quantita-
tive tests were carried out in [6] to validate the hypothesis that hyperacuity results
from micro-movements of the eye. These results motivate the use of motion as a
cue to improve the resolution of images captured from digita | cameras.

We de ne the problem under consideration in this thesis in Se ction 1.1. A short
introduction is given in Section 1.2 regarding the speci c i maging sensor used.
The organization of the thesis is detailed in Section 1.3. Finally, a highlight of the

contributions made in the thesis is given in Section 1.4.

1.1 Problem de nition

In this thesis, we are mainly concerned with the resolution e nhancement of a sin-
gle image using spatial diversity from multiple views. In pa rticular, we examine
the resolution enhancement that can be obtained when an imaging sensor like the
ViewPlus ProFUSION25 camera array is used to image a particular scene. Typical
super-resolution algorithms trade off temporal resolutio n in a video sequence for

higher spatial resolution [7]. For example, every ve frame s in the video could

4



be replaced by one SR frame. The ProFUSION25 camera array pr@ides us with
multiple views of the same scene. In essence, there is no tempral variation be-
cause each camera in the array is synchronized to capture the scene at the same
time. Such a scenario in which spatial resolution is enhanced by the use of multi-
ple views presents unique challenges that have not been directly addressed previ-
ously to the best of our knowledge. In a typical imaging scena rio, loss of resolution

occurs mainly due to the following:

1. Aliasing: In this scenario, images are obtained with negl igible optical blur,
but the required ne details are unavailable because of the | ow spatial sam-

pling density of the camera.

2. Blur: In this scenario, the sensor sampling density is adequate to capture the

required details, but the images are degraded by some blurri ng function.

In aliasing dominated cases, an increase in pixel count can lead to more detalil.
However, in blur dominated cases, an increase in pixel count may not necessarily
lead to more detail. In such a case, details are revealed by ranoving the blur degra-
dation through a de-convolution process. Since we do not kno w a priori which of
these effects dominate in a given image, it is dif cult to giv e a precise de nition
of what is meant by an improvement in resolution. In this thes is, we use a sub-
jective albeit perceptually motivated de nition of resolu tion enhancement like the

one used in [8]:

The super-resolved image should demonstrate an improvemen t in the
perceived detail content compared with that of the low resol ution im-
ages. This typically involves restoration of the high frequ ency content,

which may require an increase in pixel density.



(@) high resolution license (b)Resolutionloss dueto mo- (c) Aliasing effects due to in-
plate image tion blurring suf cient sensor density

Figure 1.1: Blurring and aliasing effects in the loss of resolution

Examples of both aliasing and blur dominated low resolution images are shown
in Figure 1.1. The original high resolution is that of a licen se plate!. Both the
blurred and aliased versions lack suf cient resolution. Th e aliasing effects in Fig-
ure 1.1(c) can be characteristically identi ed by the jagge d edges that appear in the
image.

With the de nition stated above and the particular scenario  of multi-view im-
ages taken from the ProFUSION25 camera array, a description of the problem can

be stated as:

Given a set of low resolution multi-view images fg;;i = 0;1,:::; kg, of
sizeM N pixels taken with the ProFUSION25 camera array, and a
magni cation factor m, reconstruct a higher resolution image of size
mM  mN pixels that satis es the de nition of resolution improveme nt

stated above.

1.2 The ProFUSION25 camera array

The ProFUSION25 system is a camera array of 25 cameras arrangd on a 5x5 grid.
A picture of the camera array is shown in Figure 1.2 2. We chose to use the Pro-

FUSION25 camera for a variety of reasons. Each camera in the aray is capable

1The image was retrieved from http://www.coolpl8z.com
°The image was retrieved from http://www.viewplus.co.jp
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Figure 1.2: The ProFUSION25 camera array

of delivering an image sequence at 25 frames per second (FPS)However, for the
purposes of this thesis, the camera has only been used in oneshot mode to re-
strict the possibility of temporal motion of objects in the s cene. As a result, any
displacement occurring between the images is entirely due t o a change in viewing
position. The ProFUSION25 camera array outputs raw 8-bit gr ay-scale images of
pixel resolution 640 480 The results discussed in this thesis are thus applied
only to gray-scale images. Multi-view images like the ones c aptured by the Pro-
FUSIONZ25 are ideal for super-resolution applications. The small baseline between
each camera in the array allows the multiple views to adequat ely sample the high
resolution image. This is shown to be a condition for obtaini ng nearly optimal
super-resolution performance in [9]. While many papers mer ely state that super-
resolution from multi-view images is possible, very few car ry out experiments on
a representative data set. Furthermore, an array like the ProFUSION25 essentially
uses 25 different cameras each of which may have a different point spread function
(PSF) and other imaging defects. These are issues that raiseénteresting questions
regarding the performance of super-resolution algorithms .

The critical reader may wonder what motivates us to use an arr ay like the Pro-

FUSION25 rather than a single higher resolution camera? The principal motiva-



tion of this work is to be able to render a higher-resolution t hree-dimensional rep-
resentation of a scene using the diversity presented by the multiple views. For
convenience, we imagine a scene consisting of a sculpture ina museum. Is it pos-
sible to use the disparity between multiple views of this scu Ipture to generate a
high resolution three-dimensional representation of this sculpture? Can we ren-
der a super-resolved image from a novel view-point, i.e., fr om a view that was not
one of the original viewing positions? This scenario is the o riginal motivation for
work with this particular camera sensor array. Before we can address the questions
raised above, we need to examine whether any resolution enhancement can be at-
tained from viewpoints that already exist. We pose this as th e following questions

to be answered during the course of this thesis:

1. Can we achieve an enhancement in resolution for simple planar scenes from

current viewpoints?

2. If so, can we achieve similar resolution enhancement for scenes with depth

discontinuities (more complex scenes with 3D objects)?

3. What do we need to know about the ProFUSION25 camera array to achieve

resolution enhancement?

4. How can we combine all the components required for super-r esolution to

create a complete system?

Some of the questions raised above have been addressed in istation in the current
literature. However, our speci ¢ scenario brings up issues that have not been ad-
dressed together as it relates to super-resolution. A liter ature survey of relevant

papers is provided in Chapter 2.



1.3 Organization of the thesis

Following this introductory chapter, a brief review of exis  ting work in super-resolution
is presented in Chapter 2 as they relate to the objectives of the thesis. Some rele-
vant background material is also presented. Chapter 3 deals with regularization
methods in super-resolution. We present super-resolution as an inverse problem
which is typically solved using regularization. A comparis on of both algebraic
and stochastic approaches is made and the use of a total-varation based regular-
izer is also advocated, which is solved using the method of le vel sets. We pos-
tulate in Chapter 4 that accurate knowledge of the imaging pi peline is essential
for the success of any super-resolution algorithm. Consequently, the components
of the ProFUSION25 camera array are characterized. We idenify the camera blur
and demonstrate the effect of camera speci ¢ degradations | ike vignetting. Super-
resolution methods are known to suffer from artifacts due to inevitable errors in
displacement estimation. In Chapter 5 an adaptive weightin g approach is pro-
posed to alleviate the effect of incorrect displacement estimates. We also demon-
strate occlusion-aware super-resolution by using an occlu sion detection scheme to-
gether with dense displacement maps when reconstructing im ages of scenes with
depth discontinuities. Finally, we make concluding remark s in Chapter 6, summa-

rize the contributions of the thesis and present avenues for future work.

1.4 Thesis highlights

An exhaustive list of contributions is provided in Chapter 6 , however, a brief men-
tion is made here to prime the reader for the contributions ma de in subsequent
chapters. In Chapter 2, a locally af ne but globally smooth o ptical ow estimation

technique [10] is described which has already been used in medical image registra-

tion. However, the integration of this algorithm within our ~ super-resolution algo-



rithm is a novel contribution as such a technique has not been tested speci cally in
super-resolution applications using dense displacement e stimates. In Chapter 3,
no original contributions are made. However, the implement ation of a TV reg-
ularizer using mean curvature evolution has not been previo usly used in super-
resolution of multi-view images. In Chapter 4, a characteri zation of the ProFU-
SION25 camera is carried out via its point spread function (P SF) and its vignetting
function. This is an original contribution of this thesis. M oreover, a novel PSF iden-
ti cation technique is proposed. Finally, in Chapter 5, ani ntensity based occlusion
detection scheme is used to remove artifacts related to erroneous displacement
estimates. This particular method is another novel contrib ution. At present, no
study has been carried out on the feasibility of using a speci ¢ sensor for super-
resolution. The trend in super-resolution literature is to use image sequences that
are arti cially shifted, blurred or sub-sampled. These are not representative of real
world scenarios. Consequently, the fact that we have used a real sensor (the ProFU-
SION25) with real images is not only an original contributio n but also a signi cant

one.
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Chapter 2

Background

“Euclid taught me that without
assumptions there is no proof.
Therefore, in any argument,

examine the assumptions.”

- Eric T. Bell

The well-studied eld of super-resolution draws from relat ed research in im-
age restoration and motion estimation. These elds are imme nse research areas
by themselves and a comprehensive review of related work in a Il pertinent areas
is infeasible. In Section 2.1, a brief review of super-resolution is presented for is-
sues that are directly related to those considered in this th esis. Super-resolution
is formulated as an inverse problem in Chapter 3. Such a formu lation rst re-
quires a forward (or observation) model that is specied in S ection 2.2. The dis-
placement estimation techniques used in this thesis have been brie y introduced

in Section 2.3. Finally, chapter highlights are presented in Section 2.4.

2.1 Literature review

Super-resolution has been extensively studied and a vast body of research is avail-
able in the literature. We will not repeat a drawn out review o f existing techniques
but point the reader towards the excellent review articles [ 2] and [7]. We will how-

ever present a review of topics related to super-resolution as they apply to this

thesis in the following sub-sections.
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2.1.1 On super-resolution restoration methods

The restoration method forms the backbone or engine that dri ves the super-resolution
process. A targeted review of super-resolution is carried o ut to choose the best re-
construction to use in this thesis. The earliest attempt at super-resolution is that by
Tsai and Huang [11] which is carried out in the frequency doma in. Their approach
is based on formulating a system of equations that relates the discrete Fourier
transform (DFT) coef cients of the low resolution images to samples of the con-
tinuous Fourier transform of the original scene. The recove red samples, obtained
after solving the system of equations, are used to obtain a high resolution image
using the inverse DFT. However, their observation model onl y considered ideal
down-sampling while neglecting the effects of blurring and noise. A related class
of methods are those based on the multi-channel sampling the orem. A recent pa-
per using the multi-channel sampling theorem is by Vandewal le, Susstrunk and
Vetterli [12] which computes sub-pixel shifts between the | ow resolution images
and registers them on a common high resolution grid. The regi stered pixel values
are non-uniformly spaced and hence, a non-uniform interpol ation is carried out to
obtain a high resolution image on a uniformly spaced grid. Th e resulting image
is subsequently de-blurred. This method is commonly used in the literature be-
cause it is conceptually intuitive. However, it ignores the role of the observation
model. Such methods are also referred to as interpolation-r estoration methods be-
cause they consist of a non-uniform interpolation stage fol lowed by a subsequent
de-blurring stage. Irani and Peleg [13] propose the iterati ve back-projection (IBP)
approach that was borrowed from methods in computer-aided t omography. The
observation model is used to generate a set of simulated low resolution images
from an initial high resolution image. The high resolution i mage is then updated
until the error between the simulated low resolution images and the observed low

resolution images is minimized. The updates are carried out by passing the error
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through a back-projection operator. The selection of the back-projection operator
is not clear and the approach forces the high resolution imag e to match the ob-
served data. This might not necessarily be the best strategy in the presence of
noisy images. These shortcomings led to the class of regulaiized super-resolution
algorithms which are categorized as either stochastic or algebraic regularization
methods. Regularization methods are used to include useful a priori information
that help to disambiguate between the possible solutions of the ill-posed super-
resolution problem. Schultz and Stevenson [14] utilize a Bayesian framework to
formulate the super-resolution problem and solve it using M AP estimation. A
stochastic image prior is used to regularize the problem. Th e speci c prior used is
the Huber-Markov random eld (HMRF) which is able to preserv e discontinuities
and hence serves to better represent edges in an image. A blo&-based displace-
ment estimation scheme is used to register the low resolutio n images in their work.
As opposed to the stochastic case, a deterministic algebrac regularizer called the
total-variation regularizer is used by Ng et al. [15]. The to tal-variation regular-
izer has been receiving burgeoning interest from the image p rocessing community
because of its demonstrated effectiveness in preserving edges. Ng et al. jointly
estimate a dense displacement eld together with the high re solution image. The
experimental results compare the different types of total- variation regularizers in-
cluding those using the Li-norm and bi-lateral total variation (BTV). The seminal
paper by Baker and Kanade [16] presents a sequence of resultswhich show that
as the magni cation factor increases, the observation mode| provides far less use-
ful constraints. The regularizer dominates at high magni ¢ ation factors leading
to overly smooth high resolution images. As a result, a recog nition-based prior is
proposed that is learnt from a database of high resolution im ages of speci c images
like faces or text. A whole class of recognition-based super-resolution algorithms

has evolved as a result but we resist from taking such an appro ach because the
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image prior is only applicable to a speci c class of images th at it has been trained
on.

Based on the literature surveyed on reconstruction methods, we believe that
regularization techniques are the most promising approach to use as the engine
that drives our super-resolution algorithm. The frequency domain methods re-
strict the displacement model to global models which are not conducive to the
type of scenes being considered in this thesis. Regularizaion methods allow us
to leverage a priori information about the observation mode | as well as impose
desired characteristics on the high resolution image which other methods cannot
fully incorporate. A further study is required to choose a su itable regularization

method which is the topic of Chapter 3.

2.1.2 On super-resolution using multi-view images

The super-resolution community has traditionally only con sidered temporal se-
guences of images in super-resolution experiments becausethey are easily avail-
able in the form of a video sequence. However, there has been an increasing inter-
est in super-resolution from multi-view images. This is mot ivated by the inherent
trade-off between capturing a larger area of the scene and preserving detail in the
image. Given a certain pixel resolution, a larger view of the scene results in fewer
pixels being used to represent individual features in the sc ene. A way to com-
pensate for this is to use multiple overlapping images of a sc ene to create a larger
composite image. An interesting question that arises then i s whether the multiple
views of the scene can be used to increase the perceived detdiin a scene using
super-resolution principles. This is the primary motivati on of this thesis. Capel
and Zisserman [17] consider computer vision applications o f super-resolution us-
ing multi-view images. However, they only consider global d isplacement models

which relate different views of a scene through a homography . A photometric reg-

14



istration stage is also considered which compensates for intensity changes between
images. The photometric registration considered only accounts for a brightness
and contrast difference between the images. A more complicated photometric dis-
tortion cannot be accounted for using such a procedure. The high resolution image
is recovered using a maximum a posteriori (MAP) estimation a pproach. A number
of different priors including the Huber-Markov random eld are utilized to obtain
the high resolution image.

We feel that there is a paucity of super-resolution papers th at directly exam-
ine multi-view images. While super-resolution techniques for temporal image se-
guences can be directly applied to multi-view imagery, a stu dy of this speci c sce-
nario (not without its peculiarities) is useful. This is the theme that we maintain

throughout the thesis.

2.1.3 On blur identi cation and super-resolution

The problem of de-blurring a single image has been extensively studied under

the title of blind de-convolution. An excellent review of single image blind d e-
convolution techniques can be found in [18]. However, the pr oblem of simulta-
neously estimating an unknown blur from the observed low res olution images
and performing super-resolution is yet to be satisfactoril y solved [19]. EXxisting
techniques either treat the blur identi cation separately from the super-resolution

part or jointly estimate the high resolution image and the un known blur. Nguyen,

Milanfar and Golub [20] take the latter approach and perform multi-image de-
convolution which utilizes information from multipleimag  esto obtain a de-blurred
high resolution image. However, they parameterize the blur to depend on only one
parameter. Such a parameter could represent the width of a gaussian blur or the
radius of an out-of-focus blur. Moreover, the PSF support is assumed to be known

or is set to be equal to the magni cation factor in each dimens ion. A similar ap-
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proach where a one-parameter blur is jointly estimated with the high resolution
image is carried out in [21] and [22]. The restriction placed by a one-parameter
blur is considered to be very limiting for most real applicat ions.

Lertrattanapanich and Bose [23] also perform super-resolution using multiple
images but separately identify the blur which is used to de-b lur a non-uniform in-
terpolation of registered low resolution images. A Delauna Yy triangulation is used
to create a set of triangular patches for the non-uniformly s paced sampling loca-
tions that result from registering the low resolution image s. A surface approxi-
mation using bi-variate polynomials is constructed for eac h triangular patch that
is used to convert the non-uniform sampling to a uniformly sp aced high resolu-
tion grid. The image that is obtained after the non-uniform i nterpolation is noise-
Itered and de-blurred using a point spread function that is  estimated using mul-
tiple low resolution images. A modi ed Richardson-Lucy alg orithm [24] is used
in the multi-image blur identi cation.

The most recent published work on simultaneous super-resol ution and blur
identi cation is that carried out by Sroubek, Cristobal and Flusser [25]. The super-
resolution problem is formulated as a regularization probl em involving both the
image domain and the blur domain. This regularization probl em is solved using
an alternating minimization approach. In the alternating m inimization approach
using steepest descent, the iterations alternate between adescent in the image sub-
space followed by a descent in the blur sub-space. This is a viable approach be-
cause each term in the energy function is quadratic independ ently but not as a
whole. A further improvement suggested in [25] was to use the centroid of the
blur estimated at the high resolution scale to infer shifts b etween the images (re-
portedly to a sub-pixel) accuracy. The work that is most simi lar to that contained
in this thesis is that of Chen, Luo and Hu [26] who also use an al ternating min-

imization between the image sub-space and the blur sub-space. They utilize an
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anisotropic diffusion framework to solve the restoration p roblem. However, the
observation model used considers blurring to take place bef ore warping which is
different from the observation model used in this thesis. Th e warping model is
also constrained to consist only of translational shifts.

Based on these papers, we feel that it would be worthwhile to i nvestigate the
effects of correctly identifying the blur in each ProFUSION 25 camera. We expect an
increase in super-resolution performance over assumed blurs which is validated in

Chapter 4.

2.1.4 On super-resolution using dense displacement maps

A survey of super-resolution techniques brings up the surpr ising nding that few

attempts have been made in applying dense displacement maps (also used syn-
onymously with optical ow) to super-resolution. The rst a ttempt of super-
resolution using optical ow is reported by Baker and Kanade [27] using images
taken from a multi-baseline stereo camera. This is one of the few papers using
multi-view images rather than a temporal sequence of images . Their study is mo-
tivated by the use of super-resolution in face recognition. They use a hierarchical
Lucas-Kanade [28] optical ow algorithm to register the low resolution images on
the high resolution grid. The registered images are then fus ed by an averaging
operation across the registered images. Motivated by the same application in face
recognition, Lin et al. [29] also examine super-resolution using optical ow. They

state that face images are non-planar, non-rigid, non-Lamb ertian and prone to self
occlusions. These characteristics of faces cause global pametric displacement
models to fail in providing suf cient resolution enhanceme nt for face recognition
tasks. Their technique utilizes an interpolation-restora tion framework. However,

they obtain the optical ow directly at the high resolution s cale by estimating the

ow between low resolution images that are interpolated usi ng bi-cubic splines.

17



Sub-pixel shifts are not estimated and the registered images are fused using a me-
dian operation. This is also a simplistic fusion approach wh ich results in a blurred
high resolution image.

Zhao and Sawhney [30] address the important issue of the feasibility of super-
resolution using optical ow. They allege that most super-r esolution algorithms
implicitly or explicitly assume that images in a sequence ar e related through global
parametric transformations. A simple iterative back-proj ection (IBP) reconstruc-
tion method is used to reconstruct the high resolution image . While de nitive
conclusions are not made, an important remark made is that th e optical ow es-
timates should be consistent in the forward and backward dir ection for the best
performance. The regions where the forward and backward ow are inconsistent
tend to be occluded regions or areas with little texture wher e reliable ow esti-
mates cannot be made.

An investigation of basic optical ow methods on planar and o mni-directional
images is carried out by Nagy and Vamossy [31]. They use the non-uniform in-
terpolation framework to obtain the high resolution image. The Lucas-Kanade
[28] and Horn-Schunck [32] optical ow algorithms along wit h block-based dis-
placement estimation techniques are used to estimate a den® displacement eld
at the low resolution scale. This displacement eld is used t o obtain displacement-
compensated images on the sampling grid of a chosen reference image. These
images are nally averaged to obtain a fused high resolution image. We feel that
averaging in such a manner is an overly simplistic way of imag e fusion which ig-
nores the observation model. A post-processing step is suggested to sharpen the
image.

The recent work by Krylov and Nasonov [33] uses optical ow to gether with
a regularization framework to solve the super-resolution p roblem. They use a

feature-based image registration algorithm together with Lucas-Kanade optical
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ow to obtain an accurate dense displacement eld. This is us ed in a Tikhonov
regularization approach to restore the high resolution ima ge. Fransens, Strecha
and Van Gool [34] present one of the rst reported approaches to combine occlu-
sion detection and optical ow estimation within the super- resolution process. An
expectation-maximization (EM) algorithm is used to solve t he problem which is
formulated as a maximum a posteriori estimation problem. Th e EM algorithm al-
ternates between i) detecting the occlusions based on photametric mis-match and
i) optimizing the dense displacement elds and the high res olution image. The
image prior used in the MAP framework is similar to a Gauss-Ma rkov random
eld which results in blurring across edges. The occlusion d etection used in this
work depends on intensity mis-match which generates a visib ility map. This vis-
ibility map is not a binary map of visible/occluded pixels bu t rather behaves like
a weighting image. The intensity of each pixel in the visibil ity map is a weight
that re ects the possibility of that pixel being occluded. T hese visibility maps are
viewed as hidden variables and are updated iteratively with the high resolution
image. The demonstrated results are only compared to a poor nearest neighbor
interpolation of the low resolution image. While the super- resolution result is su-
perior to the nearest neighbor interpolation, we feel that t he test sets used do not
contain signi cant occlusion areas to comment on the effect iveness of the visibility
maps used. Shen et al. [35] propose segmentation of the image estimation of the
displacements and nally recovery of the high resolution im age, all done in a joint
fashion. A cyclic coordinate descent scheme is used to estimate the displacement
elds, segmentation elds and high resolution image altern atingly given the other
two. The segmentation eld is partitioned into objects whic h are separately labeled
and tracked through the low resolution image sequence. The d isplacement of each
object is estimated using an af ne homography. While such a s cheme does not

give dense correspondences for each pixel, it results in displacement elds that are
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more accurate than those arising from global models. Ng et al . [15] allow for non-
visible (occluded) pixels within their observation model b ut details on occlusion
detection are not given in their paper. The experimental set up mistakenly asso-
ciates occluded pixels with "missing’ pixels. A synthetic s cenario is constructed
where regions of the image are blacked out. Occlusion may create missing dis-
placement vectors but the images themselves do not contain missing pixel values.
In any case, conclusive experiments demonstrating occlusions are lacking.

Based on the literature surveyed in this sub-section, we feel that the super-
resolution of multi-view images would bene t from the use of a dense displace-
ment estimation technique. Furthermore, a conclusive paper on methods to ac-
count for occlusion in super-resolution is absent. This mot ivates the study in Chap-

ter 5.

2.2 Observation model

The observation model is sometimes referred to as the forward model in this the-
sis to emphasize the fact that super-resolution is an inverse problem. An accurate
description of the observation model is vital for the succes s of the super-resolution
algorithm. Such a description involves characterizing the imaging sensor as com-
pletely as possible and making appropriate assumptions abo ut the type of scene
being imaged. Such assumptions impact the choice of displacement model used
and the prior knowledge incorporated into the super-resolu tion algorithm.

A skeleton diagram of a general observation model is shown in Figure 2.1. The
fundamental components comprise the warp operator, the blu r operator and the
down-sampling operator. The warp operator describes the di splacement that takes
places between two images in a sequence. The displacement beveen images could
arise from camera motion, object motion in the scene or a combination of both.

The most general description of such an operator would take t he form of densely
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populated displacement estimates providing horizontal an d vertical displacement
vectors for each pixel in the image. However, simpli ed para metric models are
often used to varying degrees of success. Such models incluce translational mod-
els, af ne models and more general homographies. Piece-wise parametric models
have also been successfully used either over blocks or arbitrarily shaped regions
in the image. The blurring operator describes the cumulativ e blurring effects from
sensor averaging, motion blur and an out-of-focus blur etc. These cumulative ef-
fects can be combined into a single blurring operator repres ented by a single point
spread function. Commonly used assumptions include a recta ngular averaging
blur to represent sensor averaging and a circular disk to rep resent de-focus. An
important modeling ambiguity is pointed out in [36] regardi ng the correct order
of the warp and blur operators. The physical process of gener ating each LR image
that agrees with imaging physics is that of warping followed by blurring. Many
super-resolution algorithms implicitly follow this warp-  blur paradigm. However,
certain algorithms like the interpolation-restoration al gorithms advocate the blur-
warp model which assumes that blurring precedes the warping operation. This
paradigm also models physical reality with the difference b eing that atmospheric
blur is considered the major contributor to the blurring pro cess. On the other hand,
the warp-blur model considers the blur induced by the camera to be dominant.
Following the notation used in [37], consider a set of k + 1 low resolution images
g;i 2 [0;1;:::;k]. Each of these images associate a two-dimensional coordinde x
on a low resolution lattice  with an intensity value g(x). The goal is to estimate a
high resolution image f, from the same point of view as the reference low resolu-
tion view g but on a higher resolution lattice

Considering the case of arbitrary displacements, a position x in f is mapped
onto a position T;(x) in g by a free-form transformation T;. This transformation

can be decomposed into an warping operator F; and a down-sampling opera-
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tor D suchthat T, = D F ;. The warping operator F; maps positions [X;y] onto
[X + ui(X;y);y + vi(x;y)] where u;i(x;y) and v;(x;y) are the horizontal and vertical
displacement eld components. The down-sampling operator D maps [x; y] onto
[x=m; y=m] where m is the magni cation factor.
The resulting transformation is
2 3 2 3
: 9 X g ! 9 (x + Ui(X;Y)):mg

T !
y (Y + vi(x;y))=m
where is the high resolution lattice and is the low resolution lattice. The in-
verse warping operator T, ! associates a two-dimensional pixel co-ordinate x in g
(on the low resolution lattice ) to a corresponding position T, *(x) (on the high
resolution lattice ) in fo. Descriptively, given a horizontal ( u;(x;y)) and vertical
(vi(x;y)) displacement eld, the two-dimensional coordinates T, *(x) describe the

original locations of the pixels on the high resolution grid of the reference image

fo.
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The low resolution images g are assumed to be generated by the high reso-
lution reference image f,. First, the relative displacement between g and fq is
realized by applying the warping operator F; to fo. The warped image f; is then
convolved with the point spread function B;. The PSF kernelB; can represent
the cumulative effects of sensor averaging, de-focus and other effects like motion
blur. Finally, a down-sampling operator D is applied which performs ideal im-
pulse sampling. As in any measurement system, the low resolu tion images are
subject to additive noise n;.

The imaging model can then be mathematically formulated as

g(x)=D#(Bi fo(Fi(x))+ ni(x); (2.1)

where D # refers to the down-sampling operation. We have abused notat ion
slightly by using the same warping operator F; and down-sampling operator D
in a transformation of the domain from ! as well as a transformation in the
signal space fromf; ! g. Nonetheless, itis more convenient to express each of the
operators as equivalent matrix multiplications to develop the discussion in sub-
sequent chapters. This requires a lexicographic ordering of the images involved.
Each oftheM N low resolution images g can be ordered into a vector g; of size
MN 1. Similarly, the mM  mN high resolution reference image fo can be or-
dered into a column vector f, of size m>MN 1. The warping operator F; can be
represented by a square matrix F; of size m>MN  m2MN . Convolution with the
PSF kernel B; can be represented by an equivalent convolution matrix B; of size
m2MN  m2MN . The structure of this matrix B; depends on the boundary condi-
tions used. Finally, the down-sampling operator D can be represented as a matrix

D ofsize MN m2MN . The additive noise is a column vector of size MN 1. The
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imaging model can now be expressed as

g = DBiFifo+ n;. (22)

This observation model is essential for the formulation in C hapter 3. It is also
instructive to relate the topics discussed in the thesis to w here they t into the

observation model.

2.3 Displacement estimation

Displacement estimation is a vast eld which has been extens ively studied in lit-
erature with varied applications in video compression and o ther computer vision
tasks. It is often used synonymously with the term “motion es timation’, "dispar-
ity estimation’, "warp estimation’, ‘image alignment' or ~ image registration' de-
pending on the application domain being studied. A good revi ew of displacement
estimation algorithms is given in [38]. Since this thesis de als primarily with multi-
view images of static scenes, there is no real motion taking place between the im-
ages. As a result, we prefer to use the term 'displacement’ to refer to changes in
spatial location. The use of the term "motion’ indicates a te mporal aspect which is
not dealt with in this thesis. However, in general discussio ns, we will continue to
use the term "motion estimation'. Displacement estimation forms an integral part

of super-resolution because:

1. knowledge about the displacements between images provid es essential con-

straints to aid in the solution of the ill-posed super-resol ution problem.

2. inaccurate estimates of the displacement leads to objectonable artifacts in the

high resolution image.

3. the degree of resolution enhancement that can be achieveddepends on the
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sub-pixel accuracy of the displacement information [39].

In certain applications like satellite imaging, the relati ve displacement between
low resolution images can be calculated based upon the orbital path and veloc-
ity of the satellite. However, in most cases, the displacement has to be estimated
as a pre-processing step for super-resolution. The motion of objects in the real
world can be described by a three-dimensional (3D) velocity eld. Its projection
on the image plane can be described by the corresponding two-dimensional (2D)
motion eld. When an estimate of the projected motion is requ ired, we are faced
with the motion estimation or displacement estimation prob lem. The estimated
motion is typically described using instantaneous velocit y ( ow) or displacement
vector elds [39] which are equivalent descriptions undert he assumption of con-
stant velocity motion between images. However, in an imagin g system, only the
spatio-temporal variation of the scene radiance is available as information. This
variation in scene radiance arises from complex interactio ns between scene illumi-
nation, the motion of objects and the parameters of the camera (orientation, focal
length, etc.) [39]. The projected 2D motion eld has to be inf erred using this in-
tensity variation. However, not all changes in image intens ity contribute to the 2D
motion eld. In Chapter 4, an intensity distortion is examin ed which causes inten-
sity changes between images that is not motion related. Nevertheless, even in the
presence of such ambiguities, it is possible to recover an approximation to the 2D
displacement eld which is popularly referred to as optical  ow.

Consider a point X = [x;y;z]" on an object in three dimensional space. A
camera at a particular viewing position indexed by i projects the 3D point X on
the image plane at x; = [x;;y;]". Given two such viewing positions indexed by
I;j and corresponding image intensities f (x;) and f (x;) (or alternatively, f;(x) and
f;(x)), the position of the projection of the 3D point X on the image plane from

viewing position i may be related to that from the viewing position j in two ways:
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1. The forward displacement or disparity X; Xx; describes the displacement
of the projected 3D point when there is a change in viewing pos ition from
position i to position j. When the forward displacement is used to predict
image f; (x) from the intensity values of the pixels of image f;(x), we term

this process forward registration

2. The backward displacement or disparity x; X; describes the displacement
of the projected 3D point when there is a change in viewing pos ition from
position j to position i. When the backward displacement is used to predict
image f;(x) from the intensity values of the pixels of image f;(x), we term

this process backward registration

The estimation of displacement elds is most easily categor ized under non-
parametric and parametric displacement elds. A non-param etric displacement
eld is a representation of the 2D motion eld on a nite set of  points in the image
plane. It is common to choose the set of points to correspond w ith the uniformly
spaced, discrete image sampling lattice . Such a method is the most general ap-
proach to displacement estimation and is advantageous because it can recover ar-
bitrary motion elds. The displacement between sampling po ints can be obtained
through a suitable interpolation. However, the large numbe r of parameters to be
estimated makes the problem under-determined and dif cult  to solve without the
inclusion of additional constraints. These non-parametri ¢ methods are also typi-
cally called dense because they can recover correspondencs between regions that
may be as small as a pixel. A parametric displacement eld, on the other hand,
represents the 2D motion eld as a continuous function of the spatial location x
that is determined by some parameters. Common parametric mo dels range from
a two parameter shift to a twelve parameter homography. Howe ver, it is not pos-
sible to represent arbitrary displacement using global par ametric methods. With

this short introduction to displacement estimation, we pre sent the displacement
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Figure 2.2: The5 5grid on which the ProFUSION25 sensors are arranged.

models and the estimation techniques used in this thesis.

2.3.1 Sub-pixel shift estimation

The ProFUSION25 camera array consists of individual cameras that are arranged
onaregular 5 5grid as shown in Figure 2.2. Each observed low resolution ima ge
can be considered to have been obtained by translating a camea to one of the 25
viewing positions onthe 5 5 grid. In light of such a scenario, the most intuitive

displacement model is that of a two parameter translational shift. It is expected
that the pixels in the image undergo a translation that is pro portional to the trans-
lation in the camera position. A spatial-domain technique p roposed by Keren et
al. [40] has been used to estimate the two-parameter shift in this thesis. The algo-
rithm proposed in [40] is a gradient-based technique and was originally intended

to estimate shifts as well as a rotation around the origin. Ho wever, in this thesis,
only the shift parameters have been estimated using this algorithm. Consider a

shifted image g(x;y) which is related to a reference image f (x;y) through the re-
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lation g(x;y) = f(x + p1;y + p2). The horizontal and vertical shift parameters can
be represented by the parameter vector p = [p, p.]". To cast the problem in an

optimization framework, an error function is de ned by

X
E(p)=  [Fx+puy+p) 9yl (2.3)

Xy
However, the function in Equation 2.3 is non-linear in the pa rameters p. Using
the rst order Taylor series expansion of the reference imag e intensity, the shifted

image can be expressed in terms of the reference image by

@ixy) , 0 @1x;y) ;
@x @y

axy) fxy)+ p (2.4)

where p; and p, are the horizontal and vertical shift parameters to sub-pix el ac-
curacy. The error function can then be expressed as a linear unction of the shift

parameters,

X @lxy) , | @lxy) g

E(p) = f(x;y)+ p a@x @y a(x;y) (2.5)

Differentiating E(p) with respect to p; and p, and equating the respective partial
derivatives to zero, provides the necessary equations to solve for the shift param-

eters. The shift parametersp; and p, can be obtained by solving,

p=M k;
2 5 5 3
fx(X;y)? fx G Yy (X y)
where M = 2 P 523
fx (G y)Ey (X y) fg(x; y)? (2.6)

P
; fx (X y)f (X
and K = QP a(xy) (G y)f (x y)g:
agx;y)  fy(sy)f(xy)
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In Equation 2.6, f,(x;y) and fy(x;y) refer to the horizontal and vertical spatial

derivatives. A multi-scale approach is used whereby at each level, the shift pa-
rameters are propagated to the next ner level by appropriat e scaling of the shift
parameters. Such an approach serves to reduce the computatonal burden in the

iterative process.

2.3.2 Afne displacement estimation

The translational motion model proves to be inadequate even when imaging suf -
ciently planar scenes. This is due to the fact that individua | camerasinthe5 5Pro-
FUSIONZ25 camera array are not perfectly aligned. This results in images that may
differ in scale and/or by small rotations. Hence, a six param eter af ne displace-
ment model was chosen to provide better image registration. The af ne model can
account for shear, rotation, scale and translation. Consider again the warped im-
ageg(x;y) which is related to the reference image f (x; y) through the af ne motion
model g(x;y) = f (pX + py + Ps; P3X + Pay + Pe). The parametersps; po; ps and pq
form the af ne matrix and the parameters ps; ps form the translation vector,
2 3 2 3

A= Qpl ng and t = stg:
Ps Ps Pe

The goal of af ne parameter estimation is to estimate the par ameter vector p =

[P1; P2; P3; Pa; Ps; pe]T which is done through minimization of the error function,

X
E(p)=  [f (pX+ pay+ Ps;paX + pay + ps) 90 Y)°: (2.7)

Xy
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The error function is expressed as a linear function of the parameters p using a

rst-order Taylor series expansion given by

X
E(P)=  [FOoy)+(px+py+ps )Gy +(psx+ pay+ ps Yfy(xy) 906y
Xy
(2.8)
Equation 2.8 can be written more compactly in the form,
X 2
E(p) = c'p k°; (2.9)
Xy

where the coef cient vector c and the scalark are de ned as,

c=[xfx(%y) Yix(xy) xfy(xy) yiy(xy) fx(xy) fy(y)]

and

kK=[f(xy) axy) xf(xy) yfy(xyl:

By differentiating the error function and equating it to zer o, the parameter vector

p can be obtained by solving,

X
p= cc (ck): (2.10)

Xy
The implementation details of this af ne estimation techni que are provided in [10].
The authors also provide a MATLAB implementation ! of this technique as a sub-
routine in their dense displacement eld estimation algori thm which is discussed

next.

Ihttp://www.cs.dartmouth.edu/farid/research/registra tion.html
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2.3.3 Dense displacement estimation technique

A recent optical ow estimation technique proposed in [10]i s used in this thesis to
provide dense displacement estimates. An implementation i s provided online by
the authors which is used in this thesis. This method models t he warping between
images as locally af ne but globally smooth. The af ne model in the previous
sub-section is applied to a small region (typically a rectan gular block) in the im-
ages being registered. A smoothness assumption is then applied which constrains
the model parameters to vary smoothly across space. A new energy function is de-
ned which incorporates a term like the one in Equation 2.7 an d a new smoothness
term. This energy function is minimized in an iterative fash ion. Similar to previ-
ous approaches, a coarse-to- ne scheme is used in order to cantend with larger
motions. The original application of this displacement est imation technique was
for medical images where it performs satisfactorily. Howev er, the registration of
two 480 480images takes approximately 90 minutes. The algorithm was te sted
on a laptop with a Intel Core2 Duo T9600 processor running at a clock speed of
2.8GHz. Despite its computational complexity, we use this d ense displacement

estimation algorithm because of the availability of an impl ementation.

2.4 Summary

This chapter presents certain background material that is e ssential to the work car-
ried out in subsequent chapters. A literature review was pre sented in Section 2.1
which presented some of the shortcomings in the literature t hat this thesis hopes
to address. The observation model was developed in Section 2.2. The assump-
tions made in the observation model have a profound effect on the success of the
super-resolution process which is repeatedly pointed out i n this thesis. Finally, the

displacement estimation techniques used in this thesis are presented in Section 2.3.
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Chapter 3

Regularization methods in super-resolution

“Far better an approximate
answer to the right question,
which is often vague, than an
exact answer to the wrong
question, which can always be

made precise.”

- John W. Tukey

In this chapter, super-resolution is introduced as an ill-p osed inverse problem.
A brief introduction to inverse problems is given in Section 3.1. This formula-
tion as an inverse problem is pertinent because it justi es t he use of regularization
methods to make the problem well-posed. These concepts are further expounded
in Section 3.2. In Sections 3.3-3.5, the most widely used reglarization methods in
image processing and super-resolution literature are disc ussed at a level that is suf-
cient to demonstrate the key features of each method. Final ly, chapter highlights

are listed in Section 3.6.

3.1 Inverse problems and super-resolution

In systems theory, given knowledge about the parameters and /or the physical pro-

cesses involved, the outcome of an associated measurement an be predicted. The
process of predicting the result of such measurements invol ving known character-
istics of a system is called the forward problem. The corresp onding inverse prob-

lem consists of using the actual result of such a measurementto infer the values of
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the parameters that characterize the system [41]. The forward and inverse prob-
lems form a chicken-and-egg scenario in which the formulati on of one involves
all or part of the solution of the other. In certain cases, the forward model is eas-
ier to solve while in others, the inverse problem is more trac table. For example,
consider the forward problem of nding the roots of a polynom ial and the inverse
problem of constructing the polynomial from its known roots . In this case, the for-
ward model is the harder one. Super-resolution has traditio nally been cast as a in-
verse problem of inferring the formative high resolution im age from the observed
low resolution images. The associated forward model is the i maging process that
generates the low resolution observations given the high re solution image. Not
only is the inverse super-resolution problem harder to solv e, it is also an ill-posed
problem with numerical stability issues. The de nition of i Il-posedness was rst
described by Hadamard in the eld of partial differential eq uations [42]. A wide
variety of applications involving inverse problems has shi fted the focus from ill-
posed problems being studied exclusively as mathematical curiosities to ones of
great practical interest (early vision problems, computer tomography, etc.) [43]. A
well-posed problem is one for which (a) a solution exists, (b ) the solution is unique
and (c) the solution depends continuously on the initial dat a. In other words, the
solution must be stable to perturbations in its arguments. T he third condition does
not imply robustness. For the solution to be robust, the prob lem must also be nu-
merically well-conditioned. A problem that violates any of these conditions is said
to be ill-posed. A hand-waving argument for the ill-posedne ss of super-resolution

can be made by examining each of the Hadamard conditions [39] .

1. Non-existence of the solution: The presence of noise in the imaging process
(given its characteristics) may result in a sequence of obseved low resolu-
tion images that is inconsistent with any high resolution im age. As a result,

the forward model is non-invertible and a high resolution im age cannot be
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estimated.

2. Non-uniqueness of the solution: Any portion of the high re solution image
that lies outside the band-limit of the imaging sensor (ofte n modeled as a
low-pass lIter) belongs to the null space of the system opera tor. Since such
out-of-band data could be explained by more than one high res olution im-
age, the solution can be argued to be non-unique. Furthermore, because the
number of constraints in super-resolution is typically les s than the number
of parameters to estimate, the system is under-determined w hich leads to

non-unique solutions.

3. Discontinuous dependence of the solution on the data: Consider a blur op-
erator in the forward model that asymptotically goes to zero as the spatial
frequency increases. While theoretically invertible, in p ractice, even a small
noise component at a large enough frequency will cause a large spurious
signal in the reconstructed high resolution image. Such a scenario leads to

stability issues.

The ill-posedness of the inverse problem is inextricably li nked to the informa-
tion loss that occurs as a result of the realization of the for ward model because
the low resolution images contain less information than the high resolution image.
Regularization refers to the methods which attempt to compe nsate for this infor-
mation loss by leveraging a priori information about the des ired high resolution
image. This information is termed a priori because it cannot be typically estimated
from the low resolution observations. The a priori informat ion serves to constrain
the set of feasible solutions by imposing characteristics like positivity, smoothness
and minimum energy on the desired high resolution image.

From an optimization point of view, regularization methods are used to "scalar-

ize' multi-criterion optimization problems through the us e of regularization pa-
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rameters. Multi-criterion problems involve objective fun ctions that are vector-
valued functions. Each component of such a vector-valued fu nction comes from
one of the multiple and often con icting criteria used in the objective function.
The regularization parameters can be thought of as weights t hat signify the rel-

ative importance of these different criteria. Typically, t he terms in the objective
function represent a trade off between con icting resource s. The subsequent min-
imization of a regularized problem results in a Pareto-opti mal point. The choice of
regularization parameter selects different Pareto-optim al points along the optimal

trade-off surface. While each solution along the optimal tr ade-off curve has the
same value for the objective function, they may physically r epresent drastically

different solutions.

3.2 Regularization in an optimization framework

In [44], the super-resolution problem is shown to fall under the class of image
restoration problems. Recalling the matrix-based observation model introduced in
Section 2.2, the mathematical formulation of super-resolution can then be cast in

the familiar form of an image restoration problem,

2 3 2 3 2 3 2 3
Jdo DoBoFo No Ho
h=R o dpeRid- E 5 %f +n
Ok D«BkFk Nk Hy
g=Hf +n; where (3.1)
2 3 2 3
Ho No
H=2g: and n = E : %
Hy Nk
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To further elucidate the notation in Equation 3.1, g denotes a stacked version of
the lexicographic ordering for each low resolution observe d image g;. The cor-
responding column vector g is of size (k + 1)MN 1. Similarly, the matrix H
represents a stacking of the generative matricesH; for each observed image. The
resulting matrix H is of size (k+1)MN m?MN . The column vector n is of similar
construction. The high resolution image to be estimated is r epresented by f (the
zero sub-script is dropped for convenience). This mathematical notation is intro-
duced to conform to the conventional notation used in super- resolution and image
restoration literature.

We can now attempt to solve the super-resolution problem by a straight-forward
objective function that is constructed in the classical least-squares sense. This ob-
jective function represents how closely the estimated high resolution image matches
the observation model. Consequently, it is also referred to as a data delity term
because it measures the delity of the high resolution estim ate to the observed low

resolution images.

f-5 =argmin J4(f;9);
f (3.2)
Ja(f;g) = kHf gk®:

In Equation 3.2, the norm k k refers to the L, norm. When the system matrix H has
full column rank (the columns are linearly independent of ea ch other), the solution
to the least-squares formulation is obtained by solving the set of normal equations
given by

H'TH f=HTg: (3.3)

A full column rank implies that the null-space of H is empty and guarantees a
unique solution to the system of equations. However, this is seldom the case and

hence the problem of a non-unique solution crops up. The null -space of the sys-
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tem matrix N (H) is the set of input images which result in a zero image when
passed through the imaging system (observation model) H. For a predominantly
low-pass ltering system H, an example of an image belonging to the null-space
N (H) would be an image containing frequencies in the stop band of t he system
H. In such a case, there will be an in nite number of high resolu tion images that
produce the same set of low resolution observations. If f; is a particular solution
to Equation 3.3, then the optimization problem de ned solel y in terms of the data

delity criterion will generate an in nite number of soluti  ons given by

fiS = f,+ fy; where fy 2N (H): (3.4)

It is often infeasible to construct the system matrix H and the computational cost
involved in its inversion can be prohibitive. The subsequen t operations are carried
out more easily through point-wise shifting for warping, co nvolution for blurring
and interpolation/decimation for re-sampling operations . These can be combined
with iterative procedures to solve the normal equation 3.3 u sing gradient descent

as follows,

LS _ ¢LS LS
fLS = fLS  p fl

rf-=S=HTHf®S HTg (3.5)

fis =5 HTHfS HTg :

n+1

The action of the operator H in the imaging process Hf = DBF f is the aggre-
gate of rst warping the high resolution estimate f with the operator F, followed
by blurring with the operator B and nally down-sampling with  D. The adjoint
operator of the imaging system HT = FTBTDT is interpreted as rst up-sampling
by zero-insertion through DT, blurring by the Iter represented by BT and nally

undoing the warping operation (backward motion) through th e operator FT. The
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blurring operation represented by BT is carried out by convolution with the space-
reversed kernel b( x). If the original PSF b(x) is symmetric around the origin, then
BT is the same as the original convolution matrix B. We demonstrate in Figure 3.1
that depending on the initial estimate chosen, the iterativ e minimization of Equa-
tion 3.2 leads to different solutions among the solution spa ce represented by Equa-
tion 3.4. By using two different initial estimates, a zero im age and a uniformly
random image, the least-squares optimization results in di fferent high resolution
estimates. In all the experiments performed in this chapter, synthetic scenarios
have been used to demonstrate each concept. The experimentsare carried out by
rst shifting a given image using only translational shifts . The original high reso-
lution image that is used is the famous cameramammage. The particular version
of the cameramainmage used in this thesis was obtained by scanning (at a 600 dpi
resolution) a photographic print of the original cameraman image that was pro-
vided by Dr. William F. Schreiber, Professor Emeritus, Mass achusetts Institute of
Technology. The shifted images are then blurred using a rectangular averaging
Iter of kernel size 3 3 and nally down-sampled by ideal impulse sampling to
generate a set of low resolution images. A total of four low re solution images are
generated through this process, each with a different sub-p ixel shift on the low
resolution grid. The resulting four low resolution images a re then used in each of
the schemes described in subsequent sections.

To deal with the non-uniqueness of the least-squares solution that is demon-
strated in Figure 3.1, regularization terms, which are ofte n referred to as smooth-
ing terms, are imposed as constraints. Perhaps the simplestregularization term
is that seeking a solution of minimum energy. It is referred t o as the generalized
inverse and can be interpreted as the solution f¥ having minimum energy kfk in

the solution space represented by Equation 3.4. The optimization problem has the
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(a) low resolution im- (b) Least-squares super-resolution result with a
age zero image as initial estimate (4 magni cation)

(c) Least-squares super-resolution result with a
random (uniform) image as initial estimate ( 4
magni cation)

Figure 3.1: Non-uniqueness of the least-squares solution
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form,

fY =argmin fJ s(f) suchthat J4(f;g) =0g
f (3.6)

where J4(f;g) = kHf gk?® and Jg(f) = kfk?:

The generalized inverse solution gives equal importance to all frequency bands.
However, natural images have an exponentially decaying spe ctrum and thus a reg-
ularizer that is able to weight different frequency bands is more useful. As we shall
demonstrate in Sections 3.3, 3.4 and 3.5, the physical plaughility of the solution
rather than its uniqueness is a more important concern in reg ularization analysis.

This physical plausibility translates into an appropriate ly chosen smoothing term

J4(F).

3.3 Tikhonov regularization

The most widely used class of regularizers are the Tikhonov r egularizers having
a smoothing term Jg(f) = kCfk2. A high-pass lter is a common choice for the
operator C thatis used in the regularization term. In this thesis, the L aplacian lter,
which serves as an approximation to the second-order deriva tive of the image f (x),
is used. The frequency response of the Laplacian Iter and it s corresponding blur
kernel are shown in Figure 3.2.

Based on the high-pass operator C used, Tikhonov regularization employs a
speci c class of so-called “stabilizing functionals' to re strict admissible solutions to
spaces of smooth functions. This re ects our expectation th at natural images have
minimum energy in higher frequency bands. Since noise patte rns typically reside
in higher frequencies, Tikhonov regularizers also serve to suppress noise and spu-
rious high frequency artifacts. However, perceptually imp ortant edges also appear

as high frequency components. Since the Tikhonov regulariz er cannot differentiate
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(b) Frequency response of the Laplacian Iter

Figure 3.2: The Laplacian Iter in the spatial and frequency domains
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between noise and edges, the resulting high resolution imag e undergoes undesir-
able smoothing. An example of super-resolution using Tikho nov regularization

is shown in Figure 3.3(b). The original high resolution imag e used is also shown
in Figure 3.3(a). A reference low resolution image is shown i n Figure 3.1(a). The

optimization problem using Tikhonov regularization is for mulated as,

fi =argmin J4(f;g) + Js(f); where
f (3.7)
Ja(f:g)= kHf gk® and Js(f) = kCfk%:

The minimizer of the optimization problem in Equation 3.7 is  given by the normal
equations,

H'g (H'H+ CcTC)f™ =0: (3.8)

The parameter is called the regularization parameter which allows us to co ntrol
the trade-off between the stability of the solution in the pr esence of noise and the
nearness of the regularized solution to the generalized solution in the ideal case
of no noise. A large value of the regularization parameter le ads to smoother im-
ages (and better noise suppression). On the other hand, a smdler regularization
parameter ensures a closer match to the observed images. Thee are many tech-
niques to select the optimal value of the regularization par ameter which have not
been discussed in this thesis. A collection of methods to select optimal values of the
regularization parameter is presented in [45]. A more recen t approach geared to-
wards choosing the regularization parameters for super-re solution problems can

be found in [46]. We solve Equation 3.8 iteratively using a gr adient descent ap-
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(a) Original high resolution image

(b) Tikhonov regularized result (4 magni ca-
tion)

Figure 3.3: Tikhonov regularized super-resolution result
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proach.

o =6 e
rf=HTHfT™® HTg+ C TCfl* (3.9)

fr;r-lll-(l - fr'll'ik HT(Hfr']I'ik g) + C TCfr']I'ik

In Equation 3.9, the subscript n is used to refer to the iteration number. The al-
gorithm is initialized with a nearest-neighbor interpolat ion of the reference low
resolution image that we are attempting to magnify. The step -size is chosen
to be small enough to converge within a suitable number of ite rations without
large oscillations in the value of the objective function. H owever, after performing
Tikhonov regularization we can observe the excessive smoothing in Figure 3.3(b).
Tikhonov regularization encounters serious dif cultiesi n application to real life vi-
sual problems because global smoothness assumptions (impied by the minimiza-
tion of high-frequency content) do not hold indiscriminate ly across visual discon-
tinuities (depth, intensity, motion). The dif culty isinp  art also due to the fact that
the quadratic nature of the prescribed L, norm offers no spatial control over its
smoothness properties [47]. We address this shortcoming of excessive smoothing

in the following sections.

3.4 Statistical regularization

A statistical regularization approach views the measureme nt noise n and the de-
sired high resolution image f as random elds. The most widely used random
eld model is the Markov random eld (MRF) made popular in com  puter vision
applications by Geman and Geman [48]. The underlying princi ple behind Markov
random elds is the conditional dependence of a pixel's inte nsity on a nite neigh-

borhood around it. The super-resolution problem can then be cast into a Bayesian
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framework and maximum a posterioriMAP) estimation of the high resolution im-
age can be carried out. Bayesian estimation distinguishes between solutions based
on an image prior model (a probability density for the image) . A common as-
sumption is that of global smoothness for the image which ari ses from a Gaussian
prior for the high resolution image. This prior when combine d with the Markov
property leads to a Gauss-Markov random eld (GMRF). Howeve r, such an as-
sumption makes the appearance of sharp edges statistically unlikely, effectively
suppressing the high-frequency information like Tikhonov regularization. A more
plausible prior is one assuming that the high resolution ima ge is piecewise smooth
which is often the case with natural images. Images of real-w orld scenes corre-
spond to smooth regions separated by sharp discontinuities . The Huber-Markov
random eld model (HMRF) is a prior which represents piece-w ise smooth data.
It was rst used in super-resolution by Schultz and Stevenso n [14] and in single
image interpolation [49] showcasing dramatic visual impro vement in resolution.

The MAP estimation procedure can be mathematically represe nted as,

fMAP = arg max Prffjgg

PrfgjfgPrffg

Prigg (using Bayes theorem) (3.10)

= arg max

=arg mfaxfln Prfgjfg+InPrffg InPrfggg:

The maximization in Equation 3.10 is converted to a minimiza tion after neglecting
the term In Prf gg because it is independent of the variable over which minimiz a-

tion is being carried out. This minimization can be writtena s
fMAP = arg mfin f InPrfgjfg InPrffgg: (3.11)

In the following discussion, we will show that the constitue nt terms of Equa-

tion 3.11 can be exactly interpreted as the data- delity ter m J 4(f; g) and a smooth-
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ing regularization term Jg(f). The conditional probability density Prfgjfg is re-
ferred to as the likelihood of observing the low resolution i magesg given a certain
high resolution image f. With the assumption of the noise n being i.i.d Gaussian

distributed with a variance of 2, the likelihood term is represented by

. 1 k Hf k?
Prfgjfg= 2 2)MN:Zexp 52 g : (3.12)

In Equation 3.12, M and N refer to the width and height (in number of pixels) of
the low resolution image. The high resolution image prior is represented by the
Gibbs random eld that is given by

Prifg= Ziexp —1X Vo(f) (3.13)
c2C
1 2 2 2
1 1 2 2
1 2 2 2
3
3 3 3
3 3 3 3
3 3 3
3

Figure 3.4: 1, 24 and 3™ order neighborhoods

The Hammersely-Clifford theorem [50] proves the equivalen ce of the Gibbs
random eld and a Markov random eld. The Gibbs random eld is therefore

used as a practical generating distribution for the MRF beca use it is characterized
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by neighboring site interactions which lead to intuitive im age models. The param-
eter Z represents a normalizing constant also called the partitio n function, s the
temperature parameter of the density (also plays the role of the regularization pa-
rameter) and V() is the potential function of a clique c. A clique is de ned as a
single site or a set of sites that are all neighbors of each other [51] which are used
to measure some local property of the image. The summation in Equation 3.13 is
carried out over the set of all cliques Cin the image. The Markovian property of
decoupling future from the past is extended to two dimension s through the famil-
iar notion of neighborhoods. A neighborhood is denoted as ei ther rst, second or
higher orders based on the number of pixel neighbors that are considered. A picto-
rial depiction is shown in Figure 3.4. Substituting Equatio n 3.12 and 3.13 in the ob-
jective function and ignoring the terms independent of the h igh resolution image f,
we arrive at an equation that consists of the data delityter m J4(f;g) = kHf gk®

and a smoothing term Js(f) = ¢ Ve(f).

HMRF _— ; 1 2 1 X .
f = argmin ﬁka gke+ = V(f): (3.14)
f c2C
In the particular choice of the Huber-Markov random eld ast he image prior,
the clique potentials are a function of second-order direct ional derivatives which

provide a measure of smoothness (or lack of smoothness). The prior density is

represented by,

!
_ 1 1X T
Prffg= v exp — (d.f) (3.15)
c2C
The coef cient vector d. represents a spatial activity measure for each clique. De-
pending on the type of clique (classi ed as horizonal, verti cal, diagonal and anti-
diagonal), the spatial activity measure for that clique is a discrete approximation

to a second-order directional derivative. These direction s are shown in Figure 3.6.
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When using a Gauss-Markov random eld, the function (') is quadratic in nature
which leads to a convex function that has a unique global mini mum. However,
the quadratic nature results in blurring of the edges that is very similar in spirit
to that occurring in Tikhonov regularization. The second-o rder derivatives are
small in smooth image regions but have a large magnitude at ed ges. The quadratic
“penalty’ function drives these large magnitudes even high er thus severely penal-
izing the occurrence of edges. It is then more suitable to select a function that does
not penalize large derivatives by a large amount. The Huber f unction is given by
8
2 x2 xj T
(x) = > . . (3.16)
T2+2T(jxj T) iXj>T:
The Huber function is parameterized by the parameter T which is the threshold
at which the behavior of the function changes from quadratic to linear. For small
arguments, the Huber function remains quadratic but at the t hreshold T, the Hu-
ber function becomes linear. A linear behavior does not penalize larger deriva-
tives (edges) excessively and hence serves to preserve edgein the high resolution
image. The Huber function and the quadratic penalty functio n are compared in
Figure 3.5. The use of the Huber function has two major implic ations on the opti-

mization process:

1. The Huber function is convex in nature and hence the corresponding objec-

tive function remains convex.

2. The decreased sensitivity to large derivatives (outlier s) allows discontinuities

to be preserved in the high resolution estimated image.

The clique potentials in the smoothingterm Js(f) = . (dlf) employ second-
order derivatives along the horizontal, vertical, diagona | and anti-diagonal direc-

tions. Each of these derivatives require interactions betw een three pixels in the
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Figure 3.5: The Huber penalty function parameterized by the threshold T

chosen direction. The cliques involved and their direction s are shown in Figure 3.6.

ds

do

d. d2

Figure 3.6: The four cliques and their associated directions

The second order derivatives are calculated using nite dif ference approxima-
tions (convolution with an equivalent 3 3 lter kernel). The minimization is
carried out by the gradient descent method which results in a n update equation

given by
fHVRE = fHMRE 4 ] o(fMRF) —ZHT(Hf,ﬂWIRF g) : (3.17)

Following the same notation used before, refers to the step-size used in the up-

date and the subscript n denotes the iteration number. Notice that the super-script
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has been changed fromfMAP to fHMRF to re ect the use of the Huber-Markov ran-

dom eld as a prior image. A super-resolution using the same s ynthetic scenario
involving the cameramatmmage is shown in Figure 3.8. It can be observed that the
HMRF is able to preserve edges to a greater degree than Tikhonov regularization.
However, the HMRF-based regularization suffers from certa in drawbacks identi-

ed below that make it less attractive [52].

1. The optimization process depends on three parameters viz., the regulariza-
tion parameter , the noise variance 2 and the threshold of the Huber func-

tion T.

2. The HMRF prior is unable to preserve texture well because it reduces the

ef cacy of the Markov random eld in modeling such regions.

3. The smoothing afforded by the four cligue measures is not a dequate to pre-
vent smoothing across edges. This effect is demonstrated inFigure 3.7 which
shows the independent effect of each clique measure (by seting the others
to zero) on an arbitrarily oriented edge. We can observe that with the excep-
tion of the clique representing the anti-diagonal directio n in Figure 3.7(d),
all the other clique measures in Figures 3.7(a)-(c) perform smoothing across
the edge. The result using all the cliques involves a weighte d sum of contri-
butions from each cligue measure. Thus smoothing across edges inevitably
occurs even when using the HMRF prior. These are the primary m otivations
leading to the use of a variational regularizer which is disc ussed in the next

section.

3.5 \Variational regularization

Variational regularization is derived from applications i n the related elds of ther-

modynamics, diffusion and the heat equation. It is also invo Ived in the theory of
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(a) Clique 0 Contribution (b) Clique 1 Contribution (c) Clique 2 Contribution

(d) Clique 3 Contribution

Figure 3.7: Contributions of the different cliques in smoot hing

Figure 3.8: Huber-Markov random eld regularized super-re solution result ( 4
magni cation)
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minimal surfaces in pure mathematics and in engineering app lications like elastic-
ity and uid dynamics [53]. The use of variational regulariz  ers in image process-
ing was initiated by [54] for edge detection and in [55] for no ise removal. Since
those landmark papers, variational regularizers have been widely used in image
restoration, segmentation and motion estimation. More rec ently, they have been
used in [52] for regularized image up-sampling with a new obs ervation model.
The demonstrated success of the variational regularizer in such applications moti-
vates its use in super-resolution. The various variational regularizers used in the

literature have a uni ed form for the smoothing term  J4(f ), which is given by

y
Js(F)= L(r fj)d : (3.18)

Equation 3.18 assumes that the high resolution image is continuous in nature and
is de ned over the region , which is a rectangular bounding box in R2. The func-
tional L() Ois an increasing function of r f, where r represents the gradient
operator. The derivative of the function LY ) > OandLqr f)=0whenr f =0. A
discussion of some of the more successful functions L () used in literature can be
found in [56]. We choose to use the function L(jr fj) = jr fjin this thesis which is
in the spirit of total variationalregularization. However, we continue the following
discussion with a general function L ().

The energy functional Js(f) can be minimized (similar to steepest descent) by
moving in the negative direction of the gradient through the following partial dif-

ferential equation, which uses an arti cial time parameter t,

@f _ . ot
o rJ o(f) = div LO(JrfJ)jr—fj : (3.19)

The gradient of the functional J¢(f) is shown to be equalto div LYjr fj % in

[56]. The desired high resolution image can be recovered through the minimization
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of the energy functional given by

Z
E(f)=  LGr fj)d + SkHf gk* (3.20)

If E(f ) has a unique minimizer, then it satis es the Euler-Lagrange equation,

H'g HTHf+ div %rf =0: (3.21)
Equation 3.21 can be expanded by developing the divergence term. This is done by
decomposing the divergence term using local image structur es [57]. In particular,
the normal and tangential directional vectors to isophote ¢ urves in the image are
used. Isophotes are constant intensity curves in the image. An example is shown
in Figure 3.9. Only three levels have been used in Figure 3.9(b), yet a large part of

the image structure is observable.

r f(x)
jr £(x)j

T(x);KT(x)k = 1 to be orthogonal to N(x). Using the notation f;f,, to repre-

and

At each point x = (X;y) 2 R?, we dene the vectors N(x) =

sent rst and second derivatives of the image f in the subscripted directions, the

Euler-Lagrange equation 3.21 is expressed as

LOGr 1)

T T :
H'g H Hf+ div 1]

f.+L%r fj)f, =0: (3.22)

The second order directional derivatives f , and f__ are given by

1
jr f12
1
jr f12

f, ()= f2f + F2Fyy  2ffyfyy

(3.23)

and f_ (x)= £2Fyy + £ 2 +2fF )y

The decomposition in Equation 3.22 is useful because the acton of the opera-

tors in the tangential and normal directions is more clear. T he quantity f_. is the
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200

400 )

1000

1200f

I
1200

(b) 3 level iso-intensity plot

Figure 3.9: Constant intensity curves of an image
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second order directional derivative that is tangential to t he isophote lines. It can
also be interpreted as being normal to the gradient r f at x. Similarly, the quantity

f . IS the second order directional derivative normal to the iso phote line which

NN
can be viewed as being along the gradient r f. The argument of the function L is
the L;-norm of the gradient of the high resolution image. A small gr adientis char-
acteristic of noise or textured region, while a large gradie nt indicates the presence

of an edge. We are then faced with the following two scenarios .

1. When the variation in image intensity is weak (small gradi ents), smoothing
should be encouraged equally in all directions. Such an isot ropic smoothing
condition is obtained by imposing the conditions that LY0) =0; lim ——= =
sI!irQ+L°?s) = L%0) > 0. Thus, at those points where jr fj becémes small,

Equation 3.22 becomes,

H'g HTHf+ L%0)(f,, +f,)=0: (3.24)
However, since f.. +f ,, =f +f = f,
H'g HTHf+ L°%0)( f)=0: (3.25)

Equation 3.25 represents an equation having strong regularizing properties
in all directions [57]. It behaves similar to the Tikhonov re gularization de-

tailed in Section 3.3.

2. The presence of an edge is indicated by a large change in imaye intensity and
a correspondingly large image gradient. To preserve the edge, it is prefer-
able to diffuse along the edge (in the tangential direction T(x)) rather than
blurring it by diffusing across the edge. In order to accompl ish this, it is suf-

cient to ensure that the coef cient of the derivative in the normal direction
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f ., vanishes in Equation 3.22 and that the coef cient of the deri vative in the

NN

tangential direction f_. remains nite.

The decomposition in Equation 3.22 demonstrates that the diffusion process
behaves like an energy dissipation in two orthogonal direct ions. The diffusion of
the intensity values of f (x) across the image isophotes (along the spatial gradient)
leads to blurred edges in the image which is an undesirable pr operty. On the other
hand, the diffusion along the image isophotes has an edge-preserving effect along
with smoothing of unwanted texture and noise. Diffusion in a n orthogonal di-
rection to the gradient can be viewed as edge-directed Iter ing without any prior
computation of edge-maps [52]. As a result, the intensity an d location of the edges
is preserved while smoothing along them and maintaining the ir crisp quality.

We choose the function L(jr fj) = jr f] put forward by Rudin, Osher and
Fatemi in [55] which is often termed the ROF model in image pro cessing litera-
ture. Such a choice leads to thetotal variationnorm which represents the diffusion
process given by

@f rf

@t: div i T = (3.26)

Equation 3.26 de nes the mean curvature of f (x). The use of the total variation
norm de nes a space of high resolution images having bounded total variation in
which discontinuities are permissible. As mentioned befor e, this is advantageous
because natural images comprise of smooth regions separatel by sharp edges. In
fact, the space of functions of bounded variation has been described in [55] as the
proper space for performing many image processing tasks.

To solve the optimization problem in Equation 3.20, we use me an curvature
evolution which relies on the theory of level set methods. We refer the reader to
[58] for a review of level set methods. Osher and Sethian [58] developed the level

set method (LSM) to analyze the motion of a front in two or thre e dimensions. The
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goal of level set methods is to compute and analyze the motion of a front under a
velocity eld. This velocity can be dependent on a number of f actors like position,
time and the geometry of the front [59]. In our case, the front is represented by
the constant intensity curves or isophotesf the image. The underlying principle of
level set methods when applied to image processing is to prop agate these fronts
with different types of motion. Depending on the characteri stics of the motion that

the fronts are subject to, we can obtain effects such as [52];
1. straightening out oscillatory contours
2. shrinking isolated noise patterns
3. preserving the boundaries of small objects and so on.

The formulation of the problem using Equation 3.20 and choos ing L (jr fj) =
jr fj is given by 7
fTV =arg mfin jr fjd + Eka gk?: (3.27)

This minimization problem is solved by the steady-state sol ution to the partial

different equation arising from the Euler-Lagrange equati on 3.21,
— = H T(Hf g); (3.28)

where is the mean curvature de ned in Equation 3.26 and is a regularization
parameter. Equation 3.28 can then be converted into the following iterative process
[52],

fiy =fV+ HTHfY g : (3.29)

n+1

The step-size is also called an arti cial time-step. The numerical implem enta-
tion of the partial differential equations in the mean curva ture term is carried

out using second-order central differences which is suggested in [60]. The mean
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curvature term is given by

_Fadd 2y fy + fyf2 (3.30)
(F2+ip2 |

The second-order partial derivatives are approximated usi ng central differences

which are given by,

_ fix+1ly) f(x Ly).
5 :

fy(y)= YTV,

fx(x;y)

FaOGY) = F(x+15y) 206y)+ f(x Ly);

foy(y)=f(xy+1) 2f(xy)+ f(xy 1)

_ f(x Ly D+f(x+1l;y+1) f(x Ly+1) f(x+1;y 1)
fay (X y) = 4 :

(3.31)

The second-order derivatives in Equation 3.31 can be conveniently calculated by

convolution with the corresponding kernels,

hy= 05 0 05 ;

h = 1 21
T (3.32)
hyy_ 1 21 3
2 3
1 O 1
hxy = g 0O 0 O
1 0 1

We have given a mathematical treatment of the various regula rizers in this
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Figure 3.10: Total-variation (TV) regularized result (4 magni cation)

chapter for the sake of completeness and to understand their properties and im-
pact on super-resolution. The mechanism of the super-resolution process can be
understood when it is viewed in a graphical ( ow-chart) form  as shown in Fig-
ure 3.13. This particular ow-chart represents a single ite ration in the iterative
total-variation based super-resolution algorithm. Using the total-variation regu-
larizer, the same sequence ofcameramanmages has been super-resolved in Fig-
ure 3.10. As can be observed, the result is sharper than the Tkhonov and HMRF
based regularization. Furthermore, note the preservation of texture in the camera-
man's hair as opposed to the HMRF-regularized result. For ea se of comparison, we
have included the different regularizers used as well as sin gle image bi-cubic and
nearest neighbor interpolation in Figure 3.12 to demonstra te the visual increase in
resolution. An objective image quality metric that is often used is the peak signal-
to-noise ratio (PSNR). The PSNR requires the availability of an original high res-

olution image to compare with the super-resolution result. It is mathematically
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Figure 3.11: Super-resolution performance (PSNR) as a fundion of the number of
low resolution (LR) images

expressed as

1
PSNR=10log MSE
LR (3.33)
where MSE = N Kf(x;y)  g(x;y)k?
x=1 y=1

In Equation 3.33, M and N refer to the number of pixels in the horizontal (x) and
vertical (y) image axes. The image intensity values have been assumed to le nor-
malized between 0 and 1. Using the PSNR value, the effect of the number of low
resolution images on super-resolution performance can be quanti ed numerically.

A characteristic graph using the total variation regulariz er is shown in Figure 3.11.
This graph shows a steep increase in performance which begins to saturate after
a certain number of low resolution images is used. This is due to the decrease in
useful non-redundant information that each low resolution image contributes to

the high resolution image.
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(a) Bi-cubic Interpolation (b) Nearest Neighbor Interpolation

(c) Tikhonov Regularization (d) HMRF Regularization

(e) TV Regularization

Figure 3.12: Comparison of the different super-resolution results
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3.6 Summary

The discussion in this chapter is mainly aimed towards formu lating super-resolution
as an inverse problem and justifying the need for regulariza tion. From an ob-
servation model point of view, the most physically plausibl e prior (or regular-
izer) is investigated. The impact of some popular regulariz ers on super-resolution
are demonstrated. The results show that the total-variatio n regularizer results in
the most noticeable resolution enhancement. In light of thi s observation, all sub-
sequent results in this thesis use the total-variation regu larizer unless otherwise

stated.
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Chapter 4

Characterizing the ProFUSION25 camera array and its

implication on super-resolution

“The best material model of a
cat is another, or preferably the

same, cat.”

- Norbert Weiner

Most of the recent advances in super-resolution performanc e can be attributed
to the use of increasingly speci ¢ prior models for the high r esolution image. The
performance of three speci c priors, viz., a Tikhonov regul arizer, an HMRF prior
and the total-variation regularizer, were demonstrated in Chapter 3. However,
we feel that current literature has paid little attention to wards characterizing the
imaging sensor which can play a major role in the super-resol ution process. Exist-
ing papers on super-resolution tend to focus on better regul arization methods to
achieve incremental gains in performance. This approach is myopic because the
problem is not considered as a whole. The oft-cited paper by B aker and Kanade
[16] demonstrates the use of a learnt prior as the regularizer which can "break’ the
super-resolution limit at high magni cations. They argue t hat a general smooth-
ness prior, like the ones used in this thesis, tends to overly smooth the image at
higher magni cations. This has sparked an increase in the nu mber of techniques
utilizing learnt priors for different categories of images like faces in specialized
applications. However, rather than taking such an approach , we ask the question
whether knowing more about the imaging process itself would be useful in im-

proving super-resolution performance. The techniques emp loyed rarely account
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for the different operations in the imaging pipeline that im plicitly occur during
the capture of the scene. Such operations in the imaging pipeline can adversely af-
fect various computer vision tasks if they are not accounted for properly. A review
of the typical components in an imaging pipeline can be found in [61].

In the following discussion, a speci ¢ photometric distort ion introduced by the
ProFUSION25 camera calledvignetting is rst examined in Section 4.1. A photo-
metric distortion (as opposed to a geometric distortion) re sults in pixel intensities
that are not constantly proportional to the luminance of obj ects in the scene. The
implications of vignetting on super-resolution performan ce are also examined in
Section 4.2. After correcting for the vignetting, the point spread function (PSF) of
the ProFUSION2S5 is identi ed in Section 4.3; this is shown to signi cantly impact
super-resolution performance in Section 4.4. Finally, a summary of the chapter is

presented in Section 4.5.

4.1 Vignetting effects in super-resolution

Vignetting refers to the radial fall-off of intensity fromt he center of animage. It can
be observed as the gradual darkening of the image towards the corners. Vignetting
effects can prove to be problematic for a variety of applicat ions. It can affect graph-
ics applications in which sequences of images are stitched together, such as image
mosaicing, image-based rendering, etc. It also affects vison applications which use
the brightness constancy assumption and intensity-based correlation methods to
recover scene structure like optical ow [62]. Since super- resolution involves both
estimating the displacement between images and fusing the i mage sequence into
a higher-resolution image, vignetting effects prove to be t wice implicated in the
detrimental performance of super-resolution algorithms: once in the estimation of
displacements and next in combining the low resolution imag es. This motivates

us to examine its effect on super-resolution and develop met hods to correct for it.
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The four main sources of vignetting as categorized in [62] ar e:

1. Natural Vignetting : refers to radial intensity fall-off due to optical geometr .
While the irradiance is proportional to the radiance, it dec reases as the fourth
power of the cosine of the angle that a ray makes with the optic al axis. This
angle changes as the focal distance is varied. It is usually assumed to be the

dominant vignetting effect present.

2. Pixel Vignetting : refers to radial fall-off due to angle dependence of digita |
sensors. Light that enters the camera at a right angle to the camera plane
produces a stronger signal than that entering at oblique ang les. This type
of vignetting is characteristic mainly of digital cameras w hich have photon
wells of nite depth in digital sensors. This causes light st riking at steeper

angles to be partially occluded by the sides of the well [62].

3. Optical Vignetting : refers to radial fall-off due to light rays blocked in the
lens body by the lens diaphragm. It is also referred to as phys ical vignetting
or arti cial vignetting and is a function of aperture width. As the aperture
size is decreased, the effect of optical vignetting decreases because a smaller

aperture limits light equally at the center and the edge of th e image [62].

4. Mechanical Vignetting : is a less common effect of intensity fall-off due to
other camera elements blocking light paths. Such elements an include lters

or hoods attached to the front of the lens body.

Vignetting can thus arise from any of the above mentioned sou rces. Several
researchers have attempted to estimate models or vignetting functions that can
explain the radial fall-off of intensity. However, the vari ous sources of vignetting
do not facilitate estimation of a simple vignetting functio n. As a result, we rst

perform a naive calibration to estimate a vignetting functi on that is expected to
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best explain the intensity fall-off. The estimated functio n (called the prototype
vignetting function) is considered to be the ground truth fo r practical purposes.

The prototype vignetting function is obtained by capturing an image of a suf-
ciently mattepaper card using the ProFUSION25 camera array. A matte surface
refers to one that has little shine, re ectiveness or gloss. The matte card represents
a homogenous white background that ifimaged under ideal con ditions should ap-
pear to be uniformly white. However, with the ProFUSION25 ca mera, it was ob-
served that imaging such a background led to a non-uniform im age with the char-
acteristic radial intensity fall-off shown by vignetting e ffects. A real image taken
with one of the 25 cameras in the ProFUSION25 sensor is shown in Figure 4.1(a).
It can be immediately observed that the center of the image is brighter than the
periphery. These calibration images obtained by imaging th e matte card are rst
Itered by a 3x3 gaussian Iter for de-noising purposes. Thi s ltered version of the
calibration image is stored as the prototype of the vignetti ng effect. A representa-
tive example amongst the prototype vignetting functions ob tained is displayed as
a surface plot in Figure 4.1(b) and as a contour plot in Figure 4.1(c). Every image
that is captured by the ProFUSION25 array is assumed to have its intensity value
scaled by the prototype vignetting function. The vignettin g effect is removed by
scaling a particular image with the inverse of the prototype using a pixel-by-pixel
operation.

While such a simplistic calibration is able to eliminate the vignetting satisfac-
torily, it is useful to attempt to t a model to the vignetting  function. Natural
vignetting is assumed to have the most dominant effect and a ¢ osine-fourth model
is used to tthe vignetting function. While this model may no t be the most appro-
priate tto the ground truth, it is still able to eliminate mo st of the vignetting and
also gives a signi cant visual performance increase over th e case where vignetting

is neglected.
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(a) Vignetting effect from the ProFU-
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Figure 4.1: The prototype vignetting function
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A number of vignetting models are used in the literature to pa rametrize the
characteristic radial intensity fall-off. In particular, the cosine-fourth model and
the Kang-Weiss model have been used in both single-image and multiple-image
vignetting estimation [63, 64].

While working with the ProFUSION25 camera array, it was obse rved that the
center of the vignetting function, i.e., the point at which t he intensity is bright-
est, does not correspond to the geometric center of the image. Moreover, each
of the 25 cameras in the array displayed vignetting function s with different cen-
ters. As a result, the center of the vignetting function (x,;yy) is also included as a
paramater to be estimated in addition to the parameters of th e vignetting function
v(r). Since the vignetting function is assumed to be radially sym metric, the con-
ventional Cartesian notation v(x;y) is replaced by the radial distance v(r), where

r= P X X)2+(y W)?). A simple cosine-fourth model [65] is suf cient to t

the vignetting response obtained by imaging the matte paper card. The cosine-

fourth model is represented as,

v(r)= co¢ tan ! FL +(1  ): (4.1)

c

The vignetting function affects the image intensity values through,

f(Xy) = v(xy)i(x;y): (4.2)

In Equation 4.2, i(x;y) refers to the undistorted image that is free from vignetting

and f (x;y) refers to the distorted image that is affected by vignetting . Wheni(x;y)
is a white paper card and the intensity values have been scaled in the range [0; 1] (O
denotes black and 1 denotes white), then the distorted imaged f (x;y) = v(X;y) is
the same as the vignetting function. To nd the parameters of the model that best

ts the prototype function, the problem is formulated as ale ast-squares minimiza-
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tion problem that is given by

=argminkv (x:y) f(x;y)k? (4.3)

The vignetting function has been parametrized by a four elem ent parameter vec-
tor = F. Xy Yy - Iheseelements represent the scaling factor , the focal
length of the camera in pixels F. and the center of the vignetting function (xy;yy)
which may be different from the image center. The minimizati on of Equation 4.3
is carried out using the simplex search method [66] (with the MATLAB routine

fminsearch Once the parameter set is estimated, the vignetting function v(x;y)
is generated by the cosine-fourth model in Equation 4.1 and an image free from the

vignetting effect is obtained by

() = ‘;g;’; (4.4)

The operation in Equation 4.4 is carried out in a per-pixel fa shion where each

pixel of the image f (x;y) is scaled by the corresponding value in v(xl;y). A real

image (called the Calendarimage) taken by the ProFUSION25 array is shown in

Figure 4.2(a). This image suffers from vignetting as can be seen from the char-
acteristic bright center and darker peripheries. The de-vignettedmage using the
calibration response is shown in Figure 4.2(b) while the de-vignettedmage using
the estimated cosine-fourth model is shown in Figure 4.2(c) .

To demonstrate the t to the calibration response, the estim ated vignetting re-
sponse is also plotted as a surface plot in Figure 4.2(d) and acontour plot in Fig-
ure 4.2(e). The amount of model match can be seen from how close the shape and
characteristics of these plots appear to match those of the prototype in Figure 4.1(b)
and Figure 4.1(c) respectively. Furthermore, the de-vignettedmage using either the

calibration or the estimated response appear to be the same,at least perceptually.
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(a) Original calendarimage suffering (b) De-vignettedimage using the cali-
from vignetting brated response

(c) De-vignettedimage using the esti- (d) Surface plot of the vignetting re-
mated response sponse

450

ﬁ'ﬁ' 076853 \a
Q

a1

\%
A
%)
o
A7

400 N o
0.86112 que
350

N

)
0 P
N

/9.907411—

&
L & &y \ J
3001 & o y e o
& 20, @ o o
250 D 2 o3 Y
& 2 2 %
g & 2%
? >
200 5 L oy ,
o > ~N
2 3
N
ol | @ ] N J
@ \ s 3 q
3 %\ Pl N
100 S 1

m
o
Q
)
& o
<
P
r o
SN
it
o)
e
é;-,
2

Q¥ i)
. 0.86112 N .
100 200 300 400 500 600
(e) Contour plot of the vignetting re-
sponse

Figure 4.2: Fitting a cosine-fourth model to the ProFUSION2 5 vignetting function
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Any mismatch between the calibrated and estimated reponse is atttributed to er-
rors in nding the center of the vignetting function. An inco rrect center of the
vignetting affects the value of all pixel intensities due to the radial dependence of
the vignetting function. The vignetting effect is assumed t o occur in the forward
model before the blurring operator. A diagrammatic placeme nt of the vignetting

is shown in Figure 4.3.
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4.2 Implications of vignetting in the super-resolution pro  cess

Super-resolution can be broken down into a displacement estimation and an im-
age fusion part. Due to the displacement that takes place between each multi-view
image, vignetting appears as a photometric mis-match (inte nsity distortion). The
most commonly employed displacement estimation algorithm s use a similarity
measure that depends on comparing pixel intensities. Since vignetting causes the
brightness constancy assumption to be violated, the accuracy of the displacement
estimates is expected to be negatively affected. The assumpion of constant bright-
ness is used in displacement estimation to refer to the premise that an object is
imaged with the same pixel intensity even when its position ¢ hanges. If a trans-
lational shift is assumed to relate the low resolution image s, the accuracy of the
displacement estimation can be measured by the standard deviation of the error in
the horizontal and vertical shift parameters. We demonstra te the implication of vi-
gnetting on displacement estimation by the following exper imental procedure. A
testimage is rst shifted and then distorted by vignetting.  The shift (in horizontal
and vertical directions) is then estimated using the shift e stimation technique [40]
described in Chapter 2. The estimated shift is compared to th e known shift that
was arti cially introduced. This process is performed for 1 00 randomly selected
shifts (ranging from  50to 50 pixels). The results of the experiment are tabulated
in Table 4.1. The mean error( 4; ) in each case is very close to zero which im-
plies that there is little bias in the estimation of the shift s. When no vignetting is
introduced, the standard deviation of the displacement est imation error ( ; y) is
signi cantly lower. More noticeably, when vignetting is in  troduced together with
the blurring present in the forward model, the standard devi ation of the error in-

creases even further. This leads to two conclusions:

1. Vignetting does affect displacement estimation negativ ely by itself but the
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problem is compounded with the introduction of blurring. It  is prudent to
point out that the error in the displacement estimates arisi ng from vignetting
alone does not constitute too much of a problem for super-res olution pur-
poses. While super-resolution demands sub-pixel accuracy in displacement
estimation, the vignetting-induced errors are of the order of a tenth of a pixel,

and as such are not very signi cant.

2. The increase in the standard deviation of the error is far m ore signi cant (of
the order of half a pixel) when vignetting is considered alon g with blurring.
This increase is mostly attributed to the blurring process i tself which nega-
tively affects displacement estimation. In the next sectio n, the identi cation
of the correct blur kernel is examined, which is motivated fr om this experi-

mental outcome.

Table 4.1: Error analysis of displacement estimates in images that are blurred
and/or affected by vignetting

X y X y
No vignetting 0.0069 0.0048 -0.0005 -0.0017
With vignetting only 0.0942 0.0985 0.0015 -0.0034
With blurring only 0.3322 0.3171 0.0011 -0.0441
With vignetting and blurring 0.4042 0.3464 -0.0891 -0.0903

While we can conclude that vignetting alone does not signi ¢ antly affect the
accuracy of the displacement estimates, it does affect the perceived quality of the
super-resolution result as shown in Figure 4.2(c). If the vi gnetting effect is not re-
moved prior to super-resolution, the radial intensity fall -off remains in the super-
resolved image, detracting from the perceptual quality of t he image. The super-
resolution result in Figure 4.2(c) was obtained by using fou r low resolution im-
ages that were corrupted by a vignetting function generated using the cosine-

fourth model. In Chapter 1, the de nition of resolution enha ncement was stated
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to include an “improvement in perceived content” which can o nly be achieved
when the vignetting effect is suitably removed. In the follo wing discussion, the
vignetting effect has been removed from all the ProFUSION25 images using the

methods discussed in Section 4.1.

4.3 ldentifying the blurring operator

In Chapter 2, the observation model which includes the blurr ing operator was in-
troduced. For a digital camera like the ProFUSION25 sensors, the most likely point
spread function is either a rectangular averaging blur or a c ircularly symmetric
out-of-focus blur or a combination of both effects that we re fer to as a combination
blur in this thesis. The rectangular averaging blur models t he spatial averaging
that takes place when incident light is integrated over the a vailable sensor area.
The out-of-focus blur models the blurring effects due to the optical lens used in
the camera. The out-of-focus blur causes a point source to beimaged as a circular
disk of radius R. The radius R depends on the focal length and aperture number
of the lens as well as the distance between the camera and the dject being imaged
[67]. The combination blur represents both these effects and can be mathmatically
obtained by performing a two-dimensional convolution of th e averaging blur and
the out-of-focus blur. Representative examples of these blurs as both discrete-space
kernels and their corresponding frequency response magnit udes are shown in Fig-
ure 4.5.

Most super-resolution algorithms assume that the blurring PSF is known. While
this is a reasonable assumption in synthetic scenarios, it is often not applicable
when dealing with a sensor like the ProFUSION25 camera array. When the domi-
nant blurring effect is that of sensor averaging, the rectan gular averaging kernel is
assumed as the blurring kernel. In cases where the object behg imaged is out-of-

focus, the out-of-focus blur is assumed as the blurring kern el. However, in most
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(a) low resolution im-  (b) Super-resolution in the absence of vi-
age gnetting (4 magni cation)

(c) Super-resolution in the presence of vi-
gnetting (4 magni cation)

Figure 4.4: Super-resolution in the presence of vignetting
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Spatial averaging blur kernel in the spatial domain
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Figure 4.5: Common blurring kernels and their frequency res ponse
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cases, the dominant blurring effect is not known and further more there may be
other effects such as camera shake that introduce other blurring effects. We use the
words blur kernel and point spread function interchangeabl vy in this chapter and
the remainder of this thesis since our implementations are c arried out in discrete-
space.

The simplest method of identifying the blur of the camera wou Id be to take
an image of an ideal point source of light. The corresponding image of the point
source is exactly the point spread function of the camera. Ho wever, when using
a digital camera, the effect of light integration over a nit e sensor area may lead
to an incorrect estimate of the PSF. Moreover, an ideal point source is dif cult to
construct. As a result, the image processing community has used the slanted edge
[68] technique successfully in many applications. In this t echnique, an image is
taken of a slanted step edge. The step edge is slightly slanted to increase the sam-
pling rate of the edge. The corresponding image of the slanted step edge is called
the edge spread function (ESF). By differentiating a one dim ensional pro le per-
pendicular to the edge, the line spread function (LSF) can be obtained. The LSF
represents the cross-section of the two-dimensional PSF ina given direction. This
method typically assumes that the PSF is circularly symmetr ic and that the two-
dimensional PSF can be obtained from the one dimensional LSFE. Other published
work on blur identi cation revolved around the regular patt  ern of zero-crossings
in the frequency response of the point-spread function [69, 70, 71]. The structure
of the zero-patterns characterizes the type and degree of blur. However, such an
approach limits the type of blur to the class of motion blurs o r out-of-focus blurs.
Additionally, such frequency-domain methods are ineffect ive in the presence of
higher noise levels [72]. More recently, maximum likelihoo d (ML) estimation tech-
niques have been used by assuming that the latent unblurred i mage can be de-

scribed using the 2D auto-regressive model [67]. Such an approach includes a
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larger class of blur types. Nonetheless, ML estimation techniques suffer from the
restriction of stationarity placed on the image by the auto- regressive model as well
as the assumption of the noise being white and Gaussian in nature. In addition, the
log-likelihood function involved is highly non-linear and  has many local maxima
which makes the optimization process computationally dif  cult,

The recovery of the blur kernel from a single blurred image is an inherently ill-
posed problem [73]. The observed blurred image alone does not provide enough
information to recover an arbitrary PSF. Many combinations of unblurred images
and PSF can be convolved together to give the same blurred image. As a result, all
the techniques mentioned above employ parametric constrai nts on the type of blur
to disambiguate the solutions [73]. Another type of paramet rization is possible
by constraining the size of the blur kernel. For example, the blur kernel may be
assumed to existon a5 5support, which requires the estimation of 25 parameters.
Such a parametrization does not restrict the type of blur. We use such an approach
in this thesis. The blur kernel is assumed to be constrained to a nite support of
sizeN N.

The blurring process, as commonly modeled in image restorat ion problems, is
given by

g(x) = b(x) f(x)+ n(x): (4.5)

In Equation 4.5, g(x) refers to the blurred image, f (x) refers to the sharp or un-
blurred image, b(x) represents the blurring kernel and n(x) is the observation
noise. The( ) operation represents a two-dimensional convolution opera tion given
by,
X
f(x) b(x)= b( )f(x ), (4.6)
2 p

where |, RZis the support of the blur kernel h(x). In non-blind image restora-

tion, the PSF is typically assumed to be known and the unblurr ed image f (x) is
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required to be estimated. The deconvolution process involv ed faces many dif -
culties due to the ill-conditioning of the blur operation. A s a result, regularization
techniques (discussed in Chapter 3) are often employed to solve the restoration
problem. Using a Tikhonov regularization scheme, the follo wing cost function

E(f ) is minimized to obtain the unblurred image:

E(f) = % 4§ [g(x) b(x) {01+ > 4§ [c(x) f ()% (4.7)
X2 X2 g

In Equation 4.7, is a regularization parameter and c¢(x) is a high-pass lter like
the Laplacian Iter used in Chapter 3. The summation is carri ed outover ; R?,
which is the support of the image. However, the task at hand is not to estimate
the unblurred image f (x). Instead, we are faced with a symmetric problem to that
represented by Equation 4.7, in which the unknown PSF is to be identi ed, and
the sharp image is assumed to be known. This is in contrast to the image decon-
volution problem in Equation 4.7 where the blur kernel is kno wn but the sharp
image is to be estimated. The dilemma we are faced with when us ing the ProFU-
SION25 camera to capture a scene, is that the unblurred imageis not available. A
calibration experiment detailed below is devised to work ar ound this problem.

A target calibration image is constructed having shapes wit h edges in different
orientations. This image is shown in Figure 4.7(a). The calibration image is printed
using a laserjet printer and then captured by the ProFUSION2 5 camera array. Con-
sequently, both the sharp and blurred versions of the image a re now available. The
blurred image g(x) is the image of the printed calibration image. The sharp imag e
f (x) is available as a vector graphic which was created using Adob e Illustrator.
The symmetric problem of estimating the unknown PSF using ar egularization ap-

proach is carried out in a fashion similar to Equation 4.7. Th e corresponding cost
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function is given by

B = - 0 0 foR 5 " 0 Ho® (4.8)
X2 ¢ X2 p
This cost function is minimized using steepest descent with the gradient of the cost
function given by

@(b) _ _ :
5 - PX)=[gk) ) Tl T0x)+ fe(x) BO)T el x)n o (4.9)

We have included the regularization term in Equation 4.8 to s how the simi-
larity between image deconvolution and blur identi cation . The implementation
used in this thesis does not include a regularization term wh en identifying the
blur. The blur kernel is constrained to lie on a nite support of size N N which
corresponds to the estimation of N? parameters. The number of blur kernel coef-
cients N2 are far fewer than the number of constraints available from a typical
ProFUSION25 image of size 640 480pixels. This results in an over-determined
system for which a least-squares estimate, without the regu larization term in Equa-
tion 4.8, is suf cient. However, we have used hard constrain ts in each iteration of
the least-squares estimation. The blur kernel is normalized so that the sum of all
the coef cients is one. Also, the kernel is forced to have qua drantal symmetry. A

blur kernel b(x;y) is said to possess quadrantal symmetry if,
bx;y) = b( x;y) = b(x; y)=b( X )

In order to verify the validity of the least-squares estimat ion procedure, we
used a synthetic scenario where the calibration image f (x) is blurredusinga 5 5
gaussian blur kernel (= 3) after adding Gaussian noise of zero mean and vari-

ance 2=0:001 The blur kernel h(x) is shown in Figure 4.6(a). Using the approach
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outlined above, the recovered PSFB(X) is shown in Figure 4.6(b). The recovered
PSF matches the actual PSF quite closely. However, as mentiaed before, we do
not have access to the sharp image when dealing with the ProFU SION25 camera
array. The dif culty with the proposed calibration method | ies in the fact that the
captured image does not correspond exactly to the sharp calibration target. The
calibration target has been geometrically and photometric ally transformed in the
image capture process. Typically, the captured image is geometrically related to
the original sharp image through a scaling, rotation and tra nslation. This observa-
tion allows usto tan af ne homography relating the sharpan  dthe blurred image.
The image is captured under laboratory conditions and care i s taken in keeping the
ProFUSION25 camera parallel to the printed paper so that per spective effects can
be avoided. The af ne homography is estimated using the grad ient-based af ne
displacement estimation technique described in Chapter 2. To recover the blur ker-
nel, the af ne transformation must be accounted for by a regi stration procedure
and only then can the least-squares estimation approach be gplied to the blur
identi cation task. However, the registration procedure i nvariably contains errors
and the images cannot be aligned perfectly. More importantl y, the vignetting ef-
fect also introduces a photometric mis-match between the pi xel intensities wh