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CHAPTER 1
INTRODUCTION

For many digital imag#&ideo processing applications increasing the spatialuésa
is highly beneficial. At higher resolution, TV pictures lootore natural and pleasing to
the eye, computer vision tasks such as object detectionrankling can be performed
with higher precision, medical diagnoses can be made witiglheh confidence, secu-
rity cameras can fber better identification, and satellite imagery can be prited with
higher accuracy. As such, spatial resolution is an inflaéparameter in many mainstream
imaging applications, and resolution enhancement tagk-alft arises as a means of in-
creasing the féectiveness of any imaging system used in the mentionedcapipins. In
this thesis, we concentrate on two enhancement problemsctigal importance, namely,
low-complexity resolution enhancement for customer gféatgpanel televisions, and res-
olution enhancement of noisy high-dimensional hyperspeirhagery. For TV resolution
enhancement our main concern is keeping computational lesatypat a minimum. The
hardware limitations of average customer grade televssafiiectively rule out a multi-
frame approach. Hence, we take a low-complexity singlevérapproach based on ex-
ploiting natural image characteristics. For hyperspédnagery we take advantage of
multiple observations in a modified superresolution framdguwHere the main challenges
are the high dimensionality of hyperspectral data and tigemresent in all spectral bands.
We design a physical model of the hyperspectral image aitignigrocess, and based on
this model we formulate an iterative resolution enhancerakgorithm.

Flat panel display technology is probably one of the fagiestving video display tech-
nologies with advancements taking place in all areas. Cosdp@ the conventional cath-
ode ray tube (CRT) displays, flat panel displaygepnsame screen size in much thinner

forms, consume less energy, and virtually eliminate thanmfus flicker problem of the

1See Appendix A for a description of the flicker problem.



CRT displays. Perhaps the class of consumer products tjugttbiese advantages the most
are the customer grade TV sets. Although compactness faotbelimination of the flicker
problem helped flat panel displays rapidlyfdse into the computer display market, their
higher prices and lower contrast ratios (compared to CRplalys) keep them from dom-
inating the market, at least for the time being. For custognade TV sets, however, flat
panel displays are already dominating the market. But flaepdisplays have their own
limitations, the most serious ones being the fixed nativelugi®n and limited viewing an-
gles, both of which are inherent to the pixel structure empgdiby flat panels. Fortunately,
technologic innovations that improve the limited viewinggées are being introduced by
all manufacturers. Even today, the limited viewing angkuesis slowly losing its posi-
tion as the main concern of flat panel manufacturers. Fix¢igteneesolutior? has rather
heavier implications since numerous input formats wittyway spatial resolutions have to
be displayed at a single fixed native resolution. Furtheemtbre standard definition (SD)
3 content that dominates current TV broadcast can not beagisglon the high definition
(HD) “ flat panel displays without proper scaling. When scaled wittonventional linear
shift invariant (LSI) scaling filter the resulting HD pictutooks blurry with jaggy edges
due to lack of high frequency components and the aliasingduoiced by the linear fil-
ters with high roll-df. Hence, resolution enhancement and high quality upsamplia of
utmost importance for today’s HD capable flat panel TV sets.

Lately, there has been significant interest in hyperspleataging technology to sup-
port a variety of civilian, commercial, and military ap@itons (civil engineering, mining,
petroleum exploration, military information gathering, rame a few). The main trust
behind this ever growing interest is the wealth of informatin the spectral domain that
provides significant advantages over traditional panclatenand multi-spectral imagery,

particularly for target and material detection, identifica and classification. However,

2See Appendix A for a description of native resolution.
3See Appendix A for a description of standard definition.
4See Appendix A for a description of high definition.



the design and development of practical hyperspectrabsgmdten result in a significant
tradedt in spatial resolution. Important spatial information sashedges and texture can
be lost or degraded due to reduced spatial fidelity. Unfatiely, spatial resolution is one
of the most influential parameters in many hyperspectrafygna applications, and the
inherent tradefd between spatial and spectral resolution arises as a hicelthat keeps
engineers from using hyperspectral data to its full extéritis observation has resulted
in the development of numerous post-processing technigueshance spatial resolution
of hyperspectral image data. There exist several techsithea can be used for spatial
resolution enhancement of hyperspectral images, all o€hvare based on the existence
of a higher resolution panchromatic or multi-spectral ima@tained simultaneously by an
auxiliary sensor. In this work, we present a superresatytimcessing based resolution en-
hancement technique that can increase the spatial resohifthyperspectral dataithout
the requirement for high resolution panchromatic or msipectral image data

The rest of the proposal is organized as follows: Chaptetroduces the spatial res-
olution enhancement problem for customer grade TVs andrlppetral imagery along
with motivations. ChapteB, briefly summarizes the state-of-the-art resolution enban
ment techniques. Chaptémpresents our research on single-frame resolution enhartem
for customer grade TVs. Our research on hyperspectralutsolenhancement and some
results are presented in Chapger Finally, Chapter6 discusses possible future research

directions.



CHAPTER 2
ORIGIN AND HISTORY OF THE PROBLEM

2.1 Resolution enhancement

Let us start with defining the real world photoquantify, y, z t; 1) as the amount of light
originating from the pointX,y, 2) in three dimensional space, at tihand with a wave-
length of A. Digital imagevideo acquisition systems can captuxe,y, z t; 1) only at a
fixed spatiglspectragttemporal resolution. Due to their intrinsic physical liatibns, such
systems are typically based on certain trafis-between spatial, spectral and temporal res-
olutions. Once the imagédeo acquisition is performed, the obtained multi-dimenal*
digital signal is a spatially, spectrally and temporallytdimited version of the ideal real
world photoquantityg(x, y, z t; 1). If we consider image acquisition casgx, y, z t; 1) is
projected onto the 2 plane of the charge coupled device (CCD) sensor, and saropled
a uniform 2D grid, where every sample obtained by a sensing elementspmnels to a
pixel value. Typically, three plane color image$es higher spatial resolution compared to
multi/hyperspectral images or video at the expense of reducedrapectemporal reso-
lution, respectively. For multispectral and hyperspdéaimage acquisition, the number of
spectral samples are in orders of tens and hundreds, resghgaiffering a much improved
spectral resolution at the expense of reduced spatial anpamal resolution. Finally, in
video acquisition process a video camera samg(esy, z t; 1) on a spatio-temporal grid,
where the main tradefois between spatial and temporal resolution. In our work, ame c
centrate on improving the spatial resolution of image awni@w®isignals through single and

multi-frame processing.

1Grayscale images have two dimensions corresponding tg#igbkcoordinates. Color images typically
consist of three color planes, each of which have two spditia¢nsions. Hyperspectral images have a larger
number of 2D planes corresponding tdfdient light wavelengths. Finally video signals can be preted
as having three dimensions, where the first two correspotigttepatial dimensions, and the third dimension
is time.



Spatial resolutiorf enhancement problem can be stated as estimating the hitjal spa
frequency components of a band-limited multidimensioigadal given its values on a fixed
sampling grid. The resulting resolution enhanced signatisd¢o be rendered on a more
dense spatial grid to allow proper visual representatiothefestimated high frequency
components. Due to this requirement, scaling (to be precigscaling) and resolution
enhancement are interrelated, and this connection nedus ¢tarified. Scaling typically
refers to an image processing operation that changes thendions of a picture or video
frame3. Since every digital image can be interpreted as the samplsibn of a continuous
real-world quantity, we could also define scaling as re-sergjan input digital image on a
new sampling grid, which can be more or less dense than thmargrid. When the scaling
ratio is smaller than one, the new sampling grid is less démese the original grid, and
the scaled image has smaller dimensions compared to thealri§ his case is typically
referred to as zoom-out. When the scaling ratio is largen thae, the new sampling grid
is more dense than the original grid, and the scaled imagdangesr dimensions. This
case is typically referred to as zoom-in. In the scope of carkywve are more interested
in scaling with ratios larger than one. As the sampling getisgnore dense and spatial
dimensions are increased, the number of pixels used to rémel@nage on a display also
increase, and one may be tempted to say that the spatialitiesdhas been increased. At
this point, it is essential to note a fundamental fact: lasieg the pixel count used to render
a picture through scaling can never be equivalent to sagfti@original continuous scene
at the scaled (more dense) spatial sampling grid, for examding an imaging system
that has more physical sensing elements. Once a digitalansacaptured, the frequency
content of the image is limited by the resolving power of thege acquisition system,

which is a function of the density of the sensor array and ti@ging optics. Scaling an

>The termresolutionmay have dierent meanings for fierent types of imageideo data. For hyperspec-
tral imagery both spatial and spectral resolution are nmggul, where as for TV signals spatial and temporal
resolution are of interest. Through out this proposal, weths term resolution to refer to spatial resolution.

3Note that for a digital image spatial dimensions are the remalh samples in horizontal and vertical
directions.



image by LSl filtering can not restore the high frequency congmts degraded (completely
filtered out, reduced to noise-level or aliased) during dargp This is where resolution
enhancement tfiers from LSI upscaling. Single-frame resolution enhanaernexhniques
can estimate the missing high frequency components to #eliheixtent through spatially
adaptive filtering, and use of prior information extracteahf natural images. Multi-frame
resolution enhancement techniques can further improvehal resolution since they can
recover an even larger portion of the high frequency bandibyn§ information embedded
in multiple aliased frames. Before we conclude this discussve note that resolution
enhancement methods can be viewed as advanced upscalmpseapable of estimating
or inventing the missing high frequency signal components.

Resolution enhancement is an inherently ill-posed prolkilesh requires extra infor-
mation. In case of multi-frame resolution enhancementically referred to as super-
resolution, extra information is mainly extracted from tiple aliased observations. By
precisely registering multiple observations on a commagh nésolution grid, multi-frame
techniques extract and fuse the information embedded asedlihigh frequency compo-
nents. Depending on the domain in which the signal is precksand the filtering tech-
nique used to compute the final high resolution framéedent superresolution methods
are obtained. In case of single-frame resolution enhanceme do not have access to
multiple frames, hence we are bound to use prior informat®nor information can be
in the form ofa priori distributions in the Bayesian framework or regularizatierms in
the deterministic approach. Another way of utilizing primformation is to learn a group
of spatial structures (which we refer to as context clasegently observed in natural
images and observe the way they are distorted during higiutésn to low resolution
conversion (sampling or downsampling). There are at leastiell-known single-frame
resolution enhancement algorithms that utilize prior infation in this format, namely,
resolution synthesis proposed by Atkiets al.[1] and example-based superresolution by

Freemaret. al.[2]. Resolution synthesis (RS) is based on pixel classifioaiod adaptive



linear filtering, and allows forfécient hardware implementation. Since, our goal is to de-
sign a low-complexity resolution enhancement method thatxe implemented in the next

generation display systems, we focus on the RS algorithm.

2.2 Low-complexity single-frame resolution enhancement

With the introduction of high definition television (HDTVhé visual quality of the cus-
tomer grade TV sets have increased substantially. HDff&f®almost a two times increase
in spatial resolution compared to the the NTSC and fSEHCAM standards of the standard
definition television (SDTV). While a number of HDTV standathave been proposed, the
current HDTV standards as defined in ITU-R BT.709 have saresplutions of 10801920
(progressive or interlaced sc&nor 720x 1280 (progressive scai). The screen sizes of
HD displays supporting these resolutions are much largar the TV sets used to view
SDTV. As we discussed in Chaptér thinner form factor and elimination of the flicker
problem make flat panel displays more preferable over the @iilays for larger screen
sizes (40 inhes or more). Due to their fixed native resolgtiflat panel displays require
high quality scalers to scale a variety of input resolutitlmthe screen’s native resolution.
Furthermore, most of the existing content and the currenbidadcasting is in SD, and
needs to be properly scaled to be displayed on HD displayssd& Facts make scaler ar-
guably the most important block in the video pipeline of ama flanel TV, with a huge
influence on the success of the product.

Unfortunately, TV sets typically have very strict constitsion the on-board hardware,
hence the complexity of scaling algorithms that can be imgleted in TV sets is severely
restricted. The amount and complexity of the hardware corapts in the video pipeline
has a direct influence on unit price, and unit price is the nidkiential parameter for
comparable TV sets fitting in the same product profile definefdttors such as the screen

size, picture quality, form factor and target customer groNaturally, all manufacturers

4For a definition of the interlaced scan see Appendix A
SFor a definition of the progressive scan see Appendix A



focus on producing TV sets at the lowest cost, while stilli@gimg certain picture quality
standards. These picture quality standards are carekitigaed from experimental studies
conducted on large groups of customers that represent dragey viewer. These studies
are based on the observation that many customers do not essags the educated eye or
know-how to accurately fierentiate between products of comparable picture qudtity.
short, what really matters is not producing the TV with thetlq@cture quality. The real
competition is to design a TV that matches certain pictur@ityustandards at the lowest
unit price. The bottom line on our side is a strict limitatmmthe computational complexity
of our resolution enhancement algorithm. Hence, we eliteinaulti-frame techniques and
focus on single-frame resolution enhancement.

LSI scalers such as nearest neighborhood, bilinear andbibi¢lters dfer mediocre
visual quality at low computational complexity. Althoudtese scaling techniques are the
industry standard, especially for low end products, thisual quality is typically plagued
by two problems, namely, blur and jagged edges. Blur is a d¢fehcation that we are
not fully utilizing the spatial resolutionftered by the display. In case of SD to HD con-
version, this is mainly caused by the fact that SD definitiontent is optimized for lower
resolution SD displays. To avoid aliasing, SD content isdsity anti-alias filtered during
capture angr during post-processing, resulting in degradation ohHrgquency signal
components. Jagged edges, on the other hand, are maingddayishe large roll-fi fac-
tors of linear interpolation filters. Since these filters e short to provide high enough
rate of decay during transition from the pass-band to thp-Bnmd, they leak the high
frequency components of the neighboring frequency doneptiaas into fr, ] creating
superficial high frequency “details”.

The improved native resolution and large screen sifiesax by HD displays are both
a blessing and a curse. The increased spatial resolutiorecaler much more pleasing
pictures. But at the same time, artifacts such as blurreégg)j edges are made more

visible, and can be detected even by uneducated eyes of eagaveiewer. Hence, we



require our scaler to produce high quality, artifact-fresyres for a variety of inputs such
as natural scenes, text characters, and interlaced vigealsi Special care must be taken
to handle these cases properly, and assure that the scatendicreate any artifacts easily
detectable by an average viewer. As detailed in Chaptere design our scaler within an
improved RS framework obtained by modifying the existirgnfiework to better suit our

needs.

2.3 Hyperspectral imaging and spatial resolution enhanceent

Any physical object in a scene reflects, absorbs and emitreteagnetic radiation. The
object’s molecular composition and shapkeet the way this interaction occurs. Using this
phenomenon to gather information about an object or scetimuticoming into physical
contact with it is callecelectro-optical remote sensingf the electromagnetic radiation
arriving at the sensor array is measured atfA@antly high number of wavelengths for ev-
ery pixel, the resulting spectrum can be used to extractnmétion that cannot be extracted
from images captured by conventional devices that do natigeganuch information about
the spectral dimension. Topics involved with the measurgmamnalysis and interpreta-
tion of such spectra are treated in the fieldspéctroscopyAnother related fieldmaging
spectroscopycombines spectroscopy with methods to acquire specfahmation.
Microwave, RADAR, thermal infrared, ultraviolet and mu#fpectral sensing instru-
mentation have been successfully used for remote senspigaons. But the most
significant recent breakthrough in the field of remote sensias been the development
of hyperspectral sensors. Hyperspectral sensors are adaflanaging spectroscopy sen-
sors, for which the sensed waveband is divided miadredsof contiguous narrow fre-
guency bands. As the name suggests, hyperspectral sen$er$rdm their predecessors,
the multispectral sensors, in that the number of bands tkateparately imaged is much
higher. (For example, the AVIRIS, Airborne Visiblefrared Imaging Spectrometer, from

NASA/JPL has 224 bands.) Hyperspectral sensors commonly pradages in 12 to 288



separate bands, usually covering the region from 400 to 2a@0@meters. Over the past
two decades hyperspectral image analysis has maturednetofadhe most powerful and
fastest growing technologies in remote sensing. In 1983% Afew an experimental sen-
sor system called the Airborne Imaging Spectrometer (Ali#) 428 bands. Then, in 1987,
the Airborne Visiblginfrared Imaging Spectrometer (AVIRIS) with 224 usable d&was
flown. There are also several other commercial systems suttteaVIVIS (Multispectral
IR and Visible Imaging Spectrometer) and AHS (Airborne Hygpectral Scanner) sys-
tems manufactured by Daedalus Enterprize Inc. For a ddtagatment of hyperspectral
imaging the interested reader can refer 8 gnd [4].

The wealth of spectral information provided by hyperspcensors implies signifi-
cant advantages over traditional panchromatic and mpédieisal imagery, particularly for
ground target and material detection, identification arasification. However, the in-
creased spectral resolution provided by hyperspectratsesicomes at the expense of re-
duced spatial resolutianThe design and development of practical hyperspectralosen
often result in a significant tradéan spatial resolution. A high-resolution hyperspectral
sensor is dticult to develop and deploy because of the requirement foffecigutly large
and accurate optical system to collect the light. ConsitterHyperion hyperspectral sen-
sor on the NASA EO-1 spacecraft, whickers the full reflection band from 450 to 2300
nm at 30-meter spatial resolutioh.Hyperspectral sensors require greater sensitivity than
typical sensors in order to overcome the reduced photornt@onarrow wavelength bands.
Higher sensitivity is achieved by larger aperture€(3m), large pixel cell ¢ 100mm), and
slower operating speeds (between 1 and 10Hz), as well asdtaetir temperature-(10K)
to suppress thefkects of dark current. The Hyperion sensor has a 12.5 cm apehd
weighs approximately 50 kg. To simplify operations and kéep package size weight

and power to a minimum, Hyperion acquires data by push-bigaiong its ground track

5The resolution of many satellite-based instruments rafiges about 10 meters to several kilometers.
Defensgmilitary satellites typically have higher spatial resaduats but exact specifications are classified and
not available for widespread use. Commercial satellitesmd for launch in the near future will carry
sensors with spatial resolutions of 5 meters or less.
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at the orbital rate without any image motion compensatidrwe scale this to a system
that could acquire data at four times the spatial resoly@bi@.5 m spatial resolution), the
aperture would have to be increased by a factor of four in dtam(to 50 cm) with a com-
parable increase in focal length and complexity of the gptitwe assume that the weight
scales as the square of the aperture, the sensor weight imotdase to about 800 kg.

The inherent tradebbetween spatial and spectral resolution has resulted idehel-
opment of post-processing techniques to enhance spadiaut®n of hyperspectral im-
age data. There exist several approaches that can be ushgperspectral resolution
enhancement, all of which are based on the existence of @higkolution panchromatic
or multi-spectral image obtained simultaneously by an laryi sensor ], [6], [7]. In
this work, we use a modified superresolution (SR) reconstnutechnique to enhance the
spatial resolution of AVIRIS dataithout the requirement of high resolution panchromatic
or multi-spectral auxiliary imagesSR reconstruction is a multi-frame signal processing
technique capable of fusing information that is embeddeduttiple aliased observations
of a scene. Applications of SR include aerial and sateliitaging, hyperspectral imag-
ing, security and surveillance, forensic science, up-ewion of digital TV (DTV) and
NTSC signals, printing from video, and digital cameras agnhothers. Perhaps, the most
well-known SR application is the generation of high-resioluimages through the fusion
of several low-resolution images captured by Wars Pathfindercameras. Similarly, in
the area of aerial photography, several researchers haweghat low-resolution frames
captured through an array sensor on-board an aircraft cprolsessed to construct higher-
resolution aerial map$]. In intelligence-applications, despite the high-resioln custom
design camergsensors on board spy satellites and aircraft, some objexysstitl not be
properly resolved due to the vast distances involved an@sheric degradations, and
application of SR algorithms is required for deeper analySecurity and surveillance sys-
tems usually employ low-resolution sensors to minimizectbst and storage requirements.

Hence, subsequent SR processing to resolve the importtailsdmay be needed in the
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case of an event. Likewise, forensic science employs SRadstto solve criminal cases
by identifying the texts, marks, etc. hidden within low-gkgion video.

Application of SR techniques to hyperspectral data presssveral research challenges,
the most important ones being the increased computationaplexity and noise amplifi-
cation as we discuss in Chapter Since the resulting resolution enhanced images are
typically input to a target detection, identification ordkeang engine, we were attracted to
investigate the possibility of pre-processing hyperspéat such a way that only the por-
tion that is of interest is enhanced by the SR restoratiookbl®his approach resulted in a
modified superresolution technique that operates on wamsfd data. Our tests confirms
that our modified SR technique has two main advantages oveegsing full data. First,
by projecting the data over a subspace that is optimizedddainn spectral signature of
interest, we canféectively minimize the undesiredfects of signal noise. Second advan-
tage is the reduction in computational complexity. A detitlerivation of the proposed
resolution enhancement technique together with visualtseand in depth discussions will

be presented in Chaptér
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CHAPTER 3
RELATION TO THE STATE-OF-THE-ART

3.1 Single frame resolution enhancement: resolution syn#sis

Natural images are highly structured signals with much {es&bility than completely
random signals of the same dimensionalé@y [10]. As a result of this structure and highly
constrained spatial variation, natural images exhibitaterspatial characteristics that can
be exploited for resolution enhancement purposes. BasdHi®mbservation, the main
idea behind single-frame resolution enhancement is tooéxmiior information extracted
from large sets of training images.

In general, single-frame resolution enhancement methodsist of two processing
stages, namely, training and filtering. Typically, trampistage is computationally intense,
and is performed fé-line. In the training stage, a large set of hand-picked iesagre
processed to extract prior information about the spatialgencharacteristics. Prior infor-
mation?! consists of a group of learned spatial structures (whichtygigally referred to
ascontext classgdrequently observed in natural images, and the ways theyliatorted
during high resolution to low resolution conversion. By rebidg the learned spatial struc-
tures, we can design ways to recognize them in input imagesware not even in the
original training set. By investigating the class specifstartions, we can design filters
to restore the degraded image components. In the filteragesthe input pixels are first
classified into one of the learned context classes depermdhirtgeir spatial structure, and
the corresponding reconstruction filter is applied. Theaistat least two single-frame res-
olution enhancement methods that utilize prior infornratiothis form, namelyresolution
synthesigproposed by Atkingt alin [1], andexample-based superresolutiproposed by

Freemaret alin [2].

Lt is also possible to extract prior information in the forfram a priori distribution on the pixels or pixel
structures observed in natural images. The learned priobeaised in a Bayesian framework.
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Resolution synthesis is based on pixel classification aagtae linear filtering. Con-
text classes are modeled as a multivariate Gaussian mixiln@se parameters are esti-
mated from the training data. In the training phase we loakany high-low resolution
pixel pairs and extract frequently observed spatial stimest defined in small local neigh-
borhoods. Examples of such local structures are edges iolugaorientations, texture and
uniform areas. Since we have access to both high and lowutesolersions of the pixel
groups, it is possible to learn how the high resolution neayhoods are degraded during
the downsampling process. After grouping many low resoftugiixels classified as belong-
ing into a certain context class, computational optim@atechniques are used to obtain
the corresponding optimal inverse filtee(, the optimal interpolation filter) by minimizing
a cost function designed to access the similarity of therrsttacted high resolution pixels
to the original high resolution pixel values. When a new l@salution pixel is given, the
algorithm first looks at a local pixel neighborhood to decttewhich filter to usei(e.,
classification). Then interpolation is performed by applying the optimaéar filter {.e.,
filtering).

Example-based superresolution proposed by Freem&hpimdifferent from resolution
synthesis in its pixel classification, context modeling aecbnstruction methods. In the
example-based superresolution framework, the high réealimage is synthesized block
by block, where the blocks are chosen from a database cotesdrduring the fi-line
training phase. Example-based superresolution first dposes the input image into low
frequency ear) and high frequencydetail) components. The mean image is simply LSI
scaled. The detail component of the output is obtained bghstig restored high resolution
patches together, where stitching is performed by clasgjfyhe low resolution details. The
restored high resolution patches are learned from a tiguis@t together with a statistical
model that explains the local pixel relationships used twdkewhich high resolution patch
goes where. The resulting scaleeanand high resolutionletailimages are combined to

obtain the final high resolution output.
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When these methods are compared in terms of computationgllesity and ease of
hardware implementation, resolution synthesis is founatfier numerous advantages over
example-based superresolution. Example-based supletiesaequires a data transfor-
mation as an initial processing stage, introducing adagticomputations. Furthermore, to
perform reconstruction we have to store all the high resmhytatches learned during train-
ing, which requires large amounts of memory. Since we ainafmymputationally gicient
resolution enhancement method that can be implemented/itolmid-end customer grade

TV sets, we focus on resolution synthesis.

3.2 Multi-frame resolution enhancement: superresolution

The main idea behind superresolution is fusing informatlwat exists in a sequence of
noisy, blurred and aliased images to produce an image oruereq of images of higher
spatial resolution. The information required to recordtthe missing or degraded high
frequency components is embedded in the low resolutiontimpagegrames as aliasing.
In their early work on the subject, Tsai and Huafd][disregarded the blur in the imaging
process and carried out a frequency domain analysis of fiersolution problem. They
showed that anyfeective superresolution method requires frequency aligsife present
in the low resolution observation (source) images. Belowvesent a review on the state-
of-the art in superresolution research. A comprehensigkdraund on superresolution can
be found in L1] and [12].

Superresolution reconstruction methods consist of thraa stages, namely, registra-
tion, non-uniform interpolation and restoration. Imagegis&ration is the process of map-
ping low resolution pixels from all available observatidnsa common high resolution
reference frame. Non-uniform interpolation step convéresnon-uniform sampling lat-
tice obtained by the image registration block to a uniforsdynpled high resolution grid.

Finally, the restoration block removes blur and noise ishticed during image acquisition
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process. These processing blocks can be implemented airealisly or separately. Ex-
isting superresolution methods can be classified depermuainige mathematical tools they
employ, the domain they operate on and the type of image deyeatre designed for.

Non-uniform interpolation is the most straight-forwardpagach to superresolution.
Image registration, non-uniform interpolation and reation blocks are implemented sep-
arately, and performed successively to obtain the highugea reconstructed image. The
main advantage of the non-uniform interpolation methodkes low computational com-
plexity and ease of implementation. However, these methoglenly applicable if the blur
and noise characteristics are the same for all observatiemples of this approach are
Ur and Gross13], Komatsuet al.[14], Hardieet al.[15], Shah and Zakhor[g].

Frequency domain approach makes explicit use of the atjdlat exist in the low res-
olution observations. The most important short coming efjfrency domain methods is
their inherent limitation to global translational motiofhe original frequency domain ap-
proach, which did not include blur and noise present in tixersolution observations, was
detailed by Tsai and Huang id7]. Kim et al.[18], [19] extended 17] to a least squares
problem, where noise and blur present in the low resolutimseovations were explicitly
taken into account. Torat al.[20], [21] proposed to solve image registration and restora-
tion problems simultaneously through the use of expectati@aximization algorithm in
the frequency domain.

Superresolution reconstruction is an ill-posed problenahee of the ingticient num-
ber of observations and ill-conditioned blur operatorsab8ization of ill-posed inverse
problems through redefinition of the solution to imposeaiartiesired properties known
to exist in ideal high resolution images is referred to asulaugation. Typically, regu-
larization framework is based on the minimization of a cosiction designed to penalize
solutions that do not agree with the observatiand do not have desired properties such
as smoothness. Examples of this approach are Katsaggtedbg22], Hardieet al. [23],
and Boseet al.[24].
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The iterative convex projection based methods provide abflexand intuitive way of
incorporating prior knowledge about the solution into teeanstruction process. Every
registered low resolution pixel (together with a forwardgmg model) defines a constraint
set. Additional constraint sets can be defined based on tbeipformation about the
desired solution, such as positive pixel values and thevaliorange of [0255]. To obtain
the reconstructed image an initial estimate is iteratiypebjected on the convex constraint
sets until some convergence criterion is met. The projeadioto convex sets (POCS)
formulation of superresolution was first suggested by Saadk Oskoui 25]. Their work
was extended by Tekal@®26], [27] to include observation noise by using a spatial noise
variance estimate on a pixel-by-pixel basis to directlystoain the solution. Ing8] Patti
et al. proposed a POCS based superresolution method where awcmngiage formation
model is developed to allow for higher order interpolatioethods.

Statistical estimation based superresolution approaetpates the high resolution im-
age as the maximum likelihood (ML) or maximuanposteriori(MAP) estimate under
some statistical model. 2] Schultz and Stevenson, and B0] Stevenson and Schmitz
described a MAP estimator with a Huber-MRF (Markov randordJiprior model to pre-
serve discontinuities and solve the blurring problem idticed by imposing smoothness.
Depending on the statistical model of the observation naisé thea priori image model,
the resulting methods can be computationally intense.alsis possible to combine POCS
based methods with ML or MAP estimation. The resulting/MAP-POCS hybrid ap-
proach computes the superresolution estimate by minignthie ML/MAP cost functional
while constraining the solution within certain convex setposed by the desired properties
of the solution.

In general, superresolution algorithms try to regularimeili-posedness of the problem
by fusing information from multiple frames and using priordwledge about the solution,
such as smoothness or positiviB4]. Recently, researchers have proposed algorithms that

attempt to use model-based constraints in regularizalidime images to be super-resolved
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consist of a restricted set with well-defined spatial stitet(such as face images) then
the characteristics inherent to that group of images carxpwited. In this context, su-
perresolution techniques have been proposed for face mgmmythat attempt to obtain
a high-resolution face image by combining the informatimnf multiple low-resolution
images, 82, [33], [34], [35], [36]. While [32] demonstrates how superresolution (without
model-based priors) can improve the face recognition {8&, [34], [35], and [36] pro-
vide superresolution algorithms that use face-specifisitamts for regularization. Go-
toh and Okutomi 37] proposed a superresolution method aimed for images catdiy

a single-CCD with a color filter array. Their method is bas@daogeneralized formu-
lation of superresolution which performs both resolutiom@acement and demosaicking
simultaneously, and is capable of producing a high-resmiutolor image directly from
color mosaic images obtained by a single-CCD with a colcerfitrray. Superresolution
reconstruction techniques have also been successfulliedgp multi-spectral 38] and
hyperspectral imagensp] to improve the accuracy of object detection, identificatand
tracking algorithms.

In the area of compressed-domain processing, Chen andt&¢hdil applied spatial-
domain SR methods tiecodedVPEG frames by utilizing MPEG motion vectors to initial-
ize the motion estimation phase. Recently, Mateos, Katdag@nd Molina41] proposed
a MPEG-compressed video enhancement algorithnddHatti et al. develop a superres-
olution reconstruction method that can operate on comedegsieo sequences directly.

Wavelet domain superresolution methods are based on thienesdlution analysis
framework provided by the wavelet transform that can deamsasignals into components
at different scales or resolutions. 143 Nguyen and Milanfar presented a superresolu-
tion method that exploits the interlacing structure of tampling grid. Using a separable
orthonormal wavelet basis for 2D images, they derived a lgadecomposition using Kro-

necker products, resulting in affieient calculation of the wavelet ciients. In 4], [45]
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Chappalliet. al. pointed out that second generation wavelets are bettexdstor su-
perresolution, and proposed a method based on second tienavavelets that perform
simultaneous denoising and superresolution. Waveletshariti-resolution analysis are
especially well-suited for astronomical image processiecause they are adept at provid-
ing accurate, sparse representations of images consa@tsgooth regions with isolated
abrupt changes or singularities (e.g. stars in dark skyseBan this observation Nowak
el al. [46] developed a wavelet-based superresolution method foorashical imagery.
Their proposed approach uses the expectation-maximizalgwrithm for superresolution
image reconstruction based on a penalized likelihood ftatad in the wavelet domain.
Note that the boundaries separating these approaches &dnoéher may not be clear
for all cases. For example, statistical estimation basetiods such as maximumposte-
riori estimation can be interpreted as an alternative way of aegation, and it is possible
to formulate regularization or statistical estimation eggeches in spatial or frequency do-

main.

3.3 Contributions

Our contributions can be collected under two main titlesnely, single-frame resolution
enhancement (Chaptéy and multi-frame resolution enhancement as detailed (&h&p
In this section we summarize our contributions.

In the area of single frame resolution enhancement our na@itribution is algorith-
mic and computational improvement of the resolution sysithenethod. Our main goal
was to investigate the use of resolution synthesis as a higltylow computational com-
plexity resolution enhancement method for customer gradedis. Our research on the
original algorithm pointed out several shortcomings in fibs@ture extraction andfiline
training stages. We designed and tested separate imprat®foeeach case. Based on the
observation that spatial aliasing and noise have a dewagifect on feature extraction

and pixel classification stages, we designed a better featiraction block that provided
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improved visual performance. To improve th&-line training we introduced a coupling
between the feature extraction and filter design stagesthéthultimate goal of propagat-
ing high resolution spatial information to feature extraetstage. Our #orts resulted in
an iterative @-line training algorithm that provided improved visual fsgmance. Finally,
a major shortcoming of the original resolution synthesjoeathm was its limitation to in-
teger scaling ratios. We extended the resolution synthmesitod to handle non-integer
scaling ratios. Our improved algorithm was implementedilmX Spartan 3 FPGA board,
and the implementation details were publishedify.[

In the area of multi-frame resolution enhancement our maimrdution is the adapta-
tion of superresolution technique to hyperspectral imagdost of the existing resolution
enhancement techniques for hyperspectral imagery ara lms¢he existence of a high
resolution panchromatic or multi-spectral observationotivated by the fact that hyper-
spectral observations typically obeffine and translational motion models, we proposed
to apply superresolution to hyperspectral imagery. We tdated a complete hyperspectral
imaging model capable of incorporating any linear specaptesentation model and spa-
tial blurring éfects. Since principal component analysis (PCA) is a pojpstagessing step
in several hyperspectral imaging applications, we firsbiporated a PCA based spectral
representation model. Based on the resulting imaging medeiormulated and imple-
mented spatial superresolution for hyperspectral imageng most obvious shortcoming
of the PCA based spectral representation is its incapglidirepresent specific spectral
signatures of interest. Since PCA is designed to capture ofidse variation contributed
by all spectral bands at any spatial location, it can not easjzle single spectral signatures.
To remedy this shortcoming we next modified our imaging madehcorporate the lin-
ear spectral mixing model. Based on the updated model weulated and implemented

material specific multi-frame resolution enhancement fgrdispectral imagery.
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CHAPTER 4
SINGLE FRAME RESOLUTION ENHANCEMENT

As we discussed in Sectidh2 our goal is to design a low-complexity single-frame
resolution enhancement algorithm that allows for #icient hardware implementation.
Since we are aiming for customer grade TV sets and set-topdhéreping computational
complexity at a minimum is of utmost importance. We can ttleheavy -line compu-
tations, but filtering needs to be performed in real-time] anust be as computationally
simple as possible. In the light of our discussions in Sei@ we base our approach on
the resolution synthesis framework. We start with analyziesolution synthesis as pro-
posed by Atkins in I]. Then we point out several short-comings that avoid fiitient
hardware implementation. Finally, we present our sol&itmthese shortcomings, and

provide visual comparisons of the improved and originabh&son algorithms.

4.1 Resolution synthesis framework

The main idea behind resolution synthesis (RS) can be stetdd a large training set,
learn the high resolution image details that correspond iffiecent spatial structures ob-
served at low-resolution, such as edges gkdent orientations, uniform areas and texture
regions, then use those learned relationships to identify gestore the details in other
images To get a better grip on the idea, note that natural imagekighdy structured sig-
nals with much less variability than completely random iemgTlhe regularities typically
observed in natural image8][can be exploited in the resolution enhancement problem.
However, we point out the fact that unless we are working oighlyrestricted set of im-
ages with very specific training data, it is not possible toegate thdrue high-resolution
signal components. Hence, instead of trying to reconsthéactrue high resolution detalils,
we focus on generatingsually plausiblémage details, such as sharp edges without dis-

turbing jaggies, and natural looking texture. In other vgprdther than maximizing fidelity
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to the true signal degraded during acquisition, we aim toimepe subjective visual quality
by restoring the details most likely to be found in naturahges.

Resolution synthesis approach is based on recognizingptkels in natural images
can be classified as belonging into a limited number of cdantlasses. These context
classes are defined by small local pixel neighborhoods tktabie visually identifiable
spatial structures. Figueklshows three X 5 local neighborhoods that can be identified

as belonging into a vertical edge class.

Figure 4.1.Several5 x 5 pixel neighborhoods that can be identified as vertical edges

To identify such context classes we prepare a large traiségonsisting of properly
registered high-low resolution image pairs. Dependinghersize of the local window, the
number of all possible pixel patterns can be very large. kangle, considering a% 5
window and 8-bit gray-scale images, the number of possilzkd patterns is

28 x 28 x ... 28 = 28%25 - 2200 o, 10O, (4.1)
25

We can not possibly handle such a large number of classiestieely eliminating the
option of assigning a context class to every possible pigafiguration. Fortunately, for
natural images, the frequency of a large proportion of tipessible patterns are very low,
simply because they do not really correspond to meaningfatial structures. In other
words, a great proportion of these possible patterns af@yhigndom. As such, they
exhibit a noise-like behavior, and can not appear frequemthatural images.

Even if we had a means of eliminating such noise like pattemesvould still be stuck
with a large number of possible pixel configurations. At thant, let us have another

look at Figured4.1 Although these neighborhoods are not identical pixel xglpithey all
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have the same dominant spatial structure, which is a vegage. Our intuition tells us
that if we were to derive the optimum interpolation filterstitese pixel neighborhoods, the
resulting filters would be very cloge In the light of this observation, we see that instead of
assigning a context class to every possible pixel configuraive can have a small number
of context classes each of which represents a large numh@relfneighborhoods with
similar spatial structure. This can be achieved by clustesimilar pixel neighborhoods
into a single representative context class. Typicallynimmber of context classes required
to obtain the best clustering is unknown. If the number ofséds is fixed, we can always
find the best fitting partition (either crisp or fuzzy) of thatd by applying a clustering
method such as c-means, fuzzy c-means, @Gissta-Kessel, or expectation-maximization
based on Gaussian mixture assumption. But we can alwaysachbetter fit by increasing
the number of classes, and the real challenge becomes fitftenigninimum number of
classes over which increasing the class number does nadiastibfly improve the fit to
the datd. There exist metrics designed to measure the goodness ofdfigiven data set
[49], [50] (hence, the quality of the obtained clustering resultyl elastering schemes that
adaptively change the number of clusters based on thesesetremedy the unknown
cluster number problem. In the original resolution synih&mmework described in this
section, the suggested number of classes is around 100.Mdpweour case the maximum
allowable number of classes is dictated by hardware cantgraifter an extensive study of
the available resourcéswe have decided to limit the number of context classes teale
Keeping the visual performance at a satisfactory level vteducing the number classes
to eleven requires serious improvements in clusteringufeaxtraction, and classification
blocks. Our proposed improvements will be discussed in éx¢ section.

For clustering purposes, every low resolution pixel is espnted by a feature vectpr

1Given some optimality criteria, there exists tools and Hthms to compute the optimum filters. For
example, in [48] Liet. al. describe a method to compute the interpolation filters cgitimthe MSE sense.

°Note that using a large number of classes can lead to owagfitti

3We would like to dfer our thanks to VESTEL Corporation for providing inforneatiabout the hardware
limitations of the current TV sets.
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extracted from its local neighborhoo81]. By carefully designing the feature extraction
function, we can enhance the clustering performance caedparusing the pixel values
directly. Note that the feature extraction function can bsigned to nonlinearly distort the
space of the pixel values to accentuate certain spatialfesbf interest. For example, in
scaling rendition of edges is of great importance. By cdisefelecting the feature extrac-
tion function, we can emphasize edges so that they are lsefparated from other image
features such as texture and uniform regions. To accurdifgrentiate between fierent
context classes feature vectors must be good represa@stafithe neighborhoods they are
extracted from. If this is not the case, both the training tnredclassification phasesfier
from faulty classifications. For the training phase, missified neighborhoods distort the
extracted prototypes degrading the classification perdoca. For the filter design stage,
the optimization method will erroneously try to fit the filter the misclassified neighbor-
hoods, degrading the performance for the true class.

Figure4.2 shows a 5< 5 local window centered at the current input pixel. Using the

given pixel naming convention, we first obtain a8l vectory as in Figure4.2 Then

Local

neighborhood \‘

0192|093 | 91| O

\

(97 — 013)

Low resolution Y1 =
inputpixel  —_ | g5 | g | 95 | 9o | g0 Y2 = (9s — O13)
Y3 = Egg - 913))
V= [Y4= 02— 013
Ou1| Q12| G13| 14| Q15 y Js (Q1s — G13)

Ye (017 — G13)
Y7 = (918 — O13)
Y& = (G190 — O13)

O16| 917| Ois| Y19| G20

O21| O22| G23| Q24| 925

Figure 4.2.5 x 5 low resolution feature extraction neighborhood

the feature vectoy proposed by Atkins in]] is computed as the normalized versionypf ~
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where the elements gfare given as

yi = [Z?y#ﬂp . 4.2)
Here 0< p < 1is a parameter that controls the amount of normalizatiar. p= 1 all
the feature vectors are normalized to unit length. For smathlues ofp normalization
is less severe. Normalizing all feature vector to unit vetias the undesiredfect of
compressing all vectors onto the 8-dimensional hypergpheinder this normalization,
feature vectors are so densely packed that separatingdesagctors belonging to flerent
context classes becomes harder. At the other extreme, ibwmeithave any normalization,
even the feature vectors coming from similar local neighbods may have high variations
in their lengths. Henceis typically chosen as.®5, a value that has been shown to provide
a good trade- [51].

Once we have the feature vectors, we can cluster them to cpmétin a relatively
small number of representative context classes. This igeweth by modeling the fea-
ture vectors as a random vectors drawn from a multivariates&an mixture withM
mixture classes, where every Gaussian mixture class pamels to a context class. The
expectation-maximization (EM) algorithm is applied to quute the maximum likelihood
(ML) estimates of the Gaussian mixture parameters, nars\class meang), standard
deviation ¢-) * and mixture probabilitiest). Once EM converges and the maximum likeli-
hood estimates of the Gaussian mixture model are obtaireedawcompute the probability
that any given feature vector belongs to a mixture (contdass. If these probabilities are
interpreted as memberships than the resulting mixture hqdeides a fuzzy clustering
of the feature vectors in the training set. New input pixetsaassified by computing the
probabilities that their feature vectors are drawn from ratext class.

Let us denote the raster-scanned high resolution pixefs bapd the raster-scanned low

resolution pixels byg. Derivation of the optimal resolution synthesis filters &sbd on the

4The samer is used for all classes and for all feature vector entriess iBa quite limiting assumption
and will be discussed in Section 4.2.
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following assumptions:

e Assumption 1 Feature vectors are modeled as a multivariate Gaussiannmaix
M
o) = > PO, praOi) ~ N, o?1).
j=1

e Assumption 2 Given the input low resolution pixel neighborhood and tbeatext

class, the high resolution pixels are Gaussian
Pre.a(flg, ) = N(Ajg +,Bj,0'2AjTAj)~

e Assumption 3 Given feature vectoy, the class distribution is independent of the

high resolution and low resolution pixels
Parc(ilf, 9) = pav(jly).
Under these assumptions the MMSE estimator can shown telbe [

f=&

p—

flg]

&l f1g, j1psc(ilg)

(Ajg+B;)pav(ily) (4.3)

- EMZ 1

i explse 1y — p; I1%)
Se mexpEa Iy - 1P

Wj

( i9+8) (4.4)

where &[] denotes the statistical expectation operady,is the optimal filter for class
j, andg; is the optimal bias term for class From Eqg.4.3 we can see that final high
resolution pixel estimates are computed as a weightedrlscwabination of the estimates

for all context classes. Hence, resolution synthesis asrshoFigure4.3 consists of three

processing stages.
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e Step 1 Perform dt-line training (performed only once, before the classif@atand
filtering steps). Apply EM to get the ML estimates of modelgraetersy;, n;, and
oforj=1,...,M.

e Step 2 For these estimates, compute the ML estimates of the filearpetersA;

andg;forj=1,...,M.

e Step 3 For every input low resolution pixel, extract the featueetor, compute the
weights (v;), and use the optimized filters to get the high resolutiomede as the
weighted linear combination of the estimates for all cohtéxsses.
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.
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Figure 4.3.Resolution synthesis block diagram

We conclude this section with an example that demonstrategadtential visual im-
provement @ered by context dependent filtering. In this example we updéathe image
shown in Figuret.5(a) by four, using three éterent interpolation filters, namely, the bilin-
ear interpolation filter, a 9% 91 separable linear interpolation filter, and ax1P2 nonsep-

arable (directional) linear interpolation filter The 91x 91 separable filter was designed

5The 12x 12 mask includes all phases of the directional filter. Sinedvave 4 phases for each direction,
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to have a quite precise cutfdrequency ofr/4 with negligible ripple in both pass and
stop-bands. The separated 1D frequency response, whidéngdal for both vertical and
horizontal directions, is shown in Figure 4.4(a). The 2yfrency response obtained by
convolving the 1D filter in vertical and horizontal direat®is shown in Figure 4.4(b). The
directional filter was obtained by resolution synthesisfigumed to have a single context
class. Note that the input image was carefully chosen toractadate this scenario. The
training was done on the picture shown in Figure 4.4(a) anfbiir times downsampled
version. The 2D frequency response of the directional fiteshown in Figure 4.6. Fig-
ures 4.5 (b),(c) and (d) show the upscaling results. Bilimei@rpolation output is blurry
with jaggy edges. The 9% 91 separable filter improves the jaggies but still has a lurr
look with visible ringing. Finally, the 1 12 nonseparable directional filter provides sharp
transitions with reduced ringing using a much smaller fiige. Of course, in this exam-
ple we have a single context class, and faulty classificaamt an issue. This points
out an important aspect of training based scaling methdts: most essential part of the
algorithm is the classificationAs long as classification performs fairly good, training and

filtering stages can be optimized to achieve satisfactorfppeance.

4.2 Maodified resolution synthesis

In its current form resolution synthesis is computationtb demanding for systems with
limited computational resources and memory. The high cdatjmnal load is mainly due
to the large number of classes required for satisfactorfopeance (typically anywhere
between 30-100), and the requirement for weighted lineabaoation (soft filtering). Soft
filtering is especially demanding since it requires repeatpplication of a 5< 5 filter,
implying 25 additional multiplications, and an additioma@icumulation for every class in-

cluded in soft filtering. In addition, the combination weiglfwv;’s in Figure 4.2 must be

this implies we have & 3 filter phases. Note that this is even smaller than the badilter, which is 4x 4.
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Figure 4.4. (a) Original image (b) Bilinear interpolation result (c) 91 x 91 separable filter result (d)
12 x 12 directional filter result
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Figure 4.5. (a) Frequency response of the 91 tap 1D filter (b) 2D frequencyesponse of the91 x 91
separable filter
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Figure 4.6.2D frequency response of thd.2 x 12 directional filter

computed to obtain the final result. Although B1] Atkins proposes several modifica-
tions to reduce computational complexity, these modificegtido not allow for ficient
hardware implementations, and require large amounts dfoamed memory. During our
experiments to gauge the performance of resolution syisthee observed that directly
reducing the number of classes (belev@0) without any modifications in the training, fea-
ture extraction or classification stages, severely degraddormance. Visual performance
of the resolution synthesis algorithm trained with eleventext classes is demonstrated in
Figures4.7, 4.8and4.9. Figure4.7 shows the original test image that is enlarged by a fac-
tor of two in both vertical and horizontal directions. Figa#.8 and4.9 compare regions
cropped from the results of bicubic interpolation and arajiresolution synthesis trained
with eleven classes and approximately 250,000 traininghdhow) pixel pairs. The visual
performance of resolution synthesis under current settisgequivalent to that of bicu-
bic interpolation, which is a much simpler method. Also gsonly one class (the class
with maximum membership) to compute the high resolutiorelsixesulted in degraded
performance. We found out that the discrimination powerhef feature vectors shown
in Figure4.2 was severely degraded as the number of context classes saeebelow

~ 25, which in turn degraded the performance of the training.

These shortcomings render resolution synthesis uselessi$tomer grade flat panel
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Figure 4.7.Original test image

displays, where the computational complexity must be kepivio some thresholdOur
goal is to introduce novel modifications to allow resolutsynthesis to perform satisfac-
torily with as low as eleven context classes using hard datisi.e., using a single class
for filtering. Proposed modifications are in the feature extraction aagkidlcation blocks,
and in the training method used to extract context clas$&ss prototypes and the optimal

filters from the available training data.

4.2.1 Proposed modifications in feature extraction

Before we discuss the properties of the optimal featureovectve pause to elaborate on
difficulties associated with defining and finding ty@imalfeatures. Apparently, the fea-
ture extraction mapping has a strong influence on the visrébpnance of the algorithm.
The feature mapping along with the clustering algorithm lexygd during the 6-line train-
ing phase fectivelydefinethe resulting context classes. Note that the clusteringréhgm
has a rather limitedfeect. The dominant structure of the feature vector space islyna

decided by the feature extraction mapping. The clusteriggraghm simply detects and
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Figure 4.8.(a) Bicubic interpolation and (b) original resolution synthesis
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Figure 4.9.(a) Bicubic interpolation and (b) original resolution synthesis
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Figure 4.10.5 x 5 low resolution neighborhoods with varying spatial structures

exploits this structure by grouping pixels with similar figiee vectors together, and obtain-
ing prototype feature vectors that best explain all pixeEgned to each class.

Let us start with discussing the notion of optimality fortig@s. Although most of our
algorithmic development and performance evaluation wagdan mean squared erfor
(MSE) minimization, final evaluation of our resolution enkament algorithm will be done
subjectively by human observers. Hence, it makes sensditedie optimality of the fea-
ture set and the resulting resolution enhancement algoagmaximizing perceived visual
quality for a fairly large set of natural imagedeo signals Unfortunately, understanding
and modeling the way humans assess the quality of ifaelp® signals is a challenging
research problem. Although there exist subjective quatigtrics based on experimental
studies of the human visual system, the exact quality @imployed by humans are still
unknown. The subjective quality assessment task is fudbm@plicated by the fact that the
way humans evaluate quality of imggeleo signals, in terms of sharpness, contrast, and
visual artifacts, is dependent on the viewing conditids®.[ Certain visual artifacts such
as color contouring become visible when viewed in dim lig¥tile jagged edges are easier
to see in high contrast scenes viewed in well lighted roomsally, to make things even
worse, perceived visual quality is a strong function of tiewer’'s personal taste. Some
viewers enjoy sharp pictures with high contrast, and mayibmg/to accept certain visual
artifacts commonly produced when obtaining such pictusasi{ as over and undershoots

around edges). On the other hand, some viewers prefercaftié® pictures at the expense

6Since the low resolution images are obtained from high teisoi originals, we have access to perfectly
registered high resolution pixel values, and it is posdibleompute MSE values.
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of reduced sharpness.

All these observations lead to the conclusion that acclyrateasuring the subjective
visual performance is an involved and time consuming pdesrthermore, reproducibil-
ity andor generalization of the measurements is not guaranteed e results are de-
pendent on the viewing conditions and the selected viewlertight of this fact, futility
of searching for a single set of visualbptimalfeature set becomes obvious. Hence, we
rather try to design our feature vectors to achieve simpbatsgg namely, to provide good
edge synthesis and robustness against signal noise. Therfes we try to enforce on
our feature vectors in the following are merely ways of acimg these goals within cer-
tain hardware limitations, and apparently we do not claim @gptimality in the subjective
visual quality sense.

Ideally, we require the feature vectors to be insensitivehzinges in the average lumi-
nance value of the local neighborhood. This guaranteedbtbeks with similar structure
but different average luminance, such as edges of the same ooentath different step
size or polarity, will be clustered together. The featurgopiag proposed by Atkins does
not possess this property. For an illustration of this peabtonsider the & 5 pixel neigh-
borhoods shown in Figur4.1Q Judging by the dominant spatial structure, we expect to
find the feature vectors extracted from the first two neighbods, which represent a verti-
cal edge, to be closer to each other compared to the feataterextracted from the third
window, which represents a uniform region with a slight tegt Using the pixel values
given in the Figure4.10 we compute that the distance between the first and the second
feature vectors is 58.15, the distance between the firstrenthird feature vector is 14.08,
and finally the distance between the second and the thirdreesectors is 31.52. Clearly,
the distance between the feature vectors extracted frcamedetical edges (58.15) is larger
than the distances between these feature vectors and thesfeactor extracted from a uni-

form region (14.08 and 31.52). This shortcoming of the featectors results in creation
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of redundant context classes, which model essentiallyahmeedeature with dierent lumi-
nance values. When we are allowed to havefAgently large number of classes, this does
not severely ffect the performance. However, if we have a very limited nunabeon-
text classes, this problem has a devastatiteceon the visual performance. Since certain
spatial structures can have higher frequency in the trgisét, they dominate one or more
other context classes with lower frequencies, and captulépie classes. This severely
degrades the visual performance since the pixels belortgitige suppressed classes are
processed with filtersfiectively optimized for a dierent spatial structure. To improve the

feature vectors we start with a list of desired properties

1. Feature vectors should not heavily depend on the avellag@nance value of the
local neighborhood.

2. Feature vectors of edges with the same orientation Ifigreint polarity should be
close.

3. Feature vectors shouldfectively capture the dominant local spatial structure even

under slight aliasing aridr noise.

To reduce the dependency on the local illuminance, the featxtraction block is mod-
ified to have a mean removal step. Right after the first ordesl giifferences are obtained,
the mean value of the fierences is computed and subtracted from all elements. iBfysat
the requirement that edges with the same orientation witlerént polarity should have
similar feature vectors, the next modification is to squdiréeams of the feature vector.
We have also experimented with taking the absolute valudl &érans, but using squared
terms was found to have an additional advantage. When we adliserms to the second
power, larger dierences representing the dominant structuredféeetaely boosted com-
pared to the smaller flerences that might have been caused by noisy or slightlyrteot
pixels. Since the final step of feature extraction is noreaion, boosting larger fierences
results in further suppressing smalleffdiences in the final feature vector. And finally, to

increase robustness against noise and slight aliasinggtnacefeature vectors from ab
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window instead of a & 3 window. This increase in the window size also increasesihe
crimination power of the feature vectors, especially fogesithat are close to the perfect
verticafhorizontal orientations. Note that these edges are hatalegtect and synthesize
properly. Since the angle of such an edge to perfect vefttimatontal orientation is very
small, the amount of change in values of pixels within a smafidow centered on the
edge boundary is also very small. Hence, fieetively handle these edges we require an
increase in the size of the window from which we extract theuee vectors. Features
extracted from 5 5 neighborhoods with the modifications detailed so far pdaeehave
much higher discrimination power, and performed much befteler slight aliasing. All
these modifications resulted in the improved feature veatdtained as the normalized

version ofy, i.e,,

~ ~ 20

yi = Yol withi= = 2.9 andp=075 (4.5)
N 2 —
[ S (71 - A1) ] -

20

wherey'is defined as in Figuré.11

The original resolution synthesis algorithm models théuesavectors as samples drawn
from a multivariate Gaussian mixture. The mixture paramsedee estimated from the train-
ing data via the EM algorithm. The resulting model is usedampute the probability of a
feature vector being drawn from a given mixture class. Tipesbabilities are interpreted
as a fuzzy clustering of the feature vectors. Instead of Ebebalustering we use more
flexible robust fuzzy-clustering techniques. Since fughystering techniques are based on
the minimization of a cost function, various constraintsctuster sizes, membership de-
grees and noisy samples can be imposed by modifying thewostidn. As elegant as the
EM based clustering may be, such constraints can not be edgnghe Gaussian mixture
framework. The fuzzy clustering technique we use is a géimaten of the well-known
Gustafson-Kessel algorithm. We combine the Mahalanolsimdce with cluster volume

constraints such that the cluster corresponding to theoumifareas has a larger volume

36



?:/1 = (9~ 0) |

Local Y2 = (98 — 013)
neighborhood Y3 = (do — 013

):/4 = (012 — O13)

Y5 = (914 — G13)

G| G |G| G| 0 Yo = (G — t13)

Low resolution Y7 = (018 — 013)

input pixel —~—— 19 | 9| 9| 9 | g g’s = (J10 — 913)
)~/9 = (01— )

Ou1| Q2| Q13| G1a| Ois y= ):)2(1) z 8‘21 : gig)
O16| O17| 918| 919| G20 Y12 = (95 — 9o)

)~/13 = (022 — O16)

O21| Q22| Qo3| G24| Q25 Y14 = (G21 — 917)

Y15 = (925 — Q10)
$16 = (924 — O20)
Yiz = (98 — 012)
18 = (98 — J14)
Y19 = (918 — J12)
20 = (918 — G14) |

Figure 4.11.5 x 5 low resolution neighborhood and the modified feature vector

compared to the other clusters. This constraint is basedeoaliservation that natural im-
ages mainly consist of uniform areas. Even edges have amdiogas around the transition
boundary that defines the edge.

The reduction in the number of context classes requiresléissiication step to be im-
proved accordingly. Now that we have a much smaller numbeoofext classes, faulty
classifications seriously degrade the overall performaAoeobvious shortcoming of res-
olution synthesis training phase is the use of a single stahdeviation for all feature
coordinates of all classes. This simply corresponds toguSin= o2l as the covariance
matrix of all classes wherkis the 8x 8 identity matrix. It should be self-evident that the
feature vectors extracted from neighborhoods that belomtifierent context classes may
have quite dierent magnitudes (energies or variations). Hence impadintasses to have
the same covariance matrix is simply poor modeling. We rgnhésishortcoming by using
different a variance value for each class, C; = ol. This corresponds to assuming that

the entries of the feature vectors are identical and inddgran and the variances of the
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feature vector elements are class dependent.

The objective of our proposed research is to render the pegpsingle-frame resolution
enhancement algorithm applicable to customer grade fla plggplays. In its current form
the proposed scaling algorithm is computationally simpleugh to be implemented in
such systems. But computational simplicity by itself is anbugh to certify an algorithm
fit for customer grade products. There are other factorsitifiaence the applicability of
any algorithm aimed for these products, the most importaet lmeing robustness under
varying operating conditions, and a wide range of input aigih To make the proposed
method suitable for TV sets, we require robustness aganist and specific visual artifacts
frequently observed in TV broadcasting, namely, deinténigartifacts.

As detailed in Section.1, the proposed scaling method classifies the input pixelsdas
on local neighborhoods. If the signal to noise ratio of thpuinsignal is low enough,
noisy pixels may introduce classification errors. In typitd video pipelines denoising is
performed by a dedicated block that is placed right aftevitieo decoder. In our work, we
assume that some type of denoise filtering is performed omthé signal, and the SNR
of the signal input to the scaler is not very low.

Since signal noise is typically of high frequency natureisp@ixels are erroneously
classified as genuine details aedhancedy resolution synthesis, resulting in a visually
disturbing, noisy appearance. Directly applying resolugnhancement to noisy input sig-
nals creates two types of visual artifacts. First is the #iakg pixels caused by temporally
changing classification results for the noisy pixels. Secisnthe grainy look caused by
amplified static noisy pixels. To suppress these artifaepmpose two modifications in
the feature extraction block. The first modification is tdure a coring function right after

pixel differences are computed. The coring function is defined as

0 ifd,<T,
dout = dn If T, <d,<Th (4-6)
0 if Ty <dj,
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whered;, is the input pixel diference valuajy is the output pixel dterence value, and,
T, are the lower and higher thresholds, respectively. In opiementation the thresholds
T, andT}, are fixed values optimized for certain noise levels (we Used4 andT;, = 256).
If the computational budget allows, the thresholds can béenadaptive to the local contrast
and signal dependent noise levels.

The second modification is detection and suppression oft ippels with very high
feature values. Based on the observation that noisy piypisally have high gradients
in multiple directions, we detect and suppress pixels wlieatires satisfy the following

conditions

Condition 1: Ify; > T, andys > T4 andys > Tq andyg > T, 4.7)

Condition 2: Ify, > T, andy, > Ty andys > T,, andy; > T, (4.8)

where, the unnormalized feature vector entryesire as defined in Figuré.11 Fig-
ure4.12a) shows a frame captured from a DVD. Classification reswitis and without
coring are shown in Figuré.12b) and (c), respectively. Every color corresponds to a spe-
cific context class. Reduced business in uniform areas @npiiat a much larger portion
of the noisy pixels are classified as uniform, denoted byltator. In our implementation
the threshold3,, Ty, T4 andT, are fixed values optimized for certain noise levels (we used
Th = Ty = Tq = T4 = 40). If the computational budget allows, these threshoéds lwe
made adaptive to the local contrast.

Another important perturbation in the signal structurenigilacing. NTSC standard
for conventional color TV broadcasting allocates a fixeddvedth of 6 MHz for each
TV channel. Since the allocated bandwidth is limited, the@ant of information that can
be conveyed through the channel is also limited. Noting ithfatmation in this case is a
videosignal, one can see that the main tradieibetween the spatial resolution (quality
and amount of details in the spatial domaige, how densely we sample in the spatial do-

main) and the temporal resolution (smoothness of the caghtuotionj.e., how densely we
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Figure 4.12.(a) The original captured frame without any modifications including addition of Gaussian
noise (b) Classification result obtainedwvith coring (c) Classification result obtainedwithoutcoring
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sample in the temporal domain). Hence, the question thatait arises is:How should
we utilize the bandwidth to provide the viewer with satigfag spatial and temporal res-
olution while meeting the bandwidth constrainit®terlacing provides a means of trading
(vertical) spatial resolution for better temporal resmint Instead of transmitting all pixels
of every frame, only the odd or even numbered lines of the ésafasually called as odd
and even fields) are captured, and transmitted in an altegit@ishion. The TV hardware
is responsible for combining the odd and even fields, andalism the full frame. The
CRT TV sets achieve this by first scanning the phosphor sexéérthe odd field first, and
introducing a single line shift before scanning with therefield. The afterglow of the
phosphor screen, combined with the persistence of visisultsein two fields being per-
ceived as a single continuous image. The result is viewitidn@uizontal detail with half
the bandwidth that would be required for a full progresssans while keeping the neces-
sary CRT refresh rate to prevent heavy flicker. Unforturyatiet panels displays, including
LCDs and plasma displays, are inherently progressive ghanjs, they can not directly
display interlaced video signals. Depending on the desigheodisplay, deinterlacing is
performed either within the video pipeline or before theadadaignal is input to the display.
In either case deinterlacing can get quite involved. Thennssue is that the boundaries
of moving objects are displaced in odd and even frames, attibuti precise knowledge of
the motion present in the scene perfect reconstructiontipassible. Motion compensated
deinterlacing techniques are computationally too inten&r low and mid-end products,
and typically these products have much simpler deintersabased on line anaor field
repetition or averaging. These algorithms inevitably tzeasual artifacts on and around
object boundaries in high motion scenes, namely blurredabijoundaries (line repetition
or averaging) and comb artifacts (caused by field repejiMdhen processed with single
frame resolution enhancement algorithms, these arti@&serroneously considered as
genuine image details, and amplified, resulting in visudibgurbing pictures.

To remedy this issue we propose a feature based approadhrgionihe one used for
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Figure 4.13.5 x 5 low resolution neighborhood and the modified feature vector

noisy signals. Our approach is based on the observationlénatierlacing artifacts exhibit
a very specific spatial structure of alternating horizohtes as shown in Figuré.14a).
We augment feature vectors with four additional featuresgieed to detect this spatial
structure. The resulting modified feature vector is showRigure4.13 If the values of

the augmented features satisfy the condition given as
Y22 > Tsngandyasz > Tspgandyay > Tap andyzg > Ty, (4.9)

then the input pixel is declared as deinterlacing artifact] interpolated with a linear filter
that does not amplify the disturbing line structure. Figdr®4b) shows the deinterlacing
artifacts detected in the example deinterlaced pictureveho Figure4.14a). Once again,

in our implementation the thresholds,y and Ty, are fixed values optimized over a set
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Figure 4.14.(a) Deinterlaced frame with visible line artifacts (b) Deirterlacing artifact map

video clips (we useds,=60 andTy,=60). If the computational budget allows, these

thresholds can be made adaptive to the local motion andagintr

4.2.2 lterative training scheme

In this section we discuss the details of our final algorithmodification, namely, feature-
filter coupled iterative training. The proposed trainingtihoel, shown in Figuré.15 is
based on the observation that interpolation filter desiggeshas direct access to the high
resolution pixels. We note that due to Assumption 3 givenent®n4.1 clustering with

respect to feature vectors (distribution parameter esitompis completely uncoupled with
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filter design, and high resolution pixels are only utilizgdthe filter design block, which is
executed only once after the pixel clustering block coresrgience, if we can couple in-
terpolation filters to the feature extraction and clasdificestages, clustering performance
should be improved by the contribution of the high resolutspatial information. Given
the low and high resolution training images, proposed ntetteratively extracts the best
interpolation filters and the context class prototypesdhaused to determine input pixel's

context. The iterative training works as follows.

e Cluster w.r.t. Interpolation filter
(0) Initialize - - {-» -
feature vectors update Filter
Training ' codficients
images Y and class
prototypes
Feature vector Cluster w.r.t.
update interpolation filters|

Figure 4.15.Proposed iterative training scheme

0. Initialization
After extracting the feature vectors of all the low resaatipixels in the training
set, class prototypes are initialized randomly. The pyg@tor class number one is
manually set to a vector of all zeros. This guarantees thatave a class reserved
for uniform areas. All covariance matrices are set to idgmtatrices.

1. Clustering with respect to features

After initialization, the low resolution pixels are clasd with respect to their fea-
ture vectors, Block 1 in Figuré.15 This is done by going through all low resolution
pixels, computing the weighted Euclidian distance (theglveéng matrix is the in-
verse of feature covariance matrix) between the pixel'sufeavector, which is a
representative of the local image characteristic of the lesolution pixel and the

cluster prototypes, which are representatives fecent context classes. Then the
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input low resolution pixel is labeled with the index of theisler whose feature vec-
tor is the closest to the low resolution pixel’s feature veét

2. Filter update
Once the low resolution pixels are clustered with respedhéir feature vectors,
i.e. spatial context, the interpolation filters for all clustare updated with the filter
that minimizes the mean-squared-error between the intggband the true high
resolution pixels computed for all low resolution pixelsarspecific cluster, Block
2 in Figure4.15 Tikhonov regularization is used to avoid filters that esoesy
amplify the high frequency components. While preparing ttiaeing samples, a
small amount of blurring prior to downsampling (anti-alfdgering) is necessary to
model the camera response and also to avoid aliasing. Builetety filtering out the
high frequency componentstectively creates an inverse problem where the filters
are asked to bring back completely removed signhal compsrgdns is only possible
in multi-frame case), resulting in bad filters. Hence, theigie of the anti-alias filter
is quite important. We observed that zero phase lineardilteth properly adjusted
cut-off frequencies provided good visual results.

3. Clustering with respect to filters

After the filter update, all input pixels are clustered widspect to the minimum
mean-squared-error interpolation filter, Block 3 in Figdrg5s This is accomplished
by going through all low-resolution training pixels, conting the interpolated high
resolution pixels by all interpolation filters one by onedatomparing the inter-
polated pixels to the available high resolution pixels. Tdw resolution pixel is
then labeled with the index of the interpolation filter thateg the minimum mean-

squared-error between the interpolated and real highutsolpixels.

"Note that any clustering scheme can be used in this stage xp¥gimented with EM based Gaussian
mixture fitting, but we did not observe any visual quality mopement.
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4. Class prototype update

Once all the input pixels are classified, the feature veaibtbe obtained clusters
are updated one by one, Block 4 in Figdrd5 This update can be done in various
different ways such as taking the average of the median of thedéeatctors. Class
covariance matrices are updated next. To reduce compughttomplexity, we as-
sume diagonal covariance matrices. Then we go back to dlugteith respect to
features, and iterate in this fashion for predetermine@sinin our experiments we

worked with 2 iterations.

Once the filter coicients and the feature vectors of all contexts are learred frain-
ing data, these parameters are passed to the interpol&ige. S\Ve note that further im-
provements over the algorithm detailed here are possibEhould be clear to the reader
that clustering with respect to the filters and clusterinthwespect to the features are two
different goals which may not agree for a specific choice of featand filter clustering
method. Although it is possible to come up with a featureaotion method and a way of
clustering pixels with respect to the best filter that agoeah arbitrarily large percentage
of training pixels, finding such schemes is not straightemdv We have observed that for
the current implementation increasing the number of itenatcorrupted the interpolation
filters and the class prototypes. Through exhaustive coenimulations we have con-
cluded that clustering with respect to interpolation fdtbased on minimum MSE is the
main reason that avoids convergence. Pixels in uniformsaaea frequently assigned to
wrong context classes due to their lack of structure (alrath$iiters perform good). Ad-
ditional regularization terms are required to make clulstewith respect to filters more
robust.

One aspect of the algorithm which we should discuss is thebeuwf context classes.
Obviously, too few context classes would not be able to spreall spatial structures
frequently observed in natural imageleo data. On the other hand, too many classes

would over-fit to the training data, degrading the generarjolation performance. In the
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original resolution synthesis derivation the suggestadlyer of context classes to obtain
satisfactory visual results is around=100. In [B1] it is argued that the number of context
classes is a parameter that can be identified along with trex parameters of the model,
under the a modified criterion of optimality called penatfzékelihood criteria pQ]. In
our case we were limited by the maximum allowable computalidbudget which was
dictated by the Xilinx Spartan 3 FPGA board. Based on ounstidhe mentioned board
we decided to limit our context classes with 13. All of theules presented in this thesis

are obtained with using less than 13 context classes.

4.3 Extension to non-integer scaling ratios

The original resolution synthesis method is designed ftager scaling ratios only. This
limitation is a serious drawback since most applicatiogiire non-integer scaling ratios.
In this section we describe generalization of the resatginthesis method to non-integer
scaling ratios.

Let us denote the scaling ratios in horizontgl&nd vertical §) directions withL, and
Ly, respectively. For integer scaling ratios larger than araétp one, for every input pixel
we have anLy x L, block of corresponding output pixels. When the scalingosatire
smaller than one, we have the downsampling éa#fave downsample by an integer ratio,
a similar statement holds: For everyx L, block of input pixels, there is one corresponding
output pixel. For non-integer scaling ratios these statgsnare not valid. Since the filter
design stage of the original resolution synthesis is basethis pixel to patchstructure,
non-integer scaling ratios can not be directly handled.

The registration of input and output pixel grids for noneigér scaling ratios is essen-

tial to understand the proposed modification. The key to tgtded non-integer scaling

8Each of these criteria includes a term for the likelihoodha model, which is weighed against a term
for the order of the model, so that models with excessivelydo high orders are discouraged.

9Typically decimation byL refers to keeping one out of evekysamples and dropping the rest. Down-
sampling refers to anti-alias filtering followed by decimat We use decimation and downsampling inter-
changeably assuming proper anti-alias filtering is applied
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ratios is the idea opolyphase filtering53]. Instead of including a through overview of
polyphase filtering, we will take a more practical approazhintroduce the idea. For a
detailed treatment of polyphase filtering the interestedee is referred to53]. Also for
an interesting application of polyphase filtering to imagaling and analysis of aliasing
artifacts seef4]. For the sake of clarity, we shall introduce the basic ideaoe dimen-
sional (1D) signals. All the following results and ideas easily be generalized to the two
dimensional (2D) case.

The main result of polyphase filtering is the followingon-integer scaling ratios are
handled by first upsampling by an integer factor U, followgddownsampling by an in-
teger factor D, such tha% equals the desired scaling ratia LThe order of upsampling
and downsampling operations can be changed, but for upgcaliis order is the natural
choice. Note that for the upscaling cdse> 1, which impliesU > D. Hence, by upsam-
pling first we dfectively eliminate the need for the anti-alias filteringgetahat is required
to avoid aliasing. We next introduce the ideafilter phases Phases of an interpolation
filter can be best described on an example. Consider Figgd&where we demonstrate
upscaling of a 1D signalk{n]) by three. We use a nine tap LSI interpolation filtejn]).
We first inserl. — 1 = 2 zeros between each sample, and then filter the resultiragned
signal with the interpolation filter to obtain the upscaleghaly[n]. From Figure4.16we
can see that for any given output sample, only three filtes gap multiplied with non-zero
samples. The remaining filter taps fall on zeros insertediden the input samples, and do
not contribute to the output. We can also see that the filtefficeents that correspond to

non-zero input samples can be grouped into tiptegses

Phase 0= {c[1], c[4], C[7]}, (4.10)
Phase 1= {c[0], c[3], [6]}, (4.11)
Phase 2= {c[2], c[5], [8]}. (4.12)

Note that the number of filter phaseslis= 3. One of the most important results from
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polyphase filtering is the idea of filter phases. We emphasiagfor any output sample
only a single phase of the interpolation filter is uséithe remaining phases overlap with
zero samples. Hence, we can improve computatioffiagiency of interpolation by simply
separating an interpolation filter into its phases, degdwhich phase is to be used for an
output sample, and performing the filtering with the appietprphase only. If the desired
scaling ratio was. = 1.5, we would continue with decimating by two. Since we upsampl
by three prior to decimation, anti-alias filtering is not essary and the final scaled signal
can easily by obtained by picking one out of every two samples

yln] = x{n] = c[n]

x[r] I

L J @ L J @ ® @ T L J n
-2 -1 0 1 2 3 4 5 6 7

qo] o1] |of2] c3] o4l |e5] el o7 [efs) 2]

c[0] |c[1] c[2] c[3] (c[4]] c[5] c[6] |c[7] c[8] VI3
o] c[l] c[2] [c[3]] c[4] c[5] |c[6] c[7] V4]
c0] 1] |c[2]] 3] c[4] [c[5] c6] V5]

0] |c[1]] c[2] c[3] |c[4] c[5] @ Vi6]
o] c[1] c[2] [c[3] c[4] V7]
0] cf1] |c[2] c[3]  ¥i8]

Figure 4.16.Phases of an interpolation filter

Figure4.17 demonstrates two 2D upscaling exampleslios 2 andL = 1.5. The
coloring of the pixels is designed to denote the pixel regigin between the input and
output patches. Every output pixel is also labeled with tedieal and horizontal filter

phases. For non-integer scaling ratios, the number of ghadmsically equivalent to.
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Hence,

2
ForL=2= 1 = 2 phases (4.13)

3
ForL=15= 5 = 3 phases (4.14)

ForL = 1.5, the blue input pixel (which can be though as thgdj(Qosition on the low
resolution grid) has a corresponding<2 patch of output pixels. Similarly, green and
red pixels are mapped to 2 pixels and the yellow pixel getspmadgo a single pixel. It
can be verified that this block structure is repeated for tléoinput pixels. The period

of the repeating output block structurells= 3. Hence, if the desired scaling ratio was
L=16= % we would have) = 8 phases, and the output patch pattern would repeat with

every 8x 8 block.

Figure 4.17.2D scaling examples withL. = 2and L = 1.5

The next polyphase filtering idea is to perform filtering stieely to avoid wasting

computational resources on the decimated samples. Far£hk5 case in Figurd.17we
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can see that after decimation only one forth of the pixele@intermediate picture make it
to the final output. We could further improve computatiorficeency by computing only
the samples that will not be dropped by the decimation stéy implementation of this
idea, which completes the polyphase scaling concept,dggbtrforward. For every output
pixel we first compute the corresponding phase. It shouldbby fclear that the phase of
each output sample is directly decided by its location orottput grid. If we denote the
output vertical and horizontal coordinates wiiy), and the vertical and horizontal phases

with p, andpy, one can easily verify that
X X
o e [2))
_ Yy _|¥
=B -[2])

Once we decide on the phase number, we apply the corresgontinpolation filter phase
to obtain the output pixel value. This implementation coneisiphase based filtering with
decimation to achieve computationallffieiency non-integer ratio scaling.

From a practical point of view the polyphase filtering stggtes not directly applicable

to hardware implementation because of two reasons:

1. Intheory, we can always get arbitrarily close to the @eHir(as long a4 is a rational
number) by properly adjusting andD. The problem is, for some values bf the
integersU and D can get too large. Fortunately, polyphase filtering thedfgre
elegant solutions for large to this problem. Note that direterpolation approach
would use all filter cofficients and store the upsampled image prior to decimation.
For large values olJ, we require large interpolation filters to achieve satisfac
visual results and the computational burden of filteringuisstantial. Also, storing
the upsampled image would cause memory issues since theplesiimage hasl?
times as many pixels as the input image. In actuality, thaolmlyphase filtering,
we never execute full upsampling, store the upsampled inaagethen decimate.

Nevertheless, in certain cases, getting an exact matclresdlivalues so large that

51



even with polyphase filtering techniques the computatibnadien is prohibitive.

2. In theory, this approach can handle any non-integer dadgaling ratio but picking
proper values ofJ andD. But in practice we do not have the luxury of changing
these values for every scaling ratio. In actuality, we hawetrol over onlyD, and
we are stuck with a fixed value &f. This is due to the fact that everyfiirent value
of U requires a new interpolation filter, and storing the coroesiing filter codi-
cients. Since typical hardware flows are highly optimizéds type of flexibility is

not possible.

Hence, the bottom line imost of the time we have to settle for an approximate L
Real world scalers handle non-integer scaling ratios bpunpding with a quite large ratio,
typically around 128, followed by decimation, where theidetion ratioD is picked to
match the desiredl as closely as possihleNote that the larger the value of the fixed
upsampling ratio, the better the approximation but the dératde interpolation filtering.
Using polyphase filtering techniques, the interpolaticefiis divided into its phases, and
each output sample is computed by using a single phase ohly.stibstantially reduces
the computational burden of the interpolation filter. Albg,performing filtering for each
output sample separately the storage problem is virtuéityireated.

We could directly apply the polyphase filtering approachtfixedU and variableD)
to generalize resolution synthesis to non-integer scaditigs. But this approach is plagued
by practical issues. Assuming we pick the fixed upsamplitig s 128, we would have
128x 128 = 16384 phases for each class. Each phase i anM non-separable filter,
where typical values foM are 3,4,5. Optimizing such a large number of filterfGoeents
(for M = 5, we have 409600 céicients foreachclass) is problematic. To obtain reliable
filter codticients we have to avoid ill-conditioned cases, where thebarrof linearly inde-
pendent training samples for a phase is less than the daten @ie number of cdicients
to be optimized, avoiding the ill-conditioned cases reggiiprohibitive amounts of data.

Hence, we decided to take an alternative approach moti\atdde observation that for
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TV sets, high quality resolution conversion is only reqdifer certain fixed ratios. This is
the case since there exists only a limited number of natikeescresolutions and a limited
number of standard signal resolutions. Based on this ¥eetdesign a specific set of RS
filters for each scaling ratioWe observed that the visual quality improvement gained by
using class specific non-separable filters allows us to Ithneenumber of phases compared
to LSl filtering.

We conclude this section by presenting a discussion of ttienafity of the proposed
generalization strategy. We base our discussion on a refation of the original optimal
filter derivation presented irb[l]. Let us start with definitions. The number of pixels in the

j'!" context class is denoted Y and defined as

Nj = > Wy, (4.15)
seS

wheres s the index over the training s8t For the fuzzy clustering case the class weights
0 < wjy, < 1 are computed by the clustering method. For example, if veeGeussian

mixture fitting as done in the original resolution synthdsrsnulation

Wiy, = Pav(ilys 6), (4.16)

whered denotes the Gaussian mixture parameters. For the crisgeiihg case the class
weights will be zero for all classes except for the class thatpixel is assigned to. The

augmented mean vectorsare defined as

Vijj
Vi =
Vyij
1 f .
:WZ > | paw(ilys ). (4.17)
l'ss | Qe
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And finally the augmented class covariance matrices areetkéin

Ly Tegj
j:
Itgj Tgyj
1 (fs_Vflj)

N [(Fs=va)" (95— ve))"| Pav(ilys6).  (4.18)
J 'ses (gs_Vglj)

Using these definitions the optimal filter ¢dbeients are computed as

Aj =TigTyg),
B; = vij — TigiTyg vai- (4.19)

In the original derivation presented i&]] the feature and filter parameters are obtained as
ML estimates from the incomplete data likelihood using etaton maximization. Let us
revisit Assumption 3 stated in Sectidril:

Assumption 3 Given feature vectoy, the class distribution is independent of the high

resolution and low resolution pixels

Parc(ilf, @) = pav(jly).

Using this assumption, the incomplete data likelihood cafelotored into 2 terms that
can be optimized separately. First, the feature paraméters obtained by applying the
expectation-maximization (EM) method. Then using the iolet ML estimates, the filter
term is maximized. The derivation of the optimal interpmatfilters is mainly based on
Assumption 2 stated in Sectighl

Assumption 2 Given the input low resolution pixel neighborhood and tloatext

class, the high resolution pixels are Gaussian
Pre.a(flg, ) = N(Ajg +,Bj,0'2AjTAj)~

Hence, filter optimization is equivalent to ML estimationtbé mean of a Gaussian.

Since the filter coicients are computed as the ML estimate of the mean of a Gayfséa
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resulting estimates are equivalent to minimum mean squared(MMSE) estimates. Fur-
thermore, for Guassian distribution MMSE of the mean is e@jent to the linear MMSE
(LMMSE) [55]. The resulting formulas confirm this fact since they exasthtch the well-
known LMMSE solutions. Based on this observation we preaardlternative derivation
which is more suitable for our purposes.

Let us formulate the optimal filtering operation as
fs=Ajgs+B; (4.20)

where f denotes a raster-scanned vector of output pixel gndenotes a raster-scanned
vector of input pixels that fall into the filter mask. Note thar non-integer scaling ratios
the size of the output patch, hence the sizé oflepends ors. This does not reallyféect
the result, but to avoid notational confusion definef as a vector with fixed length of
Lx x Ly, where the unused phase entries are simply zeros. We de@im®sh function for

the j" class as
ZWj,ysllfs — Ajgs +BjlI%. (4.21)
seS

Noting w;,, denotes the previously defined class membership weightsawsee that the
cost function in Eg4.21is the accumulated weighted squared error forjtheontext class.

Finally, we define the filter optimization problem for tfte context class as
i . _ A 12
o ;Wj,ysllfs Ajgs + Bl (4.22)

In appendix AppB we show that the resulting optimal filter d@eients are identical to
the ones in Eg4.19 Hence, these two formulations define the same problem. et u

decompose the squared error term and rewritd 2Gas

LxxLy

Z Z Wiys (fsk — ajk0s + ,Bj,k)2 , (4.23)

seS k=0
where fsy is thek™ output pixel,a;y is the corresponding filter phase, g8 is the cor-

responding bias term. From E4.23we can see that the cost function, hence the optimal
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filter, can be decomposed intq x L, different terms corresponding to each phase. This
observation is the key to generalize the algorithm to naeger scaling ratios. Basically,
we train each phase of each class separately, i.e., we dh&aiwptimal filter phases and

bias terms as

min | > wyllfac— s + Biudl? | fork =0,1,..., Ly x L, (4.24)
€S

ajks Bik
On the algorithmic side, all training samples are labeledignouped with respect to their
context classeand phase numbers. To decide on the number of phases to be usad for
specific scaling ratio, we experiment with an increasing benof phases until we obtain
visually satisfactory results. For the scaling ratios ¢gtly required in SD to HD conver-
sion (15 < Ly, Ly < 2.5), we observed that at most six phases provided visuallsfaetory

results.

4.4 Experimental setup and simulation results

In this section we present visual results to demonstratgén®rmance of the modified
resolution synthesis algorithm. Before we discuss theldetbthe experimental setup, we
note that for all of the experiments training and test dateewept completely separaies.,
none of the images or video frames usedfihlime training was used for testing purposes.
The test images are shown in Figuke$8and4.19 and the training images are shown in
Figure4.20 Images shown in Figurgs1§a), (b), (c), (d), (e)4.2Qc) and (d) are 720480
frames captured from DVD movies. The images shown in Figdre&f), 4.19a), (b), (c),
(d), 4.20(a) and (b) are still images of natural scef&s.

In the single-frame resolution enhancement case visuébnpeance is defined by the
quality and sharpness of edgeg,, smooth along the edge without jaggies with a sharp
and ringing free transition across the edge. Unfortunaseigh visual attributes can not be
assessed accurately by the currently available numerigasehence we shall not present

any numeric results. For visual comparisons we have resbttsned by three methods,

ONote that these images are downscaled to allow a clear fegigen
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1SO 300

Figure 4.18.Test pictures 1 through 6

namely, bicubic interpolation, original resolution syesis (ORS) with 11 context classes,
and modified resolution synthesis (MRS) with 11 contextsgas The ORS and MRS
methods were trained on the exact same training set (appabedy 500,000 registered
high-low resolution pixels) extracted from the images shawFigure4.20 The ORS uses

soft-filtering, i.e, output pixels are computed as weighted combinations @ealeontext
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(b)

(d)

Figure 4.19.Test pictures 7 through 10

classes. Each ORS class output is computed by applying & fiiter mask and adding a
bias term as described i6]]. The MRS method uses hard-decisiam,, the filter of the
best matching context class. The MRS method usesi4ilter masks without any bias
terms. Figureg.21and4.22show a comparison of ORS and MRS. From the visual results
we can see that MRS can achieve satisfactory visual perforenaith as low as eleven
context classes usingxd4 filters with hard-decision.

Figures4.23 and 4.24 show the results of upscaling with = 2 andL = 2.5, re-

spectively. The improvement in edge definition and elimorabf the jaggy patterns are
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(d)

Figure 4.20.Training pictures

obvious. From the visual results, we can see that MRS caredotm bicubic interpo-
lation with as low as eleven context classes using 4tfilters with hard-decision. The
result presented in Figu#.24 (corresponding td. = 2.5) also shows that the proposed
generalization method for handling non-integer scalirtgpsaachieves satisfactory visual
performance.

For subjective quality evaluation we conducted two expents. Five test images were
upscaled by two, and specific regions where the visual ingr@nts are clearly visible
are presented. The test video clip is captured from the DVDienGattaca. We did not
postprocess the captured clip (denoising, sharpening ddtii@nal scaling) apart from
clipping the top and bottom letterboxes. The video clip isagbed by two from an initial
resolution of 640x 320 to 1280x 640. The upscaled images and the video clip were

presented to a group of 10 viewers and the viewers were asl@dér the images in terms
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Figure 4.21.(a) Original resolution synthesis and (b) modified resolutbn synthesis.

——— ————

(@) (b)

Figure 4.22.(a) Original resolution synthesis and (b) modified resolutbn synthesis.
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Figure 4.23.Scaling results forL = 2. (a)Original (b)Bicubic (c)MRS

of visual quality. All viewers were fairly knowledgable ihe field of digital imagg/ideo

processing. In all cases, we have the result of MSR, ORS witHfittering, and bicubic
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interpolation. All viewers reported that MRS and origin& Rith soft-filtering are visually
more preferable over bicubic interpolation and RS with Hdtering. The visual quality
difference between MRS and RS with soft-filtering was not cledidiinguishable to most

of the viewers.
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Figure 4.24.Scaling results forL = 2.5. (a)Original (b)Bicubic (c)MRS
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CHAPTER 5

RESOLUTION ENHANCEMENT OF HYPERSPECTRAL
IMAGERY

The goal of our research is to enhance spatial resolutiolypéispectral images. An
integral part of our approach is a model of the hyperspeictragje acquisition process. We
require our model to be complex enough to capture the mairactaistics of the imaging
process, while keeping it as simple as possible to keep iitgpatational complexity within
practical limits. Although the proposed model makes no gigegssumptions about the
imaging device used and incorporates most of thieces that influence the spatial and
spectral resolution of the observed scene, it excludeslytia physical €ects. These are
related to the sensor characteristics and secondary ilation sources. In our work, we
assume that sensor calibration and atmospheric compengetve already been applied,
and focus on the image processing aspects of the acquisition

Our hyperspectral image acquisition model interprets @umages (also referred as
observations) as aliased and optically blurred linear doatlwns of the target imagé’s
basis image planes. The pixel values of these basis imagegptorrespond to the princi-
ple component magnitudes. This section provides a detaikgtiematical formulation of
the proposed model. In the next section, we will addressrnerse problem and present
a back-projections-based iterative solution method. iBlessimplifications for single ob-
servation and multiple observations with translationatiorowill be studied and a useful
interpretation of the overall imaging process will be preed.

For a given ground pixel, whose dimensions can be in the rahtgns of centimeters

to tens of meters depending on the spatial resolution artdddtof the imaging device,

Note that we use the tertarget imageto denote the high resolution image cube which we are trying
to reconstruct. In a similar fashion, the tesource imagealenotes the low resolution observation which is
available to us.
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the radiance observed at any particular wavelength ism@ted, to first order, by the re-
flectance of the matter and the solar illumination at thatel@wgth. But there are many
important secondaryfiects that limit the measurement, including scattering &soigption
of the reflected radiance by the atmosphere, spatial andrapaberrations in the sensors,
imperfect optics in the imaging device, secondary illurtimafrom adjacent objects, fi-
nite sensor dimensions, and the viewing angle of the sensay. aCharacterizing these
effects with the ultimate goal of developing compensationnagkes to limit their unde-
sired influence on the image data is a challenging problemaandctive research area.
There are many élierent models that describe the hyperspectral images st&tatimod-
els 6], [57], [58] typically use some kind of Markov random field (for exampBauss-
Markov random fields) and are capable of capturing the dpa#iad spectrally correlated
nature of hyperspectral data. Deterministic models on therchand are computation-
ally more attractive and can easily be structured to havdagae of a physical model of
the imaging proces$p)], [60]. The deterministic models can be further divided into two
subgroups, namely, linear deterministic models and noeali deterministic model$1].
Finally, there are approaches that combine the statistivdldeterministic models in an

effort to construct models that have the advantages of bottoappes ¢2)].

5.1 The hyperspectral image acquisition model

In following sections we model the image acquisition, sgdiltering, spectral filtering,
and sampling. We begin with a summary of the mathematicaltioot that will be used
throughout the remaining of this thesis. The hyperspectragje data is best represented
as anR-dimensional vector for each pixel, whelRas the number of spectral bands. The
images are assumed to bk x N, so that the hyperspectral data formsMnx N, x R
data cube. Following this convention we lgin] = [f;[n] fo[n] ... fg[Nn]]T denote ther-
dimensional pixel value at location= [n;, n]". We usef;j(x;, X) to denote thg™ spatially

continuous high resolutiorigrge?) image plane and;[ny, n;] for the j™ spatially discrete
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hr (X1, X2) b1(1), b1(1), ..., bp(1) h(x1, x2)
Hi-res target Discreteto | f(x1, X2, K) Spectral | fe(x1, Xz, 4, K) Spatial
4’ H 1 . .

[ o, K contmugus representatio filtering

conversion model

fC,b(Xls X2, ﬁs k)
Spatial 9(X1, X2, K) Spectral
vimy, mp, K] domain filtering
sampling
g[my, mp, K]

Low-res source

Figure 5.1.The hyperspectral image acquisition model by which a hypothsized high resolution discrete
target hyperspectral image is used to produce a low resolutin source hyperspectral image

high resolution image plane. Similarty(x,, X,) denotes thé&" continuous low resolution
(sourcd image plane and;[my, m,] denotes tha™ discrete low resolution image plane.
Any pixel denoted by the letter, no matter what its subscript or indices may be, is a target
image pixel. The letteg similarly always denotes a source image pixel. Furthermatre
some point it will be necessary toftérentiate between high and low resolution grid pixels.
For this purpose, the high resolution grid pixels are indexih n = [ny, n,]" and the low
resolution grid pixels are indexed with = [my, my]T. A complete list of terms and their
definitions is given in Tablé.1

The block diagram shown in Figufe1 depicts the system to be modeled. The ideal
continuous-space and continuous-spectrum image sigerabteld byf.(xi, X, 4, K), repre-
sents the actual input to the imaging device. In this notdtidcs the observation index.
Our main assumption in superresolution reconstructiohas we have access to multiple
observations of the scene for which we wish to apply supelugsn. These observations
can be hyperspectral images captured fiecknt time$ by a single imaging device or si-

multaneously from multiple imaging devices. Superresoiuteconstruction then fuses

2Please note that this is not an implicit assumption of theterce of a fictitioushyperspectral video
signal The observations can be captured at time instances whickegrarated by arbitrarily long time
periods.
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the information present across these observations torodtagher resolution image of the
target scenelfl], [63]. Ideally, we would like to reconstrudt(xs, X, 4, K) from the avail-
able observations, bdg(xs, X, 4, K) is continuous in all dimensions and there is no way we
can implement a solution to this problem using digital haacev We will deal with this
limitation in two steps. First, we will consider the spettiemension, where we will make
use of a well known and widely used property of hyperspeatnage data. Then, we will

look into the spatial dimension.

Table 5.1.List of terms

Term Definition
N1 horizontal dimension of the high resolution target
No vertical dimension of the high resolution target
My horizontal dimension of the low resolution sour¢e
Mo vertical dimension of the low resolution source
R number of the spectral bands originally present
in the target images
Q number of the spectral bands present in the source
P number of the spectral basis functions
X =[x1, %]T | continuous spatial index
n=[ny,n]" high resolution grid index
m=[mg,mp]" | low resolution grid index
hr (X1, X2) reconstruction filter
h(xq1, X2) spatial blur filter
hy(x; n; k; k) | generalized blur filter
f; (X1, X2, K) i continuous target plane of & observation
fi[n1, N2, K] jih discrete target plane of thé&' observation
0i (X1, X2, K) it continuous source plane of tk& observation
gi[my, My, K] it discrete source plane of th# observation
P;(4) illuminant-independent spectral basis functions
bj(2) illuminant-dependent spectral basis functions
L1 downsampling ratio in the horizontal direction
L, downsampling ratio in the vertical direction
vi[mg, mp] noise process
W basis weighting matrix
H spatial blur filter
B combined blur and weight matix
Bij stands for the element & located at thé™
row and thej!" column

5.1.1 Discretizing the target image
Itis a well known fact that the spectral reflectance of ndinmages can be accurately mod-

elled using linear combinations of a relatively small numfgenerally around severg4])
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of reflectance basis functiong;(1), ..., pp(1). These illuminant-independent orthonor-
mal basis functions can be obtained by applying PCA (Pradcmmponents Analysis) to
a large set of natural image reflectances and selecting gi@forincipal components. If
we denote the illuminant spectrumla@t), then one possible choice for a set of illuminant-
dependent basis functionshig1) = L(1)pi(1). As a first step in our model we will assume
that f.(xq, X2, 4, K) is representable as a linear combination of these basisiduns. That is,

at every location f.(x;, X2, 4, K) will be represented by R-dimensional vector, where the
elements of this vector are the ¢heients of the corresponding orthonormal basis func-
tions. Therefore, the high resolution target imagg,, n,], shown in Figures.1is aP-
dimensional vector at every pixel. Note thats not the number of spectral bands; it is the
number of spectral basis functions. This assumption letspresent aR-dimensional sig-
nal in aP-dimensional space (note thHRts> P) with negligible error. This greatly reduces
the complexity of the reconstruction problem.

Before starting to discuss the spatial domain, we wouldtitkeomment on the use of
PCA in the context of resolution improvement and the speatfarmation fusion aspect
of the proposed technique. First of all, our main assumphoatitempting to fuse infor-
mation coming from multiple spectral bands is that the spésignature of some target
material we are interested in is present in several bandsldims are made for spectral
details that may be present only in a single frequency baradsifgle observation. Sec-
ond, the choice of basis functions is application specifiavd are trying to improve the
resolution of a specific material with a known spectral sigrg then the training images
can be chosen accordingly to have basis vectors optimizatido specific material. Also
at the expense of increased computational load, the nunfilblee dasis functions used to
represent(xy, Xz, 4, K) can be increased and the representation error can be niattarar
ily small. Finally, the use of PCA to find the spectral basisdtions is totally arbitrary.
In fact, the basis functions may be calculated using a wadgkapproaches including but

not limited to, convex geometry-based approaches, notketion-based approaches, etc.
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(see pY| for a detailed discussion of the available techniques).

To deal with the spatial domain, we hypothesize that for ezfcthe P spectral ba-
sis image planes, there exists a corresponding discrefie;rbsolution target image plane
film, e, K] (J = 1,2,...,P) and we seek to reconstruct a target image from that signal,
fj(n1, Nz, k). The main assumption here is that the spatially continsagrsal f;(X;, X2, k)
is bandlimited (more details on the band-limitedness agsiom will be given in the next
section) and therefore could be reconstructed from thaadlyatliscrete high-resolution

image f;[ny, Ny, K] through an ideal reconstruction filty.

5.1.2 Discrete-to-continuous conversion

The first step in the ideal reconstruction process is coiveis the discrete signals into
impulse trains. The following operations are performed aoheof theP target image
planes. If we leff (X, X2, K) denote the impulse array obtained frdifn,, np, K], then we
can write

N1—1 No-1

n n
foifa. 0. K) = D) D, filmne. koG = % = ). (5.1)

n1=0 n,=0

Note that the spatial sampling frequency is normalizedHerddw resolution grid so that;
andL, show the increase in the spatial sampling density when weerimomn the low resolu-
tion image (source) to the high resolution image (targetpther words, if we assume that
the sampling density in the low resolution image is 1 per areg, then the high resolution
image had.; andL, samples in the horizontal and vertical directions per uaarespec-
tively. Under this normalization our band-limitednessuemsption requires the continuous
signal fj(xy, X, k) to be bandlimited to the frequency range_(x, Li7) X (Lo, Lom).

We implicity assume that the high resolution target imagel (@ence its reconstructed
version) exists for all observatioks Therefore, in the following equations the observation
indexk is suppressed. Keeping this in mind, the convolution withréconstruction filter

takes the familiar form

fi(X1, %) = ff fsj(X1 — Ug, X2 — Up)hy (Ug, Up) dudup. (5.2)
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Substituting forfs ;(x1, X2) from Eqg.5.1we get

N1—-1 Np-1

fi(X1, X2) = ff Z Z filn, np]o(xq — Uy - — Uy — :_z)hr(ul, Up) dudw,.  (5.3)

n1=0 ny=0

Assuming convergence, we can exchange the order of sunmaatwintegration to write

N1-1 N>-1
n n
fit) = ), Y filmend | f 60 U = T = U = ) (U, ) dundty, (6.4)
n1=0 n,=0
N1—-1 No-1

=37 > il nalhe(a - =, % - —) (5.5)

n1=0 ny=0
If we include the suppressed observation indegikq.5.4becomes

N1—-1 Np-1

fil %K) = D) D filn me KO = 06 - —) (5.6)

n= 0n20

5.1.3 Spectral representation with predetermined basis foctions

We assume that the basis functions have been predetermyregapblying PCA on appro-
priate training data and selecting the fiBsprincipal components. As mentioned in Sec-
tion 5.1.1 the use of PCA is arbitrary and any of the methods mentiondg@5] can be
used to obtain these basis functions. If we denote the aomiis signal as.(xs, X, 4, K)

then we have

P
fo(X1, X2, 4, K) = Z b; () fj (X1, X2, K). (5.7)

j=1
Noting that Eq5.6applies to each of the target image planes, we can write

N1—1 No-1

(4, Yo, 4,K) = Z b, (ﬂ)[ D, D, filnna Kb (xa - =% - E—j) SNEX:)

n1=0 n=0
Before we move on, we would like to point out a connection leetwthis work and
a previous work on face superresolution by Guntetlal. [33]. There are some major
differences between these works, such as the fact that the ygevark used spatial ba-
sis whereas here the basis are spectral. Neverthelessndleaiable similarities call for
a comparison. In both methods, the use of the low-dimenkgpace to which the un-

known high resolution images are known to belong, serve asftantive regularization.
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Furthermore, both methods take the advantage of projetiimgoise process to a lower
dimensional space which in turn reduces its undesifégtes on the reconstructed high

resolution images.

5.1.4 Spatial filtering

We useh(xy, Xo) to denote the spatially invariant blur filter. This modéte imperfect
imaging optics (e.g. lens blur) and the unavoidable semgegration blur caused by the
finite sensor area. In the following derivation we assume tihe blur filters for all the
spectral basis functions are the same. This is justified byspiatial response functions
supported with the AVIRIS data and will lead to a relativeiyple final relation between
the high resolution target image and the low resolution olad®ns. Please note that the
solution method that will be used to obtain the target imagelandle dterent blur filters
for every basis function with only minor modifications (mamne this in Sectiorb.2). The
blur operation can be written as the convolution of the tangage planes with the point

spread function of blur filter

fc,b(Xl, X2, A, k) = f h(X]_ — V1, X0 — Vg) fC(Vl, V2, k, ﬂ)dvldVQ, (59)

where subscript, b meanscontinuous and blurredWe will use the motion mappintyl
for relating the available observations to the referenceplation #2]. M = (My, My) is

defined as
X1r = My(X, X2, K, k),
Xor = Ma(Xg, X2, K, k). (5.10)

Let us assume that the pixel located»xt; ( ., ) in observatiork, corresponds toa, «2)
in observatiork. That is, fo(Xvr, Xor, K, ) = fo(k1, k2, K, 2). Then by using the inverse of

the mapping mentioned above, we can wiigg(X1, Xz, 4, K) in terms of fo(Xqr, Xor, Kr, A).

fC,b(Xls X23 /1’ k) = f h(xl - Mil(xl,r, X2,r, k’ kl’)’xz - Mil(xl,r, X2,r, k’ kl’))|‘]|

X fc(Xl,r, X2,r, kr, ﬂ)dxl,rdXZ,r (5-11)
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(X1r, Xor) = M (X, Xo, K, k) fo(X1, X2, 4, K)

f _

Another available
fe(Xar, Xor, 4, k) observation

Reference observation

Figure 5.2. The motion mapping M relates the available observations to the reference obseation.

where|J| is the Jacobian of the motion mapping. To leave no room foundsrstanding,

we note that the inverse mapping ™ = (M;*, M;1) maps a given pixel in observatidn

back to its location in observatidqg that is

X1 = MIl(Xl,r, Xor, K, Kr),

X2 = Mo (Xer, Xor, K, k). (5.12)
If we definehy, as
b (X, X3 Xars Xaos K Ke) 2 13I0a = My (X rs Xar, Ko k), Xo = Myt (X, Xor, K K)), (5.13)
fen(X1, X2, 4, K) can be written as follows:
o e 00 = [ [ 5000 KK Ko K D, (6.14)
Substituting from Eqg5.8for (X1, X2, 4, K) into this expression we get

fen(Xe, X2, 4, K) = f hw (X1, X2 Xar, Xor; K; Ke)

P N1-1 N>-1
n n
x| Q. 0i) Y D filmw me klhe (s = e = )| A
=1 =0 =0 ! 2

(5.15)
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Again, assuming convergence we can exchange the integaatm summations to obtain
N1—-1 Np-1

fap(%0, X, 4, K) = Zb W Y D, filt k]

n= Ol’lz 0

n n
X f b (Xa, X2; Xar, Xors K K )N (Xor — L—l, Xor — L_2) dxdXxoy.
2

1
(5.16)

To get a simpler looking expression &y, (X1, X2, 4, k) we defineh, as

n n
ho (X0, X5 N1, Mo K k) = f B (X1, Xo; Xars X5 K; KDy (Xar — L—l Xor — L_z)dxl,rdxzr,
1
(5.17)
which allows us to write
N1-1 Np-1
Cb(X]_, X2, /l k) = Z b (/l) Z Z f [nl’ Ny, kl’] hb(X]_, X2; Ny, N2; k kl’) (518)
n1=0 ny=0

5.1.5 Spectral filtering: band selection, atmospheric andlluminator based effects
on spectrum)

The spectral response functiong), ra(4), ..., ro(1), whereQ stands for the number of
spectral bands in the source images, model the hypersjpsatisors’ €iciency at diferent
wavelengths. We assume that the input images are atmosalheorrected, which in
turn eliminates the need for complex processing to invextatmosphericféects on the

spectrum.

01 (%0 Xo. K) = f fon (X Yo, A, KD A

N1—-1 No-1
f [Zb () > > il e, kIho(x, X; M, ngi ks k) |ri(4) da

n1=0 np=0
Ni—1 Np-1

- Z[ fo bj()ri(4) d/l] D07 il e klhe(xa, Xo; g ki k), (5.19)
j=1

n1=0 ny=0

where the second equality follows from the assumption thairtegrals and summations
converge, allowing us to change their order. If we denotdritegral in brackets as |,

then we can write

N1-1 N>-1
6 (%0, %2, K) = Zw., 2, 2 filmna khe(x, xeim otk k) fori=1.....Q. (5.20)
j=1 n1=0 n,=0
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From Eqg.5.20we see that, within the limitations of our model, the low leson source
images can be represented as linear combinations of the jplasies filtered by,. The
weights are obtained by separately applying the spectratdito the basis functions. Fig-
ure5.3demonstrates this for the weights of tffesource plane with a fictitious spectrum.

Ori(?inal spectrum . . _ _ . .
and spectral filters 15t basis function 2 basis function P! basis function

I 1 1 1
1 | | |
| | | |
1 | I |
| | | |
| | | |
1 1 1 1

wavelength

Figure 5.3.Spectral filtering: The i spectral filter (solid line) is applied to all basis functiors to produce
the weights of thej" source planew; ;.

5.1.6 Spatial domain sampling
Next we must spatially discretize the images to make a maldtnplementation possible.

This is done by sampling thg’s on a low resolutiorM; x M, grid.

gi[ml’ m2’ k] = gi(xl’ X2’ k)

Xp=my, Xp=Np

P Ni—1 Np-1
= > Wiy D > filn e kIhe[my mp g kik] - (5.21)
j:l n1=0 np,=0

or in matrix form withQ = 112 andP = 6

ga[m, K] Wip -+ Wi filn, k- he[m; n; K k]
Galm Kl || war oo wae || fo[n k] - he[minik; k]
| O112l M K] 1 | Wi121 ... Wiize 1l feln, k] - hp[m; n; k; k] ]
g=WHfT, (5.22)

where we have made the following definitions to simplify tkpression:
N1—1 No-1

fiin k- holmnikok] 2 3" 3" filny mo ke[, mp;na, ok k], (5.23)

n1=0 ny=0
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[ fnk] | faInk] - Dol ik
fInk] 2 fz[r.1, k]  H[mK - faln k] - h%)[m; n; k; k] ,
| felnk] | | feln k] - holmymik k] |
| gmK Wiy o wie
gm K] 2 QZ[r:n’ K] | W Ve _forQ =112 andP = 6.
| Gu MK | W11 ... Wire |

Note thatf[n k] (for j = 1,...,P) and hy[m; n;k; k] as defined above, are vec-
tors obtained by cascading the corresponding elementsfinittn 5.23 one after an-
other. EQ.5.21shows the relationship between the low resolution obsemnstand the
high resolution target image cube through the discretetigd|ya shift-varying blur func-

tion hp[my, My; Ny, no; K k.

5.1.7 Additive noise
Finally, the additive noisemy, m,, k], models the total @ect of all possible noise sources
(unavoidable sensor noise, sampling noise, quantizat@emtroduced when the sampled

pixel values are quantized) that exist throughout the whotguisition process,
gi[my, mp, K] + vi[m, mp, K] fori=1,...,Q. (5.24)

The exact statistical nature of the noise process, whichi ggemat importance for meth-
ods formulated using a Bayesian framework, depends on tafgpapplication and the
assumptions we are willing to make. A very popular char&aépn is to assume that

v[my, my] is a zero mean wide sense stationary Gaussian noise process
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5.2 The inverse problem

Given the model presented in the previous sections, thesayeroblem can be stated as
finding the target image that agrees with the available souneges. Heragreesdeserves
some explanation. When we say the candidate target imagageement with the source
images we mean that if the linear, time and space-varying\{)Tfilter h, in Eq. 5.20
is applied to the candidate target image, the resultinghgjitt source image is close to
the actual images captured by the imaging device under deraion. There exist many
ways to solve this problem, each with its (dis)advantages. ekample, we could try to
minimize the squared error between the observed imageshanslyhthetically produced
source images by using well-studied least squares metfibésdrawback of this approach
is that it requires the computation of the inverses of largérites, which is in most cases
very difficult.

A preferable alternative is to use iterative set-theonetathods, 42], [66]. It can be
shown that using a squared-error criterion together withaalignt based iterative mini-
mization method is completely equivalent to a version ofBaek-Projection method[/].

In this work, we propose a POCS (Projection onto Convex Sets p8], [69]) based so-
lution to the inverse problem addressed above. The POCSoohetiyjuires a number of
closed convex constraint sets to be defined. These cornigeasmust be defined in a well-
defined vector space and contain the high-resolution @)i4erget image. We defin@
constraint sets (one for each observed band) at every Iswg#té point jny, mp, kK] where
Eq.5.21is valid. A reconstructed hi-res image is a point in the is¢etion of these con-
straint sets and can be determined by successively pmgeati initial estimate (which is
usually chosen to be a bilinearly interpolated low-res ig)amnto the constraint sets. As
mentioned in almost every work that applies a POCS basedsecmtion method, we re-
quire an accurate estimate of the motion field for this apgrda work. Otherwise, the
projection operators dictate irrelevant constraints @yilxels with inaccurate motion vec-

tors, which results in a degradation in the image qualityrturately, for hyperspectral
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images complex motion fields with high motion rates and fegqocclusion regions are
quite rare due to the nature of the data.
As in [42] and [66], we start with defining the following closed, convex coastt sets,

for each low-res grid pixel:

Ci(my, mp, K) = ([N, o, k] for j=4,..., P [d[my, mp]| < 65[my, my]}, fori=1,...,Q,

(5.25)
where
P N1—1 Np-1 .
o m, mo] £ glmy, mo, k= > wiy > > il o, klho(my, mp; me, np; ki ko), (5.26)
j:l n1=0 n,=0

is the residual signal associated with #feobservation of th&" spectral band. The quan-
tities 5!‘[m1, mp] used in the definition of the constraint <&{my, m,, k) reflect our statis-
tical confidence with which the actual hi-res tardgii, np, k] (for j = 1,...,P) is in
Ci(my, mp, k), see B6]. We can determine the values &fi[ml, mp]’s from the statistics of
the noise process to guarantee that the actual hi-res ta@eelement of the constraint set
with some pre-determined statistical confidence.

To determine the projection operatBg i, m,k that projects the current estimate of
the hi-res targeﬂ[nl, ny, k] (for j = 1,...,P) ontoCi(my, my, k), we start with Eq5.22

CombiningW andH into a single matrixB, we obtain:
g=WHTf = Bf. (5.27)
The projection operator is then defined as:

y(d[my, mp] — 6K[my, my]), if d¥[my, mp] > 6F[my, my].
PCi(ml,mz,k)[ﬂ[nls N2, k]| = ﬂ'[nls N, Ke]+9 y(d[my, my] + oK[my, my]), if di{{my, mp] < —oK[my, my].
0, otherwise.

for j=1,...,P, where we used

(5.28)



In an dtfort to avoid notational confusion in E§.28 the projection operator is written
for only the j" basis component. For the reader who is familiar with thetatgje recon-
struction techniques and numerically stable matrix ineersnethods, we note the obvious
similarity of this projection operator to Kaczmarz’s iteva method for solving systems of
linear equation#\x = b.

Any additional constraints coming from our prior inform@tiabout the hyperspectral
data (positivity, bounded energy, and limited support foamtized data, to name a few)
can be used to further improve the results by defining newttains sets and their corre-
sponding projection operators accordingly. Given thegqutipn operator above, estimates

of the hi-res targets are computed iteratively from the tea-observations as follows:

ﬂ(|+1)[n1’ n2’ kf] = PCq(ml,mg,k) cee PC1(m1,mg,k)[ﬂ(l)[nl, n2’ kf]] (529)

As mentioned in Sectioh.1.4 this method is capable of handlingl@irent blur filters
for every basis function. This is possible by modifying thiejpction operators in such a
way that every ca@cient plane is projected by using the corresponding spialtialfilter.
This does not increase the computational load since the euwfbcomputations is not
altered (as long as the spatial blur filters correspondindjfferent basis functions do not
differ greatly in size).

Regardless of the method used to solve for the target imageo@ share of the total
effort goes into calculating the LTSV blur filtdy,. From EQq.5.17 we see thah, has a
complex structure. It depends on the reconstruction anibspéurring filter as well as the
motion in the scene. Furthermotg,is only valid where the motion is accurately modeled,
making the precision of the motion vectors used in the coatpris extremely impor-
tant, 42]. In many cases the computational load renders the rearadson calculation
of the generalized blur filter for every pixel impossiblest@ad, is computed 6-line and
tabulated for various motion and blur values. A good un@euding of the LTSV filtering
operation given in Eg5.20is helpful here. For this reason, in the next section we will

study two special cases, namely, the case of a single oltiggread the case with multiple
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observations and translational motion. In these chgesfairly easy to compute and has a

nice interpretation, which sheds some light on the LT SVriitig performed byh,.

5.3 Experimental setup

The proposed technique is tested on a 224 b&2@4) image of an urban area (et
Field) acquired by the AVIRIS hyperspectral imaging systefor detailed information
on the data set se&(]. Since the original image dimensions are too large, soreeip
regions are cropped from the original data, and the tests@rducted on these smaller
images. Figuré.4 shows the images used in the tests. Since the AVIRIS datadesl
bandwidths well beyond the visible range, it is meaningtesender RGB images. For
this reason a specific frequency band is selected (the hdiidband is used for all the

figures in this thesis) and presented for visual purposes.

() AVIRIS - 1 (b) AVIRIS - 2

Figure 5.4.Hyperspectral testimages

The proposed method is tested under thrékeidint motion scenarios, namely, single
cube (no motion), multiple cubes with global translatiomaition and multiple cubes with
global dfine motion. Note that for the type of images we are working loesé¢ are relevant
and realistic motion models. The experimental setup carxpi@ed as follows. In the
single cube case, we begin by choosing a target window inrtgmal hyperspectral image.
Then this target window is blurred by a Gaussian filter andri in the spectral domain
to decrease the number of spectral bands (from 31 to 15 fdirtteset and, from 224 to

112 for the second set). The spectrally filtered image is tw@msampled in the spatial
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domain to obtain the source to be used for obtaining the a@gblution (both spatially and
spectrally) target window. In the translational motionesaafter the initial target window is
chosen, we move in some predetermined direction and cagroteer window of the same
size and we continue in this fashion until we have as manycgotubes as we desire. We
then proceed as we did in the single cube case to spatialyfitter in the spectral domain
and downsample the target windows. The resulting sourcescalke then used to obtain
the first captured high resolution target window by applyting proposed technique. The
affine motion case is similar to the translational motion caseixthat the motion model
is a six parameterfAne motion model that is capable of representing rotaticaljrsg and
translation. We have threeftiBrent configurations for each scenario:

Case 1:

e 3 x 3 Gaussian spatial blur filter with unit variance.

Gaussian spectral blur filter with a variance of two.

Downsampling ratio is two in both vertical and horizontakditions.

For the multi-cube case eight source cubes are used. tianslieand #fine motion).

Case 2:

e 5x 5 Gaussian spatial blur filter with unit variance.

e Gaussian spectral blur filter with a variance of two.

e Downsampling ratio is three in both vertical and horizouliaéctions.

e For the multi-cube case eight source cubes are used. ttianslleand #ine motion).

Case 3:

e 5x 5 Gaussian spatial blur filter with a variance of two.

Gaussian spectral blur filter with a variance of two.

Downsampling ratio is three in both vertical and horizouliagctions.

For the multi-cube case fifteen source cubes are used. dtemsll and &ine mo-

tion).

The motion vectors are calculated by applying an optical fltsthod [ 1] on the prop-
erly upsampled images. Numerical results in terms of twkedint fidelity measures are
presented in the following section. These measure®ardRandband-averaged PS NR

In this thesidPS NRis defined as

S
PSNR= 10 Ioglo( M"Seaé) dB (5.30)
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whereS .. stands for thepeak signal powerandband-averaged PS NiR defined as

1 vQ )
Q Zi=1Speakl) (5.31)

APS NR= 10|oglo( VSE
whereSpeai Stands for thepeak signal power in thé"ispectral band Since the data we
work on isnot quantized, the maximum signal value is not fixed. Taad-averaged
PS NR(APS NR, for which the numerator is calculated as the average opéad signal
powers of all bands, is selected to compensate for this faetler all scenarios, the pro-

jection iterations are terminated if either the decreasaean square error is smaller than

a predetermined threshold or 5 full iterations are comglete

5.4 Simulation results

We provide the following simulation results to demonstridtte proposed method under
the three scenarios mentioned above together with thetsesubilinearly interpolating
the separate spectral bands. Since the relevant outputfatepends on the intended
application, both numerical and visual results will be préded. The numerical results
givenin Table$.2 and5.3below arePS NRandAPS NRvalues in deciBels, wheileS NR
andAPS NRare defined as i6.30and5.31, respectively. Visual results are demonstrated
in Figuresb.5, 5.6and5.7.

For each of the AVIRIS images, we have also included the tesiilcomparing the
proposed method with the separate-band superresolutiber two diferent noise scenar-
ios to diferentiate between the improvement coming from projectiegaidditive noise to
a lower dimensional space and the improvement due to thérapde-blurring. Tablé.4,
which reports numerical results in terms of APSNR valuesyrearizes the comparison
results for translational motion case. In the noiseless,dhg additive noise component is
set to zero. In the noisy case, all the input images are ctadupith white Gaussian noise
with a standard deviation of 50.

From the Table$.2 5.3 and5.4, we can see that the proposed method even with a

single source cube performs better than bilinear intetelaUsing multiple cubes further
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Table 5.2.Numerical results for AVIRIS reflectance data

AVIRIS Reflectan

ce Data-1

Bilinear Single-cube POCY Multi-cube POCS| Multi-cube POCS
interpolation (no motion) (translational) (affine)
Case 1l
PSNR 30.7311 31.9419 34.2991 33.9251
APSNR 29.5954 30.8062 33.1635 32.8135
Case 2
PSNR 28.1902 28.4384 31.8318 31.3857
APSNR 27.0529 27.3012 30.6931 30.2882
Case 3
PSNR 28.0517 28.5966 31.3429 30.8498
APSNR 26.9160 27.4610 30.2073 29.7698
AVIRIS Reflectance Data - 2 |
Bilinear Single-cube POCY Multi-cube POCS| Multi-cube POCS
interpolation (no motion) (translational) (affine)
Case 1l
PSNR 28.7236 30.1168 32.4605 32.0605
APSNR 26.9182 28.3114 30.6551 30.3161
Case 2
PSNR 25.8142 26.1588 30.3042 29.8552
APSNR 24.0087 24.3534 28.4988 27.9837
Case 3
PSNR 25.6275 26.4504 29.6072 26.1181
APSNR 23.8220 24.6449 27.8018 27.3544

Table 5.3.Numerical results for AVIRIS radiance data

AVIRIS Radianc

e Data-1

Bilinear Single-cube POCY Multi-cube POCS| Multi-cube POCS
interpolation (no motion) (translational) (affine)
Case 1l
PSNR 33.7538 34.6515 36.2611 35.8813
APSNR 29.3786 30.2763 31.8859 31.5359
Case 2
PSNR 32.1940 32.6873 35.2154 34.7654
APSNR 28.0580 28.5499 31.0748 30.6748
Case 3
PSNR 31.9995 32.8998 34.5228 34.0240
APSNR 27.6242 28.5246 30.1476 26.6976
AVIRIS Radiance Data - 2 |
Bilinear Single-cube POCY Multi-cube POCS| Multi-cube POCS
interpolation (no motion) (translational) (affine)
Case 1
PSNR 31.1782 32.2323 33.6624 33.2976
APSNR 27.1053 28.1595 29.5896 29.2396
Case 2
PSNR 29.5590 30.2104 32.7765 32.3265
APSNR 25.7276 26.3790 28.9451 28.5451
Case 3
PSNR 29.3244 30.5903 32.2658 31.7658
APSNR 25.2516 26.5174 28.1930 27.7430
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Table 5.4.Comparison between the proposed method and applying supegsolution to every band sep-
arately under no additive noise and Gaussian additive noisaith a standard deviation of 50. The
reported results are APSNR values, where APSNR is defined as 5.31.

| AVIRIS Reflectance Data |
| | Noiseless | Noisy |
| | Dataset 1] Data set2] Data set 1] Data set 2]

Case 1

Proposed method 33.6199 31.4598 33.1635 30.6551
Separate band SR 33.3188 30.8830 31.9187 29.4572
Case 2
Proposed method 31.1186 29.0829 30.6931 28.4988
Separate band SR 30.8390 28.6340 29.8106 27.5193
Case 3
Proposed method 30.4887 28.1946 30.2073 27.8018
Separate band SR 30.3730 27.9681 29.0673 26.5895

| AVIRIS Radiance Data |
| | Noiseless | Noisy |
| | Dataset 1] Data set 2] Data set1] Data set 2]

Case 1

Proposed method 32.2762 30.2261 31.8859 29.5896
Separate band SR 31.9330 29.5824 31.5647 28.9270
Case 2
Proposed method 31.3169 29.2417 31.0748 28.9451
Separate band SR 31.1164 29.0283 30.4718 28.3374
Case 3
Proposed method 30.4338 28.6553 30.1476 28.1930
Separate band SR 30.2816 28.3514 29.3522 27.3012

improves the results, thus pointing out the advantage ahduthe information present
across overlapping sources. Visual results presenteduné€ss.5, 5.6and5.7also confirm
the improvement seen iRS NRand APS NRvalues. The proposed model is capable of
utilizing multiple bands (by projecting on each every obserspectral band separately),
since the responses of the spectral blur filters are knowexBloring this knowledge in the
projection operators one can achieve better results cadparpplying superresolution to
all bands separately, Tabted. The obvious reason for this is applying superresolution to
the blurred spectral bands separately causes even monegnigtween the bands and the
additive noise components present in each band.

From Table5.4, we can also see that for AVIRIS data, the improvement corfrimm
the spectral de-blurring is not as much as the improvementalnoise reduction. But this

is to be expected due to the characteristics of the spedtraigion of the data. AVIRIS
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(a) Original

(b) Case 1: Bilinear (c) Case 1: Single cube (d) Case 1: Muliec

(e) Case 2: Bilinear (f) Case 2: Single cube (g) Case 2: Multiec

(h) Case 3: Bilinear (i) Case 3: Single cube (j) Case 3: Mulbe

Figure 5.5.Results for the second reflectance testimage extracted froB24-band Mdfett Field (AVIRIS
Reflectance Data - 2). The presented multi-cube results arefftranslational motion scenario.
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(a) Original

- rl -
o

(b) Case 1: Bilinear (c) Case 1: Single cube (d) Case 1: Muliec

(e) Case 2: Bilinear (f) Case 2: Single cube (g) Case 2: Multiec

(h) Case 3: Bilinear (i) Case 3: Single cube (j) Case 3: Mulbe

Figure 5.6.Results for the second radiance test image extracted from 22band Moffett Field (AVIRIS
Radiance Data - 2). The presented multi-cube results are fdranslational motion scenario.
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(a) Case 1: Bilinear (b) Case 1: Proposed (c) Case 1: Separate

(e) Case 2: Proposed (f) Case 2: Separate

(g) Case 3: Bilinear (h) Case 3: Proposed (i) Case 3: Separate

Figure 5.7.Results for the second radiance test image extracted from 22band Moffett Field (AVIRIS
Radiance Data - 2). The presented multi-cube results are fotranslational motion scenario under
Gaussian noise with a standard deviation of 50.

is a highly developed instrument capable of sampling thetspe at more than 200 fre-

guencies. As a result of this high number of spectral santple®bserved spectrum is
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usually quite smooth and the improvement over linear irdiatpon of the sampled spectra
(for blurred and downsampled case) or doing nothing at atll§fur only case) is usually
around 0.3 dB. This improvement gets larger as the spedtmaliy becomes heavier. The
improvement due to noise reduction is usually larger tharirtiprovement due to spectral
de-blurring and gets even larger as the noise power is iseteaithin limitations of POCS

based superresolution methods.

5.5 Material specific superresolution of hyperspectral imgery

In many hyperspectral imagery applications, dimensitynadiduction through PCA is an
integral component of the solution. The reason is two-f6ldst, limitations on the compu-
tational budget may dictate dimensionality reduction. dde in many applications final
results are reported to a human observer who can not hargllthdimensionality of
hyperspectral data, and dimensionality reduction is reguio render #icient interpreta-
tion possible. Hence, integration of PCA within our resmntenhancement framework
makes sense. Our proposed hyperspectral superresolatbnique simultaneously re-
duces dimensionality, suppresses undesired noise arafparfesolution enhancement on
the transformed data.

But in certain applications, such as mining and petroleuptaation, we are interested
in detecting specific materials with well-defined spectmghatures. Although PCA is an
effective dimensionality reduction tool, it can not emphagividual spectral signatures
of interest. This is a direct result of the fact that printig@amponents represent the highest
variance (information) as a linear combination of multigbectral signatures. For example,
in military applications, such as enemy ground observattamouflaged vehicles may not
be directly recognizable if observed in the main principdenponent. But if we consider
the bands that represent certain metal or alloys known tstitate such vehicles, detec-
tion problem is greatly alleviated. Hence, if we are integdsnly in a specific spectral

signature, then all the other materials in the scene can h&idered as interference, and
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integrating PCA within our observation model does not makess. These observations

lead to the idea of material-specific hyperspectral supetugion.

5.5.1 Problem statement

Typical hyperspectral pixels are nmiirein term of spectral content, meaning that each hy-
perspectral pixel is a combination of severdfelient spectral signatures. Such pixels are
called mixedpixels, as opposed to the pure pixels that consist of a singgue spectral
signature. Mixed pixels exist for one of two reasons. First,typical spatial resolution of
hyperspectral sensors are in the scale of tens of metersektre spatial coverage of each
pixel may include several fierent materials with dierent spectral signatures. Second, re-
gardless of the spatial resolution, distinct materialslmafound as homogenous mixtures.
Due to this spectral mixing phenomenon, hyperspectrallpixes frequently analyzed in
terms ofspectral mixing modeldViixing models represent the acquired hyperspectral pix-
els as combinations of a limited number of constituent speehdmembers, where spectral
endmembers are defined as spectrally pure features suclgetaitven, soil, etc. Spectral
signatures of pure endmembers are usually defined unddizekdaboratory conditions
with controlled illumination. Although this is a perfectiialid approach to obtain spectral
endmembers, it is inherently plagued by a serious shortegpmEndmember signatures
obtained in controlled laboratory conditions can not reéflee atmosphericfiects present

in field data. There are two alternative approaches to rerttedyshort coming. The first
approach is based on the assumption that endmember saraples placetinarked in the
scene prior to data collection. This approach can provige abserved spectral signatures
of the endmembers plac@darked in the scene. But on the other hand, plaoagking
samples in the field is quite demanding and cumbersome. dérantire, there are certain
cases where it is not possible to planark endmember samples (due to lack of time or
physical access to the scene). The second approach is &xtegtrdmember signatures
directly from the observed data. This task is referred t@m@dmember extractigrand

is typically based on certain properties of the endmembErs. a detailed treatment of
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endmember extraction please refer@g||

Spectral mixing models provide the foundation for analgzand processing hyper-
spectral data. Unfortunately, a complete model of speatiging process is way more
complicated than merely describing how surface mixturessact. A precise mixing model
requires the integration of a variety physical factorsunahg three-dimensional topology
of objects in the scene, random shades, and sensor obearaatile, excessively increas-
ing complexity. To provide workable models researcherd@meed to neglect these com-
plicated physicalfects. Hence, current mixing models are based on the simglegsion
that within a given scene, the surface is dominated by a smaalber of endmembers. The
fractions endmembers appear in a mixed pixel are cdt@ctional abundancesBased
on this assumption, observed pixels are modeled as condnsadf these endmembers.
Depending on how the combination mechanism is modelgtgrdnt mixing models re-
sult. The most popular mixing model, namely, the linear mjxmodel (LMM), assumes
that the observed pixels can be represented as linear catidria of deterministic end-
members. Non-linear mixing models (NLMM) incorporate mooenplicated physical ef-
fects, and represent observed spectral pixels as non-tnezbinations of the deterministic
endmembers. Finally, the stochastic mixing model (SMMuasss that the endmembers
are distinct probability distributions whose parameteesestimated directly from the ob-
served hyperspectral pixels. Once the endmembers areag¢stinthe observed pixel values
are represented as linear combinations of the endmembgkally the endmembers are
modeled as multivariate Gaussians and the resulting me@eGaussian mixture. Finally,
given a mixing model and the endmembers present in an oliksceme, the task of esti-
mating fractional abundances is referred tspsctral unmixing For a detailed treatment

of spectral mixing please refer t65).
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The first step in applying our hyperspectral image acqoisithodel to material spe-
cific super-resolution is to integrate a linear spectralingdmodel into the current frame-
work. For our purposes any linear mixing model is applica@ace we have an observa-
tion model that relates the observed hyperspectral piretise endmembers and spatially
aliased abundance maps, we can move to superresolutiorhaNstmrt with presenting a
projection operator that optimally filters out undesireddpal signatures, and apply super-
resolution on the resulting projected data. The main ide¢a goject each hyperspectral
pixel onto a subspace orthogonal to the undesired sigrsatlires operation can be shown
to be an optimal interference suppression process in tisedgaares senséd]. Once the
interfering signatures have been nulled, we project thduasonto the signatures of inter-
est and perform superresolution of the resulting imagegsahis operation maximizes
the SNR, and results in a small number of resolution enhaincages of materials that we
are interested in.

Let us denote the spatially and spectrally continuous rggaatral pixel withf (X, Xo, 4, K).
Then within the limitations of linear mixing model, we have

M
FOw X, 4, K) = ) () fj(xa, Xe. K), (5.32)
=1
where g;(1) denotes thej™ endmember. Comparing E§.32 with Eq. 5.7 from Sec-
tion 5.1.3 we see that the derivations of Chapbeare exactly applicable if we but replace
the spectral PCA basis functiofg(1) with the spectral endmembeeg(1). Hence, the

observed pixels can be represented as

P N1-1 No-1
almy, Mo, K = > 55 > D il N, kJhe[ma, mo; g, g ks k] + Vimy, ms, K], (5.33)
j:l n1:0 I']2:0

where

5 fo " e ()n() da (5.34)
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or in matrix form

L aimk | | s o s || Rkl hdminkk] || vimk |
GImK | | 1 0 S foln k] - ho[m; n; k; ki . Vo[m, K]
| 0112l M, K] | | Su2r ... Su2e || feln, k] - ho[m; n; K; ki] 11 Vi1l m, K] |
g=SHf +v, (5.35)

where we assume that the number of observed spectral ba@ds 1812, the number of

endmembers iB = 6, and use the following definitions to simplify the expressi

fi[n k- ho[m; n; k; k] 2 I\ihi fi[ne, N2, ke Jhp[me, mg; ng, ng; K ke, (5.36)
k] | k] - holm ik
fInk] 2 fz[r",kr]  Hf[mK * fz[n,kr]'h%)[m; n; k; k] ’
| felnk] | | folnk]-homimkik]
[ qmi | [ s o s
gm K & gz[r.n, K] ga S1 o S
| Gua{m K] | Su21 - Suze |

The similarity between inverting E§.35and the spectral unmixing problem is worth not-
ing. If we choose the downsampling ratio as one, that is, ifassume the target and
observed images are at the same spatial resolution, theashking problem is equivalent
to spectral unmixing with multiple registered observasiohhe main advantage of such an
approach would be the increased robustness against otisemaise provided by multi-
ple observations for each pixel location (as a result ofiapagistration). When the target
image is of higher resolution, the resulting problem is famio the problem described in

Section5.2 By using a POCS based iterative inversion algorithm sintdahe algorithm
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outlined in Sectiorb.2, we could obtain a superresolved abundance map that would be
valuable for subpixel target detection. However, we wilhcentrate on superresolving the
abundance map of a single endmember by incorporating ati@ualistep into our imaging

model.

5.5.2 Least-squares optimal projection operator
Without losing any generality, let us assume that we aregsted on a single endmember.
All the derivations to follows can be easily extended to mplatendmembers. Superresolv-
ing a specific endmember is complicated by the correlatidwédxen endmembers and the
presence of noise. A direct correlation-based approachrdjeqiing the observed pixels
on the endmember of interest is suboptiné&d][ To see this, note that along with noise,
all the endmembers we are not interested act as interferandethe correlation between
the target endmember and these undesired endmembers caitebrigh, at least in cer-
tain spectral bands. We can achieve better results if wegirdje observed hyperspectral
pixels onto a custom designed subspace.

Let us start with theféects of the interfering spectral signatures. Note that thenens
of the S matrix are the endmembers after the application of spefitrating. We can

rearrange columns @&so that the endmember of interest is the first column. Thenave h
S=[d U], (5.37)

where the column vectad is the desired endmember abdis the matrix consisting of
interfering endmembers. To eliminate thi@eets of the interfering endmembers, we will
apply the technique proposed if]. The mainidea is to project the observed hyperspectral
signature onto the a subspace that is orthogonal to allf@nbeg spectral signatures. This
is equivalent to projecting onto the nullspacelf. We use a classic result from linear

algebra to write the least squares optimal projection dpeees

P=1-UU" (5.38)
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whereU" denotes the pseudoinverselfIf U is full-column rank thetd™ = (UTU)~*UT.
The resulting vector will only have energy coming from theided spectral signature and
noise. The application dP effectively removes contribution from the columnslof that
is,

Pg= Pdfy+ Py, (5.39)
wherefy is the element of the vectdtf that corresponds to the desired endmember. The
next step is to minimize theffect of remaining noise component. Let us denote the operator

that maximizes SNR witlg". Then we have
q Pg=q Pdfy+ q"Pv. (5.40)

Then the ratio of signal energy to noise energy is given as
_ g'Pdffd"P'q @3 q'Pdd Pq
C gq'PEW P q o2 qPPq

(5.41)

where &[] denotes statistical expectation. The ratio in Bgtlis in a form known as
the Rayleigh quotient, and its maximization is the welldsta generalized eigenvector

problem [/4] that can be stated as
Pdd" P g=APP"q. (5.42)
Noting P is symmetric P = P") and idempotent®? = P), the solution is given as
q' =«d", (5.43)

wherex is an arbitrary constant Finally, the combination of these two projection operator

gives the least squares optimal projection operator weealdkit is,
Q=g P=«d"P. (5.44)

For a detailed treatment of the derivation (for single andtiple spectral signatures of

interest) and computation of the projection operator @eater to 2] and [75].

SNote that this is the well-known matched filter.
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From Eq.5.44and Eq5.40we can see that upon application of the proposed projection
operator we are left with the conventional superresolusetup. We have a number of
warped, aliased and noisy single-plane abundance mapsretdatprmined endmember,
and our goal is to obtain a superresolved single-plane amaedmap. This inverse problem
can be solved with any of the superresolution algorithmg@sed in 67], [29], and 42].

We preferred to use the POCS based technique detaild@]in [

5.6 Experimental setup and simulation results

To test the proposed method we require ground truth hypetrsphelata with a complete set
of endmembers and corresponding fractional abundanceh @ound truth data is very
hard, if possible, to obtain. We coutgtneraterandom spectral signatures or pick spectral
signatures from existing endmember libraries, and syitagsxels by linearly combining
these signatures with random weights. This is a feasibleoagp for obtaining numeric re-
sults, but it becomes very cumbersome if we want to providealiresults with meaningful
spatial structure. To get around this obstacle we used tleviog approach. We started
with the AVIRIS reflectance data set used in Secto® We first applied the technique
proposed inT6] to extract the endmembers shown in FigGr& Then assuming the linear
mixing model, we applied the nonnegative least squares ®)Nhethod summarized in
[65] to estimate the fractional abundance maps for all endmesni®ince the extracted
endmembers can never perfectly match the true endmembére stené the obtained
fractional abundance maps can not represent the data wal{@enegligibly small) error.
To have a scene with perfectly matching endmembers and ahoadnaps, we synthe-
sized a new hyperspectral data set using the computeddinat&bundance maps and the
extracted spectral endmembers under the linear mixing médleexperiments presented

in this section are conducted on this synthesized data. fiatehe validity of our results

“We do not even know th&wue number of endmembers present in the scene. Furthermorelatae
calibration process and the observation noise distort #te and the linearity assumption of linear mixing
model.
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is not dependent on the specific endmember extraction tgebnised. For all practical
purposes, we could have even assumed that the endmembergiwa. But for the data
set we picked, such predetermined endmembers and cordisg@abundance maps were
not available at the time we conducted our experiments. élewe extracted our own

endmembers, and estimated the corresponding abundanse map
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Figure 5.8.Endmembers extracted from AVIRIS reflectance data

For the visual results demonstrated in Figuse&and5.10the fourth endmember shown
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Table 5.5.Numerical results for AVIRIS reflectance data with and without noise

| AVIRIS Reflectance Data - 1 |

Bilinear Proposed

interpolation | method
[ Case1(Noise free) | 20.03 | 2676 |
[ Case 2 (AWGNr = 30) | 1855 | 2273 |

| AVIRIS Reflectance Data - 2 |

Bilinear Proposed

interpolation | method
[ Case1(Noise free) | 21.07 | 2671 |
[ Case 2 (AWGNr = 30) | 1977 | 2134 |

in Figure5.8is used. The optimal subspace projection based supertiesoluethod is
compared to bilinearly interpolating the abundance magiobtl by applying the proposed
projection operator on a single low resolution observatiodger global translational motion
scenario. To simulate global translational motion we shiffelected window in some
predetermined direction and capture another window of #messize. We continue in
this fashion until we have as many source cubes as we dede sfifted windows are
spatially blurred with a Gaussian blur filter with unit varee and downsampled by three
in both spatial dimensions. For spatial noise we experigtemiith two cases, namely,
noise free (Case 1) and additive white Gaussian noise (AV@tl)a standard deviation
of 30 (Case 2). For the sake of simplicity we ignored spetitialring efects.

Numerical results in terms ¢S NRas defined in Ecb.30are given in Tabl&.5. From
the Table5s.5, we can see that the proposed method clearly outperforingailinterpola-
tion. Visual results presented in Figure® and5.10also confirm the improvement seen
in PSNRvalues. The proposed methoffeztively suppresses thetects of interfering

spectral signatures and noise, and achieves spatial tiesotinhancement.
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(d) Case 2 - Bilinear

Figure 5.9.Results for the first reflectance test image extracted from 22-band Moffett Field (AVIRIS
Reflectance Data - 1).
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i !s.é‘

(d) Case 2 - Bilinear (e) Case 2 - Proposed

Figure 5.10. Results for the second reflectance test image extracted frord24-band Mdfett Field
(AVIRIS Reflectance Data - 2).
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CHAPTER 6
CONCLUSIONS AND FUTURE WORK

In this thesis we focused on single and multi-frame spagsdlution enhancement with
applications to resolution standards conversion and Isypeetral imagery. We conclude
with a discussion of the assumptions we made during deonstof the proposed algo-
rithms, limitations introduced by these assumptions, aridré research directions that
could further improve and generalize our work.

In single-frame resolution enhancement our main assumpsidhat the input im-
agévideo signal is natural looking. There are certain casesraftical importance that
violate this assumption. First, consider the scaling ohhjigstructured signals such as
monoscope imagésnd superimposed text such as subtitles in DVD movies. Thigse
nals exhibit quite dferent spatial structures compared to natural images, id&lpoten-
tial problem for training based resolution enhancement@gh. Training based methods,
such as resolution synthesis, are designed to capture dnaatéristics of the data set over
which they were trained. If our training set consists of amyural scenes without any rep-
resentatives of monoscope images and text, the resultimgxoclasses and interpolation
filters can not be expected to perform satisfactorily foisthenages. If we include these
signals in the training set, then we face another problene tBtheir spatial characteristics,
their context prototypes and optimal interpolation filtare diferent compared to natural
signals. Hence, by training on a set of mixed signals we trgdapt to two completely
different types of signals. The resulting context classes drdsfiire not truly fitted to any
signal type. This points out the need to spatiallffetentiate dferent types of input sig-
nals, and apply appropriately trained context classes HadsfiSignal classification can be
integrated into the pixel classification block through tse of modified features that allow

us to diferentiate text from natural content.

Monoscope images are used as test signals in TV broadcaatiddghey typically consist of artificially
produced patterns of varying spatial frequency and shdgy transitions.
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To avoid complications caused by compression artifactsgeveloped and tested our
algorithms on DVD (or higher) resolution imgge&leo sequences with very low to no com-
pression. Enhancement of low bit-rate imaggeo signals is a challenge for both single
and multi-frame techniques. Accurate sub-pixel motiomeasion on low bit-rate video
is a very challenging problem. Currently, most of the motgstimation algorithms are
block based. Loss of high frequency detail and presenceoakbig artifacts cause seri-
ous performance degradations for block based motion etstimeethods. Furthermore,
at low enough bit-rates, even medium range frequency coemisrcan be damaged or
lost completely, and feature extraction required by sititgdene techniques becomes very
challenging.

Finally, we designed and implemented resolution enhanoeasea stand alone pro-
cessing block with the only exception being possible denblitering prior to resolution
enhancement. Unfortunately, in real signal processintesys this is rarely the case.
In practice, imag&ideo signals are processed by pipelines of blocks such mapres-
siorfdecompression, denoising, sharpening, contrast enhamtecoloyspectral enhance-
ment, and gamma correction. The interaction of resolutitmacement with these pro-
cessing blocks is an interesting research direction forrvain reasons. First, typically
scalingresolution enhancement is among the computationally nesadding processing
blocks. Hence, any improvemenftered by resolution enhancement is truly hard-earned.
If any other processing block on the pipeline has the paétdiintroduce modifications
that can suppress or even destroy this improvement, theffetss and optimal placement
on the pipeline should be carefully studied. Second, byntaktie other processing blocks

into account we should be able to achieve better and motgeigisolution enhancement.
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APPENDIX A
TELEVISION INDUSTRY TERMS AND DEFINITIONS

This Appendix aims to explain the terms related to the tslewiindustry and standards.

Flicker problem: Flicker is the visible fading between frames displayed onRI C
display. CRT displays are based on hitting a phosphor-desteeen with a focused and
properly deflected electron beam. Every phosphor elememneésmonds to a pixel and
needs to refreshed at a fixed rate by continuously sweepagdfeen with the electron
gun. Flicker occurs when the CRT display is driven at a lowest rate, allowing the
screen’s phosphors to lose their excitation between swafeghe electron gun. Since flat
panel displays use active pixels (a transistor for eachl pieeps the pixel at its desired
state) they typically do not have flicker problem.

Native resolution: Native resolution is the fixed number of rows and columns xéigi
offered by a flat panel display.

Standard definition: Standard definition (SD) resolution typically refers to 48020
(480 lines and 720 columns) (interlaced) scanned at 60 HANT®BC standard of North
America and Japan, and 5%6720 (480 lines and 720 columns) (interlaced) scanned at 50
Hz for PAL/SECAM standard of Europe.

High definition: High definition (HD) resolution typically refers to 7201280 (pro-
gressive) scanned at 60 Hz or 1080920 (interlaced) scanned at 50 Hz. Hibews a much
better picture quality compared to SD.

Progressive scan:Progressive scan video signals are captured, transmitigdlia-
played as complete image frames line by line, from top todmott

Interlaced scan: Interlacing is an old technique to improve picture and notjoal-
ity of the TV signals without consuming additional bandwidinterlacing is a tradeb

between spatial and temporal resolution. To obtain intedascan, every picture frame is
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divided into two fields called even and odd fields. Even fieldststs of the even num-
bered lines of the frame, while the odd field consists of thetrmaimbered lines. Instead of
transmitting the whole picture, interlaced scan transontyg the even or odd field of every
frame in an alternating fashion. The afterglow of the phospdf CRT tubes, in combi-
nation with the persistence of vision results in two fieldsggerceived as a continuous
image which allows the viewing of full horizontal detail Wwibalf the bandwidth which
would be required for a full progressive scan while mairtajrthe necessary CRT refresh
rate to prevent flicker.

For fixed bandwidth and spatial resolution, interlaced sandfer twice the refresh
rate compared to progressive scan. For fixed bandwidth drekherate, interlaced scan
can dfer twice the number of pixels compared to progressive scamirBerlacing is not
without short-comings. It can cause flicker and various &iofidistortions around object
boundaries, especially in motion intensive scenes. kutaerg is still in use for most SD
TVs, and the 108& 1920 interlaced HDTV broadcast standard. Unfortunatelyplabd

plasma displays are inherently progressive scan and eegoime form of de-interlacing.
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APPENDIX B
DERIVATION OF THE OPTIMAL FILTER COEFFICIENTS

The optimal filter cofficients are the solutions of the following optimization peoh:
i . _ A 112
min ; Wiyllfs— Ajgs + Bl (B.1)
We start with writing the cost function of E§.1 as
T
D Wiyllfo= Ajgs+ B2 = Y Wiy [fs- Ajgs+ 8] [fo- Ajgs+ 8| (B2)
seS seS

First we take the gradient of B8} 2 with respect tgg; to obtain

0 0 T
o 2o Wilfe= Alge+ BIF = D iy o ([fo- A+ 8] [Te- Ajge+ 8]}
) sS s€S ]

= ZWj,ys (-2f +2A5g9,+ 28)), (B.3)
seS

where we used the following gradient formul@s]

ox'y dy'x _
ox  ox P
X" Ax -
- (A + A )x.
Setting EqB.3to zero gives
B = Wiy fo=Aj > w0 (B.4)
seS seS

We definef andg.

f] = ijsysfs’
seS

g] = Z ijYS gS‘
seS

Then we can write EB.4 as
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Next we take the gradient of H8}2 with respect toA; to obtain

> Wit - Ag+ B = Zw,ysaA ([fo- Aige+ 8] [fo- Ao+ 8]}

) seS

= > Wiy, (-2 00 + 28,07 + 2A; 9,01, (B.6)
seS

where we used the following gradient formul@s]

IxT Ay T
aA - Xy ’
ax" AT Ax T
T = AXX .
Setting EqB.6to zero gives
A ZWj,ys 050 = Z Wiys (fs —,Bj) Os.- (B.7)
seS seS

We substitutgg; from EqB.5 to obtain
A, ij,ysgsgl = > Wiy (fs=T;+ AG)) o
seS
N ijys 9508 — G908 = > Wiy (Fs = T;) of
seS
Aj ZWJVS _gj 91 :ZWj,Ys(fs_?j) Os- (B.8)
seS
Consider the following equalities
Aj ij,ys (gs —_ ] [Z W;, ys g } g] =0 (B.9)
seS
ijvYS(fs Zwlys } gj =0 (BlO)
seS

Hence we can add these terms to the left and righthand sideq.Bf8, respectively, to

obtain
Aj ZWLYS (gs _Gj) gg — A ZWLYS (gs - GJ)GT = ZWLYS (fs _?j) gg - ZWJ'aYs (fs
seS seS seS
Aj ZWj,ys(gs— ZWJ Y gs j) (B.11)
seS
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Finally we observe
Vij = ?j’
Vg“ = gj’
T ija)’s(fs_?j)(gl —_gJT),
seS
Lggj = ZWj,ys(gs—Gj)(gl —G,T)-
seS

which imply that the optimal filter cdicients obtained from the alternate formulation are

identical to the ones presented in the original derivation.

_ R
AJ’ = ngllrggj’

_ o -1 .
B =i = TigiTygvai-
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