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Compressed sensing is an emerging approach for signalsaguiwherein theory
has shown that a small number of linear, random projectioa sifjnal contains enough
information for reconstruction of the signal. Despite itstgntial to enable lightweight
and inexpensive sensing hardware that simultaneously ic@slsignal acquisition and
dimensionality reduction, the compressed sensing of isagd video still entails several
challenges, in particular, a sensing-measurement opesdtich is difficult to apply in
practice due to the heavy memory and computational burdosk-based random image
sampling coupled with a projection-driven compressedisgnrecovery is proposed to
address this challenge.

For images, the block-based image acquisition is coupleél rgiconstruction driven
by a directional transform and statistical model basedstiwkling that encourages spa-
tial sparsity. Also considered is an extension of the bastomstruction algorithm that

incorporates block-based measurements in the domain o¥eletdransform. The pro-



posed image recovery algorithm and its extension yield asagith quality that matches
or exceeds that produced by a popular, yet computationaperesive, technique which
minimizes total variation with a significantly less comgidgaal complexity.

For video, motion estimation and compensation is utilize@gromote temporal spar-
sity. A residual between the current frame and the previcaraé compensated by object
motion is shown to be more sparse than the original fram#.iB¢ using residual recon-
struction, information contained in the previous frametdbuates to the reconstruction of
the current frame. The proposed block-based compresssiigaeconstruction for video
outperforms a simple frame-by-frame reconstruction ad agla 3D volumetric recon-
struction in terms of visual quality.

Finally, quantization of block-based compressed-sensiagsurements is considered
in order to generate a true bitstream from a compressedrgansgage acquisition. Specif-
ically, a straightforward process of quantization via dienymiform scalar quantization ap-
plied in conjunction with differential pulse code modutatiof the block-based compressed-
sensing measurements is proposed. Experimental resuoitsdérate significant improve-
ment in rate-distortion performance as compared scalartguadion used alone in several
block-based compressed-sensing reconstruction algwsits well as that of alternative
guantized-compressed-sensing techniques relying omizetil quantization or reconstruc-

tion is observed.
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CHAPTER 1

INTRODUCTION

The sampling theorens arguably the best known component of the theoreticalfoun
dations of the signal-processing and communications fidisismportance is paramount
in that it underlies all modern signal-acquisition, samglisensing, and analog-to-digital
conversion devices. Although introduced to the signakessing and communications
communities by Shannon in 1949 [92], the sampling theorembearaced to earlier work
by telegraphers and mathematicians (see, e.g., [75]). deneg, the sampling theorem
states that, if a signal contains no frequencies highertaadlimitl}/, then it can be per-
fectly reconstructed from samples acquired at a rate ofeast d1". This latter quantity,
commonly known as thdlyquist rate thus represents the slowest rate at which sampling
of any bandlimited signal can be acquired and still permitqu reconstruction.

However, this traditional sampling theory is founded oatigkly minimal prior knowl-
edge on the signal being sampled—i.e., its bandlimit While traditional sampling the-
ory has the advantage of applyinganysignal satisfying this bandlimit constraint, we are
commonly interested in more restricted classes of sighalsthose that are known to pos-
sess much more structure, and thus fewer degrees of freedamdictated by the signal
bandlimit [7]. A well-known example is that of bandpass signin which the signal is

present over only a limited band of frequencies—under saclipass structure, bandpass
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sampling (e.g., [105]) can acquire the signal with a sangplate slower thal/. More
recent literature has witnessed an explosion of interesémnsing that exploits structured
prior knowledge in the general form gparsity meaning that signals can be represented
by only a few coefficients in some transform basis. Like basdpsampling, exploitation
of such sparse structure within signals can effectivelyniiesampling at rates well below
2W.

Central to much of this recent work is the paradigm of comgedsensing (C$)e.g.,
[18, 22, 37]) which permits relatively few measurementshaf signal to be acquired in a
linear fashion while still permitting exact reconstructiaia a relatively complex and non-
linear recovery process. While much CS literature is ragjegreric in that it is not tied to
any specific class of signal beyond a general assumptiorao$ity there has been signifi-
cant interest in CS specifically tailored to imaging apglmas. Indeed, recent work in the
CS field has seen proposals for not only sensor devices lmtedsnstruction algorithms
designed specifically for a variety of imagery signals.

In this dissertation, we focus on photographic imagery Whscacquired in the spa-
tial domain of the image, a paradigm which is ubiquitous tigtwout image-processing
applications. This stands in contrast to a significant partf existing CS literature that
has targeted, with substantial success, specific mediwking applications—in particu-
lar, magnetic resonance imaging (MRI), which is acquiredatly in a Fourier-transform
space. The potential for CS to significantly expedite MRIusijon is relatively well

established and already well covered tutorially in therditere (e.g., [76,77]). On the

Lalso known agompressive samplirgy compressive sensing



other hand, CS for photographic imagery acquired in thaagiamain is a comparatively
emerging area and, thus, the topic of the present dissertati

A primary contribution of this dissertation comprises tlewelopment of block-based
CS reconstruction. In such block-based compressed seBi%), an image is partitioned
into small non-overlapping blocks which are acquired iretegently but reconstructed
jointly. BCS is motivated primarily for reasons of reducedrputational complexity and
memory burdens which can become impractically large forG@Beof images and video
as a result of the increased dimensionality (i.e., 2D andd@B)ich signals. We examine
the performance of the BCS recovery methodology by compdha state of the art in CS
reconstruction for various imaging modalities, includstij images and motion video.

Additionally, while much of CS literature focuses on the G&nal-acquisition pro-
cess as merely a form of dimensionality reduction (i.e., @asueement process wherein
the number of samples obtained is much less than the dinreigjoof the original sig-
nal), practical applications of CS will require that somenocof quantization be applied
in order for a CS sensor to generate a true bitstream. Aniadditcontribution of this
dissertation is the investigation of a quantized CS schem&®in simple uniform scalar
guantization (SQ) is coupled with differential pulse-cadedulation (DPCM) of BCS
measurements. We find through a battery of experimentaltsebat such DPCM-based
guantization yields rate-distortion performance sigaifity superior to that of the direct
uniform SQ of CS measurements as well as that of several gthettized-CS schemes

from recent literature.



We note that the material that comprises this dissertataanpneviously appeared in
several publications. Specifically, our work on BCS wasadtrced originally for still im-
ages in [48, 82] and for video in [83]; this work constitutdsapters 2 and 3, respectively,
of this dissertation. Our work on DPCM-quantized CS apparigially in [84] and forms
Chapter 4 here. Finally, a comprehensive and in-depth gwivall our work on BCS for
images and video was published as [49].

The remainder of this dissertation is organized as folldsapter 2 briefly overviews
CS theory, including acquisition and reconstruction psses, and then considers the BCS
of a single still image, comparing with a variety of techreguo reconstruct such im-
ages from random BCS measurements. Chapter 3 extends tesspts to the BCS of
video with an emphasis on reconstruction from motion-camspéed residuals. Chapter 4
finally considers quantized BCS measurements whereirdiatertion performance is sig-
nificantly improved by coupling DPCM with SQ. Finally, we bg the discussion to a

close by making several concluding remarks in Chapter 5.



CHAPTER 2

BLOCK-BASED COMPRESSED SENSING FOR STILL IMAGES

Compressed sensing (CS) is a framework for acquiring araleging a sparse signal
from samples, or measurements, taken at rate significaatowbthat entailed by tradi-
tional sampling theory. Unlike traditional point-by-pbisampling, the CS acquisition
process involves random projection of the signal. In otherds, the CS measurement
process is a linear projection into a lower-dimensionakpalse chosen at random. Theo-
retical results shows that it is possible to find an exacttgmiwduring reconstruction if the
signal is exactly sparse in some transform domain. The ytalep applies to the approx-
imate reconstruction of signals that are only approxinyasplarse. Because images and
video signals are usually approximately sparse in somsafivam domain such as Fourier
or wavelet, CS can successfully recover the such imagelsigna

One of the most significant potential benefits of CS is its psenof providing simul-
taneous sampling and dimensionality reduction. Due toaamekss of the CS projection,
each measurement carries roughly the same amount of infiormahich means that all
measurements are equally important [31]. Therefore, ibssile to reduce the dimension
without sorting out the measurements that preserve signifioformation as is often done
in traditional compression systems. This property prom@seimpler encoding system

with much fewer samples acquired at the sensor.
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However, there are some challenges to practical CS imagistgms. The random
projection patterns, which are usually represented as aBxnatust be stored at both the
acquisition and recovery sides of the CS system, and theo$ittee measurement matrix
increases quickly as the size of signal of interest incieal8®reover, a CS measurement
matrix with a huge size can cause significant computatiomdueconstruction if explicit
matrix operations are involved. In this chapter, we promobck-based methodology to
substantially mitigate these issues.

In this chapter, we give a brief overview of the CS theory irctidm 2.1 and then
describe an image-acquisition framework for CS in Secti@n 3ections 2.3 and 2.4 illus-
trate the general image reconstruction process as well pscdis algorithm which finds
a sparse solution in the gradient domain, respectively. @oposed block-based algo-
rithm, block-based compressed sensing with smooth pegdcandweber reconstruction
(BCS-SPL), is described in Section 2.5, and its extension#tiscale BCS-SPL (MS-
BCS-SPL)—is introduced in Section 2.6. After detailingatlapproaches for CS image
recovery in Section 2.7, reconstruction performance ispamed experimentally in Sec-
tion 2.8. We make several concluding remarks for the chapt8ection 2.9. We note that

much of the material of this chapter appeared in print presipas [48, 49, 82].

2.1 An Overview of Compressed Sensing Theory

In brief, CS [18, 22, 37] is an emerging mathematical pamadighich permits, under
certain conditions, linear projection of a signal into a dimion much lower than that of

the original signal while allowing exact recovery of thersagifrom the projections. More



specifically, suppose that we want to recover real-valugdasix with length vV from M

measurements such that < N. In other words, we want to recoverc RY from

y = ®Px, (2.1)

wherey has lengthV/, and® is anM x N measurement matrix with subsampling rate,
or subrate beingS = M/N. Because the number of unknowns is much larger than the
number of observations, recovering everyc R from its corresponding € R is
impossible in general; however, xf is known to be sufficientigparsein some domain,
thenexactrecovery ofx is possible—this is the fundamental tenet of CS theory.

In CS, sparsity is the key aspect that enables recoveryfadm y. Such sparsity can

be with respect to some transfodnsuch that, when the transform is appliedta.e.,

% = Ux, (2.2)

only K coefficients in the set of transform coefficiegtsre nonzero. We say then that
is K-sparse and thab is thesparsity basigor x.

We note that real-world signals—particularly the imaged tre video that we focus
on in this dissertation—are rarely, if ever, truly sparsany basis. Rather, such real-world
signals are often onlgompressiblén the sense that, if,, are the coefficients ot = ¥x

sorted in order of decreasing magnitude such that

then

|Zn] < Rn™", (2.4)



wherer > 1 and R < ~ (see, e.g., [9,17,18,20]). Defing; as the set of partial
coefficients derived fronx by keeping thek largest coefficients and setting the rest to
zero, andk; = W 'xg. Then, ifx is compressible in the sense of (2.4); is close tox

in the sense of

|lx —xkll, <C.RK™, (2.5)

where(C, is a constant depending only er[18]. When the coefficient magnitudes have
a power-law decay as in (2.4), CS theory holds that the ieguttompressiblex can be
recovered approximately frosn= ®x. Specifically, the recovered signal, will be close

to xx in the sense of

||X_XK||1

VK

for some well-behaved constafit(see, e.g, [17, 20]).

Ix x|, <C (2.6)

In the case of such approximate recovery of compressiblelEgthe subrat® =
M /N plays the crucial role in determining the quality of the nestouction—a larger sub-
rate will enable a sparse approximation containing moreeancoefficients to be recov-
ered, leading to a reconstruction that is closer to the maigsignal. As a consequence,
in experimental results to come later, we will evaluate ganiance of image- and video-
reconstruction strategies by examining an image-distortieasure over a range of subrate
values, noting that perfect, distortion-less, recove@cisieved for such compressible sig-
nals only whenS = 1.

Finally, it is important to note that CS does not necessamilgly compression in the
information-theoretic, rate-distortion sense. Thatis,@xpression “compressed” inthe CS

name more correctly refers to a process of dimensionalityeton rather than “compres-
8



sion” in the form of source coding as this term is commonlystared in the information-
theory community. Similarly, “compressibility” in the C®nhain is strictly in the sense of
(2.4), and we emphasize that our use of this term in the redeaiof our discussion will

be specifically limited to this context.

2.1.1 Approachesto CS-Based Signal Acquisition

In the CS framework, the signal-acquisition or sensing ceacquires neithet nor
its coefficientsk directly. Instead, the sensing device measures lineaggrons ofx onto
the measurement bagbs thereby acquiring the signal directly in a reduced dimemasiity.
This CS measurement process is represented mathemasisd2yl).

The trick behind CS is, of course, to do this dimensionaiigiuicing signal acquisi-
tion in a reversible manner, and this imposes conditiondiemieasurement and sparsity
bases. Specifically, CS theory dictates that it is sufficibat the sparsity basis and the
measurement basis be mutuaihcoherentin the sense that the measurement bdsis
cannot sparsely represent the columns of the sparsity BasiBhe usual choice for the
measurement bastB is a random matrix, since it can be shown that a random ba#is wi
be incoherent witlany sparsity basis with very high probability. In this senseaadom
measurement basis works universally well for any signadmigss of the domain in which
its sparsity exists. Random matrices that exhibit suchhiroence with any sparsity basis

include matrices populated with independent and idemyichstributed Gaussian of-1



Rademachérrandom variables [6]. An orthonormalized random matrixrtfed by, e.g.,
orthonormalizing the rows of the above Gaussian matri>g ptevides incoherence [22].

We observe that the most straightforward approach to reptieg the measurement
matrix ® is simply anM x N dense array of values (e.g., floating point for Gaussian ma-
trices, binary for Rademacher matrices); in fagtfhas been implemented this way in many
applications and in much of the CS literature. However, & dimensionality ok is large
(as is often the case when multidimensional signals likegesaand video are considered),
the memory required to stof® in both the sensing and reconstruction devices may be im-
practically large; additionally, a largé may result in a huge computation burden for the
reconstruction process which typically involves a largenber of multiplications with®.
However, the use of a structurally random matrix (SRM) (43p, 51]) can significantly
mitigate these issues. In essence, an SRM provides a signaing process (operatb
consisting of a random permutation, a simple and compurallipefficient transform (such
as a block cosine or Hadamard transform), and a random sylisgmprocess. Each of
these components can be generated procedurally withouitiregjthe storage of a large,
dense matrix; additionally, an SRM can be applied to thetismgnal with little computa-
tion or memory. As a consequence, many CS-reconstructipleimentations use SRMs in
practice, and it is largely anticipated that large-dimenal CS signal-acquisition devices
will as well.

Finally, we argue that CS makes the most sense in situatiomkich the acquisition of

each measurement (i.e., each component of vecio(2.1)) comes with some substantial

1A Rademacher distribution assigns probabiﬁt}o the valuest1.
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associated cost. For example, in medical application$) ssasurement may represent
the exposure of the patient to a certain amount of radiaticlearly, signal-acquisition
schemes that minimize the total radiation exposure aregatdsi On the other hand, in
many imaging applications, such as those we consider &deh measurement may repre-
sent a discrete sensing element—the fewer the elementstheddwer the overall device
cost, particularly for wavelengths outside of the visilpestrum for which a single sensor
element may be so costly such that a full array of millionsasfsors may be prohibitively
expensive.

Under this “measurements-are-costly” paradigm, the piateamdvantages of CS arise
from a signal-sensing process in whighs acquired angimultaneouslyeduced in di-
mension in the form of directly within the hardware of the sensing device. In tlase;
the matrix-vector multiplication of the measurement pesc®x, is performed implicitly
within the sensor rather than calculated explicitly. Irstbénse, CS-based signal acquisi-
tion offers computation-free dimensionality reductiortte sensor side of the system. In
such a sensing device, the full-dimensional signdbes not exist at any point within the

sensor, having never been sensed or acquired in its fullriroeality.

2.1.2 Approachesto CS Reconstruction

Given CS measuremengsproduced via (2.1) with measurement matix the CS
reconstruction problem is to fingl such thaty = ®x (either exactly or approximately)

and such that the coefficienks= Wx are sparse with respect to sparsity babis The

11



most straightforward formulation of the reconstructionlgem searches for thewith the

smallest’, norn? consistent with the observad i.e.,
min [|X||,, suchthaty = ®¥'x, (2.7)

where® ! is the inverse sparsity transform. For theolving (2.7), the final reconstruc-
tion is then

X =0 % 2.8
(2.8)

However, this/, optimization is NP-hard (e.g., [21]) and thus computatilynafeasible
for all but the smallest of problems. As a consequence, th@&ve been a large number of
alternative optimizations proposed in recent literatéerhaps the most prominent of these
is basis pursuit (BP) [25] which applies a convex relaxatmthe/, problem resulting in
an/; optimization,

min ||X||,, suchthaty = ¥ 'x. (2.9)

Often, it is assumed that the CS measurements are acquitedevne noise; i.e., (2.1)
becomes

y = &x + n, (2.10)

wheren is some vector of noise. In this case, one can relax the ¢guealnstraint in the

¢, formulation of (2.9) to yield

min |[%]|,, suchthat|ly — ¥ x| <e (2.11)

2The £ “norm,” ||%|lo, is not truly a norm but is a pseudonorm; it is merely the nundfenonzero
coefficients inx.

3The well-known least absolute shrinkage and selectionatpe(LASSO) [99] has a form similar to
(2.11) with thels term as the minimization objective addterm as the constraint.
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for some tolerance > 0. This constrained optimization is closely related to theam

strained Lagrangian formulation,

min %], + A|jy — @®x||2, (2.12)

known as basis-pursuit denoising (BPDN) [25], wherein thgrangian multiplie bal-
ances thé,-driven sparsity against thig-based measure of distortion.

A variety of strategies have been proposed to solve the,(@29)1), and (2.12) opti-
mizations; see [102] for a survey. BP (2.9) and BPDN (2.1B)mmasolved effectively with
linear and second-order-cone programs, respectivelyyéieknown/¢,-mAGic* software
package takes this approach, for example. However, sucrexgarogramming methods
have computational complexity that is often large for higtienensional signals such as
images and video. As an alternative, gradient-descentadstholve BPDN (2.12) and
tend to be faster in practice than corresponding inter@npsolutions. Gradient-based
algorithms include iterative splitting and thresholditgT) [28], sparse reconstruction via
separable approximation (SpaRSA) [110], and gradieneptmn for sparse reconstruc-
tion (GPSR) [46].

A number of greedy algorithms have also been proposed foC®eeconstruction
problem. These include matching pursuits [80], orthoganatching pursuits (OMP)
[101], and compressive sampling matching pursuit (CoSaMB). In practice, such
greedy algorithms significantly reduce computational clexipy as compared to convex-

programming approaches, albeit typically at the cost oElorgconstruction quality [102].

http://www.l1-magic.org
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Iterative thresholding (e.g., [13, 14, 28, 57]) is a bodyIgbaithms which serves as an
alternative to the greedy pursuits class of CS reconstnuctiterative-thresholding algo-
rithms formx by successively projecting and thresholding; for examplereconstruction

in [57] starts from some initial approximatiofi”) and forms the approximation at iteration

1+ 1as
o 4 1 ;
xV =x0 + — " (y — T 'xV), (2.13)
v
)‘((Z)7 }fc(i)} > 7-(2)7
<D — (2.14)
0 else

Here,~ is a scaling factor, while® is a threshold set appropriately at each iteration. For
7, [67] proposes the largest eigenvalued®f®; in this case, if® is an orthonormal ma-
trix, ®’® = I, andy = 1. It is straightforward to see that this procedure is a specifi
instance of a projected Landweber (PL) algorithm [11, 7#filar approaches for CS re-
construction include [13, 14]. Like the greedy algorithnfighee pursuits class, PL-based
CS reconstruction also provides reduced computationapteity as compared to convex-
programming-based reconstruction. Additionally, the Binfulation offers the possibility
of easily incorporating additional optimization criteri@or example, later in this disserta-
tion, we will overview an image-reconstruction techniguattincorporates Wiener filtering
into the PL iteration to search for a CS reconstruction siamgdously achieving sparsity
and smoothness.

The discussion up to now is intended largely as a brief oearaf CS theory and the

generic algorithms used for CS reconstruction. Next, we twr attention to the specific

14



issue of the CS of 2D still images which is the issue at thetleahe remainder of this

discussion.

2.2 CSAcquisition of Still Images

There has been significant interest in CS in systems thairacgud process 2D still
images. Widespread use of digital cameras has led to inngedemands for higher spa-
tial resolution, lower power consumption, and lower ovedalice costs. In many exist-
ing digital cameras, images are acquired with several aniliensor elements. CS offers
a compelling alternative to this traditional image-acgiga paradigm—instead of sam-
pling in high resolution, CS offers the possibility of ditcacquiring the image in a re-
duced dimensionality. With this dimensionality reductiaking place implicitly within
the hardware of the sensing device, it is speculated that @5aventually yield camera
architectures that are significantly cheaper and that coasess power, both as a result of
using a number of discrete sensing elements that is grestlyced as compared to the full
sensor array. Such cameras may then be able to accommodateabkpiavelengths (e.g.,
infrared) for which a single sensing element is so costly ¢henulti-mega-sensor array
is prohibitive. Cameras might also be tailored to wavelkagmpossible to implement in

conventional CCD and CMOS imagers [98].

221 The Single-Pixel Camera

Perhaps the most well-known architecture for the CS adipisof still images is the
so-called “single-pixel camera” [41, 98, 106, 107] develdjat Rice University. This cam-

era architecture is illustrated in Figure 2.1. In short,shngle-pixel camera uses a digital
15



micromirror device (DMD) to optically perform inner prodscn the CS measurement
process.

Specifically, the DMD—normally an output device used in tiglight-processing
(DLP) applications—forms a pixel array of electrostatigalctuated mirrors that can each
be oriented in one of two states [2° or —12° from horizontal). When coupled with an
analog photosensor, the DMD is used as an image sensor aatdhéhimage in question
is focused onto the DMD and patrtially reflected toward thetpsensor. By orienting the
photosensor such that one of the DMD mirror states reflebt tigward the photosensor
while the other mirror state reflects away, the DMD, in efféatms an inner product be-
tween the image being acquired and the binary pattern presghe DMD array. That is,
the photosensor senses the analog sum of all the light edlézit from the DMD, thereby
outputting a continuous-valued analog measurement fdr pattern on the DMD.

The resulting analog voltage reading of the photosensatighes a single (scalar) CS
measurement value,, € R. By repeating this proces® times with multiple pseudo-

random DMD patterns, a vectgy, = [yl } € ®M, of M CS measurements is

Ym
acquired. It is straightforward for the binary DMD pattetosffectuate a pseudorandom
Rademachet-1 measurement basis by taking an additional measuremenaiittie mir-
rors reflecting toward the sensor and then subtracting teesnmeasurement, from the

other measurements:

2y —y-1 =y, (2.15)

wherel is anM x 1 vector of all ones [41, 98]. Alternatively, by approprigtduty-cycling

the mirrors, a Gaussian measurement matrix can be obtaddeld]. As mentioned previ-
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single
hotosensor

DMD array

Figure 2.1

The single-pixel camera [41, 98, 106, 107] for the CS actjarsbf a still image (figure is
from [49]).
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ously, such Rademacher and Gaussian measurement baseaerént with any sparsity
basis with high probability.

Sampling in the single-pixel camera may also be driven by &l $Riploying a block
Hadamard transform as suggested in [51]. In this latter,dheeDMD mirror patterns do
not need to be explicitly stored in the sensing device; rathey are generated procedu-
rally “on the fly” as needed by the measurement process, liiegignificantly reducing
memory requirements on-board the sensing device as cothprackense Rademacher or
Gaussian matrices, particularly when the image size iglarg

The CS-based single pixel camera has the potential to prattistantial benefits for
hardware-constrained systems but does come at a cost wingraoed with traditional sys-
tems: acquisition time. A CS device requires less memorydeessampled signals and
less power to transmit them, as well no computation requwezhlculate the dimension-
ality reduction (which is, in effect, accomplished optlgalbut the total time to acquire a
given signal is increased by a factor a—more, if duty cycling for a Gaussian matrix is
needed (note, however, that such duty cycling is not reddoea Hadamard-based SRM
as in [51]). For the imaging of static scenes, this tradesoffdminal, and the ability to use
a single sensor instead of an entire array of sensors mighveagh the cost of the addi-
tional exposure time required for each measurement. Fardimscenes, CS sampling is
more complicated (see [49]).

We note also that the single-pixel-camera architectureiisgps best suited to applica-
tions at wavelengths outside of the visible spectrum. Iddeerrent CCD and CMOS im-

agers already in widespread use in digital cameras providi aray consisting of many
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millions of sensor elements in the visible spectrum—sin@hsCCD/CMOS devices are
extremely cheap, fast, low-powered, and high-quality,atyrbe difficult to justify the use

of a single-pixel camera in visible-light applications. dontrast, however, sensors for
extra-visible wavelengths typically entail significantigher cost—for example, current
infrared cameras are at least a thousand-fold more expethsia visible-light cameras at a
comparable spatial resolution. On the other hand, theesipiel camera, which requires
only a single sensing element, may have the potential tofgigntly reduce the hardware

costs of image acquisition in infrared and other extrablgsapplications.

2.2.2 Other Image-Acquisition Architectures

In addition to the single-pixel camera, several other aechires for the CS acquisi-
tion of stillimagery have been proposed; an overview of sofrieese devices is presented
in [42]. These alternative architectures include devicagkvcouple a sensor array with
explicit calculation of a random projection in analog haatlev For example, [66] imple-
ments random convolution (convolution with a random filtelidwed by downsampling
[89]) for CS image acquisition; on the other hand, [88] perfe analog vector-matrix mul-
tiplication to effectuate CS measurements. Both [66] ai@] [iBve the drawback that they
require implementation of a full array of sensing elements,(equal in number to the
pixels in the image) and thus do not reduce the cost assdamtk the number of such
sensing elements. Rather, the assumption is that the acallmgation of the dimensional-
ity reduction is cheaper—in terms of device implementatiopower consumption—than

other means for accomplishing the same (e.g., digital tatiom of an image transform).
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Such an advantage has not yet been clearly demonstrateddordgvices to the best of
our knowledge, however.

Alternatively, [81] proposes CS image acquisition via aembdperture and a subsam-
pled focal plane. Like the single-pixel camera, a reducedlmer of sensing elements is
used as compared to the full sensor array, but still sigmifigamore than just a single
sensor as in the single-pixel camera. Like the single-pigebera, coded-aperture image
acquisition is likely to be most suited to applications d&sy outside the visible spectrum
since current full-array CCD and CMOS imagers already mtelw-cost image acquisi-
tion in the visible spectrum. Yet extra-visible wavelergythay require significantly more
expensive sensor elements and therefore may benefit fronediieed number of sensor
elements required by coded-aperture sensors.

Throughout the remainder of this work, we will assume thatgngle-pixel-camera
architecture of Figure 2.1 is employed for CS acquisitiomatill image, either through
use of a duty-cycled Gaussian measurement matrix or an SiRMrdsampling process.
The primary concern is then how one reconstructs the imame the resulting CS mea-

surements; we explore this issue next.

2.3 Straightforward Reconstruction for Images

A straightforward implementation of CS on 2D images recésts2D array-based

problem as a 1D vector-based problem, typically using tHeviing procedure:
1. “Rasterize”N x N imageX into an/N?-dimensional vectok:

x = Raster (X). (2.16)
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Here,Raster(-) is a suitable rasterization operator—for example, the atamation
of the N rows of the image together, followed by a transpose, to preduv? x 1
vector.

2. Apply M x N? measurement matrig:

y = Px. (2.17)

3. Apply some CS reconstruction algorithm. This vectordolagconstruction will em-
ploy @, the measurement matrix, as well#Esthe sparsity transform. In this context,
¥ is anN? x N? matrix consisting of théV? basis images of some 2D image trans-
form (discrete cosine transform (DCT), discrete wavelahsform (DWT), etc.),

arranged such that each basis image has been rasterizeal\ifto< 1 vector and
placed columnwise int@. The reconstruction yields = ¥x:

x = CS_Reconstruction (y, ®, ¥) . (2.18)

4. Reassemble the image from the vectorized reconstruction

X = Unraster (X) . (2.19)

This rasterized paradigm was used, for example, for renart&in with the single-pixel-
camera system in [98, 106, 107].

We note that the description here of the sparsity b#isis anV? x N? matrix is largely
conceptual. While it would certainly be possible to repnesey 2D image transform such
as a DCT or DWT in this fashion, in practical implementatidrC& reconstruction, one
would almost certainly use some fast computation of botHdaheard transform¥x and
the inverse transforn® ~'x within the CS_Reconstruction (-) process. For example, there
are a number of fast algorithms for both the DCT (e.g., [4D, @8d DWT (e.g., [30, 97]).
Such algorithms typically offer a number of advantages fiar ¢alculation of an image
transform as compared to matrix-vector multiplicationjath although conceptually sim-

ple, can entail significantly more computation and memoayttine fast algorithms.
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A primary concern with (2.18) is that, when a generic CS rstmction is employed,
it is somewhat “blind” to the fact that the data being proeessepresents an image be-
yond the fact that the sparsity transfonis a 2D image transform. That is, generic CS
reconstruction algorithms treat the problem as any otlvaplyg searching for a sparse so-
lution that is consistent with the observed random measemnésn Unfortunately, imposing
sparsity alone does not necessarily produce the most liquabsing reconstructed im-
ages. For example, [17] found that the sparse solutionsupemtiby a straightforward CS
reconstruction often incurred visually unpleasant, Higiguency oscillations. In essence,
the issue stems from the fact that generic CS reconstruiciiames attributes known to be
widely possessed by images, such as smoothness. We wilimxatnategies for incorpo-
rating such image attributes into CS reconstruction below.

Another concern is that, from the perspective of practicgdlementation, the fact that
the size of® is O(N?) entails that the memory required to store this matrix groesyv
fast as the number of pixels in the image in question incte@lis leads to a huge mem-
ory required to store the measurement operator viiénimplemented as a dense matrix
(e.g., Gaussian or Rademacher) within the CS sensing godedditionally, a large®
yields a huge memory and computational burden within the&e8nstruction process as
well, since CS reconstruction involves numerous matrix gotations with®. As a conse-
guence of these difficulties in both memory and computatiwemy instances of image CS
in prior literature consider images no larger tt2a6 x 256 pixels, and some focus on even
smaller sizes. As mentioned previously, SRMs (e.qg., [3h,&dn effectively reduce these

computation and memory burdens by using a procedurallgmgéed measurement opera-
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tor in both the sensing and reconstruction processes. Howan alternative to SRMs is
to impose some form of sparse structure (e.g., block diddgghanto ®, a possibility that
we explore in detail below.

We now consider several strategies that attempt to amditha difficulties identified
above. Specifically, we first consider a reconstruction hasetotal variation that capital-
izes on the fact that the underlying data to be reconstruej@esents a natural 2D image.
A primary focus of this effort is the promotion of smoothne$she end reconstruction.
We then consider CS based on image blocks that effectivelysks on both smoothness
of reconstruction as well as fast and memory-efficient inm@atation of the measurement

operator.

2.4 Total-Variation Reconstruction

In[17], BPDN as givenin (2.12) is recast in order to promat®sethness in the recon-
structed images and to suppress the high-frequency astéacountered with the straight-
forward solution to (2.12). Specifically, it is proposedtihiastead of seeking sparsity in

the domain of some image transform, (2.12) is reformulated a
min [|X|lry +Ally — ®x|,, (2.20)

wherex is the 1D rasterization of imag€. Here, the total variation (TV) of the image is

||X||TV = Z \/($i+1,j — xm‘)z + (441 — xm-)2, (2.21)
,J

wherez; ; is the pixel in location(z, j) in the imageX. In [17], (2.20) is solved using a

second-order-cone program that accommodates the TV-based
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In essence, the TV approach to CS reconstruction repla@sispin the domain of
an image transform with sparsity in the domain of a disceetigradient, implicitly pro-
moting smoothness in the resulting reconstruction. As alt,e§V-based reconstruction
ameliorates the problem associated with generic CS reg@femage data in that the re-
construction is no longer blind to the fact that the undedysignal is an image. Although
the use of SRMs [35, 51] can greatly improve matters, TV retroustion still tends to be
very computationally complex as compared to other recaostm algorithms. As a con-
sequence, TV-based CS reconstruction of an image tendsrailmr slow, perhaps even

to the point of being infeasible if the image size is large.

2.5 CSwith Blocksin the Spatial Domain

As an alternative to SRMs for alleviating the huge compataind memory burdens
associated with a dense measurement mdtnithin both the sensing and reconstruction
processes, one can adopt a philosophy long used in imagegsiag fields when an im-
age is too large to be feasibly processed in its entirety-eiipally, break the image into
smaller blocks and process the blocks independently. Su@pproach was proposed in
[50] for block-based compressed sensing (BCS) for 2D images

In BCS, an image is divided intB x B non-overlapping blocks and acquired using an
appropriately-sized measurement matrix. That is, supfiede; is a vector representing,

in raster-scan fashion, blogkof input imageX. The corresponding; is then

y; = ®px;, (2.22)
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where® 5 is anMp x B2 measurement matrix such that the target subrate for thedmag
whole isS = Mp/B?. Itis straightforward to see that (2.22) applied blockHigek to an
image is equivalent to a whole-image measurement meiiix (2.17) with a constrained

structure; specificallyp is block diagonal,

P O 0
0 &p 0

P = (2.23)
0 0 &p

We note that the single-pixel camera discussed above cdy @aasommodate BCS acqui-
sition by simply driving the DMD array with this block-diagal ® instead of a dens@
as was done originally in [41, 98, 106, 107].

There are several approaches that one can take to recdratrimage that has been
acquired using BCS. The most straightforward situationhemvthe sparsity transfordx

is also a block-based operator of the sabhe B size, i.e.,

Ty 0 0
0 Wy 0
U= (2.24)
0 0 Wp

whereW¥ is a B?> x B? matrix for the block-based transform. In this case, (2.18) c

simply be applied for each block independently; i.e., fadly,

x; = CS_Reconstruction (y;, @5, ¥p) . (2.25)
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We refer to this independent, block-by-block reconstarcis a “block-independent” re-
construction. In general, block-independent reconstnawill produce severe blocking
artifacts and is thus not usually a reasonable solution.

Better results may arise when the block measurement metgixs placed into the
block-diagonal® as in (2.23) with® then being used in the whole-image reconstruction
of (2.18). We refer to this as “block-diagonal” reconstraot Block-diagonal recon-
struction permits the sparsity achieved in the recongtdisignal to be adjusted across
all blocks simultaneously (in the block-independent solutsparsity is imposed on each
block independently). In this case, the sparsity transfdrroan take the form of a full-
image transform (such as a DWT) rather than being consttambave a block-diagonal
structure as is the case for block-independent recongirucsuch a full-image transform
will serve to ameliorate the blocking artifacts that naliyrarise in BCS due to the block-
diagonal structure ab. More importantly, since block-based transforms do nobdetate
across image blocks, the compressibility of the image irstrese of (2.4) is likely to be
much greater in the domain of a full-image transform such BS\&, achieving a much
higher-fidelity reconstruction than the block-indeperdgproach.

An alternative is to eliminate the sparsity transfodmaltogether and opt instead to
impose a sparse gradient, i.e., by adopting a TV-based sacamtion. In such a TV-
based solution, we apply (2.20) using the block-diagabaif (2.23). We refer to this
combination of BCS and TV-based reconstruction as “BCS-TV.

In experimental results to follow, we will evaluate the merhance of each of these

strategies and give examples of the visual quality of retaoted images. First, however,
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we overview an alternative to BCS-TV that combines BCS agitjan, fast iterative recon-
struction, and explicit smoothing in the form of Wiener filtey with the goal of producing
high-quality, visual-pleasing reconstructions like BT8-without its heavy computational

burden.

251 TheBCS-SPL Algorithm

In [50], BCS was proposed wherein the acquisition of an imagkiven by random
matrices applied on a block-by-block basis, while the retuttion is a variant of the PL
reconstruction of (2.13)—(2.14) that incorporates a simagtoperation intended to reduce
blocking artifacts. Since it combines BCS with a smoothegjgquted Landweber (SPL)
reconstruction, in [82], the overall technique was call€2SBSPL.

In BCS-SPL, Wiener filtering is incorporated into the baskic flramework in order
to remove blocking artifacts. In essence, this operatiopoises smoothness in addition
to the sparsity inherent to PL. Specifically, a Wiener-fitigrstep is interleaved with the
PL projection of (2.13)—(2.14). The specific implementatise use here was initially
described in [82] and is presented in Figure 2.2, wh&liener(-) is pixel-wise adaptive
Wiener filtering using a neighborhood 8fx 3, Threshold(-) is a thresholding process,
and®p is assumed to be a random orthonormal matrix suchrti@{(2.13) is unity.

In [82], to set a proper for hard thresholding iBBCS-SPL(-), we employ the so-called
interference heuristic [79] which effectively assumes §#an marginal statistics for the

insignificant transform coefficients (i.e., those coeffitsthat are zero in a sparse approx-
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function x = BCS-SPL(y, ®5, )
for each block J
x\” = ®Ly,
i=0
do
% = Wiener(x™)
for each block J
x =3 @L(y; — ®pxl")
%) — pi)
%@ = Threshold (x®)
% — g1
for each block Jj
X = x4 @L(y; - ®pxl")
Dli+1) — ||X(z'+1) _ )ﬁc(i)H2
1=1+1
until |[D® — DE=V| < 10~*

Figure 2.2

BCS-SPL reconstruction of a 2D image.
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imation to the original image). Then, the universal thrédlod [36] is used. Specifically,
in (2.14),

70 = Xo\/21log K, (2.26)

where\ is a constant control factor to manage convergence,lamslthe number of the
transform coefficients. As in [365;(%) is estimated using a robust median estimator,

W _ median (|x|)
~0.6745

(2.27)
As a final note, we observe that while (2.26) and (2.27) forno@venient heuristic for
setting the threshold in the BCS-SPL algorithm, [38] poiatsheoretical shortcomings

with the underlying Gaussian assumption in general itegetiresholding algorithms for

CS.

252 BCS-SPL with Directional Transforms

The BCS-SPL framework of [50, 82] is quite flexible thankstsrather simple imple-
mentation. It is straightforward to incorporate sophaséd transforms and thresholding,
as well as additional constraints into the process. As afgpeontribution of this disserta-
tion, we incorporate highly directional transforms withtsitically estimated thresholding
into the BCS-SPL framework, work that we first proposed in][82d then further ex-
panded upon in [49].

Although DWTs are widely used in traditional source codihgmages (e.g., the JPEG-
2000 standard [63]), DWTs in their traditional criticalbgmpled form are known to be
somewhat deficient in several characteristics, lackindy guoperties as shift invariance

and significant directional selectivity. As a result, theese been several recent proposals
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made for transforms that feature a much higher degree ofttbreal representation than
is obtained with traditional DWTs. Two prominent familiessaich directional transforms
are contourlets and complex-valued DWTs. The contouretstiorm (CT) [32] preserves
interesting features of the traditional DWT, namely mekiolution and local character-
istics of the signal, and, at the expense of spatial redwylainbetter represents the di-
rectional features of the image. The CT couples a Laplapjaamid decomposition with
directional filterbanks, inheriting the redundancy of tregplacian pyramid (i.e4/3). Al-
ternatively, complex-valued wavelet transforms have lpgeposed to improve upon DWT
deficiencies, with the dual-tree discrete wavelet tramsfiDWT) [73] becoming a pre-
ferred approach due to the ease of its implementation. IDIDM/T, real-valued wavelet
filters produce the real and imaginary parts of the transfanparallel decomposition trees.
The DDWT yields a decomposition with a much higher degreeirgictionality than that
possessed by traditional DWTs; however, since both treéseoDDWT are themselves
orthonormal or biorthogonal decompositions, the DDWT ta&e a whole is a redundant
tight frame. Albeit redundant, both the CT and DDWT have be#ectively used in the
source coding of images (e.g., [15, 23, 43, 44,47, 100])r thee in BCS-SPL reconstruc-
tion was first proposed in [82].

Hard thresholding inherently assumes independence beteasfficients. However,
bivariate shrinkage [26] is better suited to directionahsforms in that it exploits statis-
tical dependency between transform coefficients and tlespeactive parent coefficients,
yielding performance superior to that of hard thresholdiihg [26], a non-Gaussian bi-

variate distribution was proposed for the current coefficand its lower-resolution parent
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coefficient based on an empirical joint histogram of DWT &icafnts. However, it is

straightforward to apply this process to any transform mga multiple-level decompo-
sition, such as the directional transforms we consider.h@pecifically, we propose that,
given a specific transform coefficiehaind its parent coefficier}, in the next coarser scale,

the Threshold(-) operator in SPL be the maximuanposterioriestimator of,
NARO)
(Vg 4)

where(g), = 0for g < 0, (9); = g else;c™ is the median estimator of (2.27); and,

Threshold (¢, \) = ¢, (2.28)

again,\ is a convergence-control factor. Herﬁ, is the marginal variance of coefficient
¢ estimated in a local x 3 neighborhood surroundingas in [26]. We refer the reader
to [26] for full details on the method of bivariate shrinkagyed its underlying statistical

models.

2.5.3 Experimental Observationson BCS-Based Reconstruction

As another primary contribution of this dissertation, wevresent a battery of ex-
perimental evaluations that gauge the performance of thekddased still-image recon-
struction techniques just previously discussed. Throughee employ several popular
grayscale imagéf size512 x 512, and we use BCS on blocks of sia2 x 32. In all
cases, the images are subjected to a BCS measurement puitte®s; in (2.22) being an
orthonormalized dense Gaussian matrix. We measure reaotieh performance in terms
of a peak signal-to-noise ratio (PSNR) between the recoctstl and original images. We

note that the results presented here were previously expor{49].

5The images are available in the BCS-SPL packatje;//www.ece.mstate.edu/ ~fowler/
BCSSPL/
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We compare several reconstruction techniques as discabsed. Figures 2.3-2.4 de-
pict typical reconstruction results for the “Lenna” imageng a subrate = 0.2; these
figures show only a detailed portion from the center of thegenaFigure 2.3(a) gives
the original image, while Figures 2.3(b)—(d) present savstraightforward reconstruc-
tions, all based on a generic GPSR CS reconstruction ahigof#6]. The first, in Fig-
ure 2.3(b), comes from a block-independent reconstruatging a block-based DCT as
the sparsity transform; in this “block-independent BCSSBPDCT” reconstruction, each
32 x 32 block is reconstructed independently via (2.25) witly being the block-based
DCT. Figure 2.3(c) presents a similar reconstruction, dhlg time, the reconstruction
is block-diagonal. That is, “block-diagonal BCS-GPSR-DGiistead performs whole-
image reconstruction via (2.18) using the correspondingietiagonafb andW, the latter
again being based on té x 32 block DCT. Severe blocking artifacts are readily appar-
ent in Figures 2.3(b) and (c). This blocking is amelioratigehisicantly in Figure 2.3(d) in
which a whole-image DWT is used in the reconstruction vid&2.i.e., in BCS-GPSR-
DWT, & still possesses a block-diagonal structure, Butoes not. We note that PSNR
figures for the three straightforward GPSR-based recartgins are fairly similar, being
around 26 dB for “Lenna.”

Significantly improved PSNR performance, as well as visuallity, results when
smoothing is included in the reconstruction process. To Rigures 2.4(a)—(c) present
example reconstructions for a TV-based reconstructionedlsas two BCS-SPL-based re-
constructions. Specifically, Figure 2.4(a) illustrates gerformance of BCS-TV wherein

the TV reconstruction of (2.20) is applied to BCS-acquinedgery, promoting a sparse
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image gradient and thereby an implicitly smooth reconsimac We note that we usg-
MAGIC® in the BCS-TV implementation. On the other hand, Figure$®.4nd (c) show
the reconstruction due to BCS-SPL which features explitibsthing in the form of a
Wiener filter incorporated into the iterative PL reconstimt process. Shown are results
for both a32 x 32 block DCT (BCS-SPL-DCT, Figure 2.4(b)) and a full-frame DWT
(BCS-SPL-DWT, Figure 2.4(c)). We use the BCS-SPL impleraton available from the
BCS-SPL website The results of the smoothing-based reconstructions affEgy2.4(a)—-
(c) are similar, with PSNRs around 30.5dB, some 4 dB highen tine straightforward
GPSR-based reconstructions of Figures 2.3(b)—(d).

Figures 2.4(d) and (e) evaluate directional transformd8rreconstruction, deploy-
ing both the CT and DDWT within the BCS-SPL framework. We rdfethe resulting
implementations as BCS-SPL-CT and BCS-SPL-DDWT, resyagti The results for the
directional transforms are similar, with PSNRs around 3lbéihg about 0.5dB higher
than the reconstructions of Figure 2.4.

We note that, in these results, we use bivariate shrinka@8)2vith A\ = 10, 25,
and25, respectively, for BCS-SPL-CT, BCS-SPL-DDWT, and BCS-9RWNT. Lacking
parent-child relations, BCS-SPL-DCT uses hard threshgl@.26) with\ = 6.

Table 2.1 compares PSNR for sevesal x 512 images at several subrates. We note
that, since the quality of reconstruction can vary due todineomness of the measurement
matrix ®, all PSNR figures are averaged over 5 independent trialsréldudts indicate that

BCS-SPL with the directional transforms achieves the begopmance at low measure-

Shttp://www.|1-magic.org
"http://www.ece.mstate.edu/ ~fowler/BCSSPL/
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(b) Block-independent
BCS-GPSR-DCT, 25.7dB

(c) Block-diagonal (d) BCS-GPSR-DWT, 26.0dB
BCS-GPSR-DCT, 25.9,dB

Figure 2.3

Reconstructions of thgl2 x 512 “Lenna” image (shown in detail) for a subrate of
S = 0.2. BCS measurement usg&s x 32 blocks.

34



(d) BCS-SPL-CT, 31.0dB

" (e) BCS-SPL-DDWT, 31.4dB

Figure 2.4

Reconstructions of thel2 x 512 “Lenna” image (shown in detail) for a subrate of
S = 0.2. BCS measurement usg&s x 32 blocks.
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Table 2.1

BCS-based reconstruction performance as measured in RS8R figures averaged
over 5 independent trials; images afe x 512.

Subrate
Algorithm 0.1 0.2 0.3 0.4 0.5
Lenna
BCS-SPL-DDWT 28.3 314 335 35.2 36.8
BCS-SPL-CT 28.2 31.0 33.0 34.7 36.3
BCS-SPL-DWT 27.8 30.9 32.9 34.6 36.2
BCS-SPL-DCT 27.7 30.5 32.5 34.2 35.8
BCS-TV 27.9 30.6 32.6 34.3 35.9
BCS-GPSR-DWT 22.7 26.0 28.1 29.9 31.3
Block-diagonal BCS-GPSR-DCT 22.5 25.9 28.1 29.8 31.2
Block-independent BCS-GPSR-DCT 22.6 25.8 28.0 29.8 31.3
Barbara
BCS-SPL-DDWT 229 24.3 259 275 29.1
BCS-SPL-CT 22.8 24.3 259 275 294
BCS-SPL-DWT 22.6 23.9 25.2 26.6 28.1
BCS-SPL-DCT 22.8 24.4 259 27.4 29.1
BCS-TV 22.5 23.6 24.6 25.6 26.7
BCS-GPSR-DWT 20.1 22.2 23.6 25.0 26.4
Block-diagonal BCS-GPSR-DCT 20.3 23.4 25.4 27.3 28.8
Block-independent BCS-GPSR-DCT 20.4 23.3 25.5 27.3 28.9
Mandrill
BCS-SPL-DDWT 229 24.9 26.7 28.4 30.3
BCS-SPL-CT 229 25.0 27.0 289 30.9
BCS-SPL-DWT 22.5 24.3 26.0 27.7 29.4
BCS-SPL-DCT 22.3 24.2 25.9 27.8 29.7
BCS-TV 22.3 24.3 26.1 27.8 29.5
BCS-GPSR-DWT 18.6 19.8 20.9 21.9 23.1
Block-diagonal BCS-GPSR-DCT 18.5 19.8 20.9 221 23.2
Block-independent BCS-GPSR-DCT 18.5 19.8 20.9 22.1 23.3
Goldhill
BCS-SPL-DDWT 27.0 28.9 30.5 31.8 33.1
BCS-SPL-CT 26.9 29.0 30.5 31.9 33.3
BCS-SPL-DWT 26.7 28.7 30.1 315 32.9
BCS-SPL-DCT 26.1 28.3 29.6 31.0 32.6
BCS-TV 26.5 28.9 30.6 321 33.6
BCS-GPSR-DWT 23.0 25.4 27.0 28.4 29.6
Block-diagonal BCS-GPSR-DCT 23.1 25.6 27.3 28.6 29.8
Block-independent BCS-GPSR-DCT 22.9 25.5 27.2 28.7 29.9
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ment rates. At higher measurement rates, performance is waoied—BCS-TV is more
competitive; however, the directional BCS-SPL techniqumsally produce PSNR close to
that of the TV-based algorithm.

The experimental results presented here demonstratentpasing smoothness to the
reconstruction—either implicitly via the gradient-based approach, or explicitly in the
form BCS-SPL’s Wiener filtering—can improve PSNR and visgaality performance
significantly. BCS-SPL is advantageous in that its simptenidation based on Landwe-
ber iterations permits it to easily accommodate variousstigations such as directional

transforms and bivariate shrinkage.

2.6 CSwith Blocksin the Wavelet-Domain

As discussed above, techniques such as TV and BCS-SPL esploothness that is
anticipated to be present in the original image signal. H@rether image characteristics
can also be used to tailor CS reconstruction specificalljntmie data. For example, a num-
ber of recent CS strategies (e.g., [56, 58, 59, 72, 90]) googed assuming that the image
is both acquired and reconstructed in the domain of a DWTh Stavelet-domain CS per-
mits known statistical models (e.qg., [58, 59, 72]) for wataloefficients to be exploited in
reconstruction. Additionally, the degree of CS subsangptian be adapted to the wavelet
decomposition—often, the baseband is retained in full witlkubsampling (e.g., [56, 90]),
while the degree of subsampling is increased for succdgsiigher-resolution decompo-
sition levels (e.g., [90]). The subsampling in this casefisroreferred to as multiscale

(MS) after [103].
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Previously, we considered the block-based CS paradigmapifyras an alternative
to SRMs to mitigate computational burdens by limiting the @8asurement process to
relatively small blocks. However, the drawback of BCS isitafly a reduced quality
of image reconstruction due to the fact that CS measurenesrgrglly works better the
more global it is. We now consider an amelioration of the nstauction quality of BCS
while retaining its light computational burden and extrgni@st execution. Specifically, as
another primary contribution of this dissertation, we me@an MS algorithm that deploys
BCS-SPL [82] in the domain of a wavelet transform; we noté tiia work was previously

published as [48].

2.6.1 Wavdet-Domain BCS

Ideally, the CS measurement operator should be “globalhénsense that the entire
signalx should contribute to each and every measurement taken dupirgyy in (2.1).
However, a block-diagonal structure as in (2.23) defeath staximally holistic measure-
ment. As a consequence, BCS-based techniques such as BC&&MBCS-TV can be
at a disadvantage in terms of reconstruction quality dubeo teliance on a block-based
measurement operator. We now consider a modification to @&-8PL algorithm—this
variant of BCS-SPL is designed to improve its reconstructjoality performance while
maintaining its block-based measurement and correspgtid#t reconstruction. Specifi-
cally, BCS-SPL is deployed within the wavelet domain of thhagex to provide multiscale

measurement and reconstruction.
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The measurement operatdrfor MS-BCS-SPL is split into two components—a mul-
tiscale transfornf2 (e.g., a DWT) and a multiscale block-based measuremenegpsdc

such thatd = &2, and (2.1) becomes
y = ®'Qx. (2.29)

Assume thaf2 produced. levels of wavelet decomposition; thul’, consists of. different
block-based measurement operators, one for each level.is et the DWT of imagex
be

% = Ox. (2.30)

Subbands at levell of x is then divided intoB; x B; blocks and measured using an
appropriately-sized®, (note thatl = L is the highest-resolution level). That is, suppose
X,,s,j IS @ vector representing, in raster-scan fashion, blooksubbands at levell, with

s€{H,V,D},andl <[ < L. Then,
Visj = PiXis (2.31)

Since the different levels of wavelet decomposition haviedint importance to the
final image reconstruction quality, we adjust the measunémeocess so as to yield a
different subrates;, at each level. In all cases, we set the subrate of the DWT baseband

to full measurement, i.e§, = 1. Then, we let the subrate for levebe
S, = W,9', (2.32)
such that the overall subrate becomes

L
1 Z 3
=1
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Table 2.2

Wavelet-domain BCS subratésat levell for target overall subrat& for a DWT with
L = 3 levels. In all cases, the baseband is given full measure(Sgnrt 1.0).

Level SubratesS,

S St So Ss

0.1 1.0000 0.1600 0.0100
0.2 1.0000 0.5867 0.0367
0.3 1.0000 1.0000 0.0667
0.4 1.0000 1.0000 0.2000
0.5 1.0000 1.0000 0.3333

Given a target subratg and a set of level weightd/;, one can easily solve (2.33) fét,
yielding a set of level subrates via (2.32). However, this process will typically produce
one or moreS; > 1. Thus, we modify the solution to enforég < 1 for all [. Specifically,
after findingS’ and S; via (2.33) and (2.32), we check #; > 1. If so, we setS; = 1,

remove its corresponding term from the sum in (2.33), and Hudve

L
1 3 3 ,
=2

for S’, again using (2.32) to redetermisg for [ = 2,..., L. We repeat this process as
needed to ensure that &ll < 1.

For the experimental results to follow later, we use levabivts,
W, = 16--1+1, (2.35)

which we have found to perform well in practice. The resgjtevel subrates; for various

target subrateS for a DWT with L. = 3 levels are shown in Table 2.2.
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2.6.2 Waveet-Domain MS-BCS-SPL

The BCS-SPL reconstruction algorithm couples a full-im#gener-filter smoothing
process with a sparsity-enhancing thresholding procewidomain of some full-image
sparsity transformb. Interleaved between the smoothing and thresholding tipasdlie

Landweber steps in the form of

x +—x+ &7 (y — ®x), (2.36)

where® is a measurement matrix. Figure 2.5 illustrates how the BES&-reconstruction

of Figure 2.2 is modified to accommodate the situation in WHIS measurement takes
place within a multiscale transforf as in (2.29). In essence, the resulting MS-BCS-SPL
reconstruction applies a Landweber step on each block &f salcband in each decom-
position level separately using the appropriate blocletids for the current level. As

in the original BCS-SPL, Wiener filtering takes place in tpats&al domain of the image,
while some thresholding operator is applied in the domafuléframe sparsity transform

¥ to promote sparsity.
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function x = MS-BCS-SPL (y,{®;, 1<i<}, ¥.Q)
for each level l
for each subband se {H,V,D}
for each block j
il(,os),j = ‘I)zTyLs,j
i=0
do
x() — Q1%
% = Wiener(x™)
< = Qx®
for each level l
for each subband se {H,V,D}
for each block J
):(l(lzj - ):Cl(ls)g + ‘I’f(}’l,s,j - (Pl)%l(lgj)
x0 = gQ-1x0)
%) = Threshold(x®)
x0) = Q&—1x0)
for each level l
for each subband se {H,V,D}
for each block J
%00 =%+ B (1., — ®X))

1,5,j l,8,j
D+ — Hi(H—l) _ ;C(z‘)H2
i=1i+1
until | D@ — DG—V| < 10~
x =%

Figure 2.5

MS-BCS-SPL reconstruction of a 2D imag&jener(-) is pixel-wise adaptive Wiener
filtering using a neighborhood &fx 3, while Threshold(+) is a thresholding process.
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2.7 Other Approachesto CS Reconstruction of | mages

After having considered block-based measurement and secmtion for images in
both the spatial and wavelet domains, we now overview segérar prominent solutions
for CS of images that have appeared in recent literaturénapsrthe most popular approach
to the CS of images follows the MS paradigm [103] in whichealiént decomposition lev-
els in the wavelet domain are measured and reconstructegendently using a generic
CS reconstruction. For example, in [5, 34,58, 59, 72], tipisraach is applied using the
generic reconstructions OMP [101], stagewise orthogorthing pursuit (StOMP) [39],
sparsity adaptive matching pursuits (SAMP) [34], CoSaM#],[&nd Bayesian compres-
sive sensing [5, 69]. As representative of such algorithwesgonsider a multiscale variant
of GPSR [46] as described in [90]. In essence, in this maAtesGPSR (MS-GPSR), GPSR
reconstruction is applied independently to each DWT lemalrates in the individual lev-
els are varied such that the baseband is retained in fullsaockssively higher-resolution
decomposition levels feature a reduced subrate.

An example of a wavelet-domain CS measurement and recatistiuthat is more
sophisticated than the simple generic reconstructiorsMIS-GPSR involves the use of
the well-known fact that wavelet coefficients inhabit a srgsale tree structure in the
transform domain (e.g., [94]). This tree-structured pnardel has been incorporated into
CS reconstruction both as an explicit coefficient struci8feas well as in the form of a
statistical model [58, 59]. In this latter statistical apach, called tree-structured wavelet
compressed sensing (TSW-CS) [58, 59], a hierarchical Bayesodel is imposed on the

coefficients across the DWT scales.
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Fitting ana priori signal model to the CS reconstruction model is a frequenitpsed
strategy for the CS of images. In [72], a Gaussian scale maxt@aSM) [87] model is in-
corporated into several wavelet-domain CS reconstrustiociuding reweighted; min-
imization [19], iteratively reweighted least squares [280d iterative hard thresholding
[13,14]. Additionally, a spatial-domain piecewise autpessive (PAR) model was in-
corporated into a spatial-domain CS reconstruction in [1This latter technique, called
model-based adaptive recovery of compressive sensing K)AR[111], adopts the PAR
model to better handle nonstationarity in the sparsity ithagges exhibit spatially.

Finally, there exist a number of algorithms for the generabfem of inverse imaging
that are often used in deconvolution or inpainting appidces but can be applied to CS re-
construction as a special case. Such techniques includdgbethms of [10,12,110]. As
representative of this general class of CS reconstructvergonsider the split augmented
Lagrangian shrinkage algorithm (SALSA) of [1]. SALSA is d&her flexible solution to the
CS reconstruction problem—when applied to CS, SALSA retcants from a full-image
SRM-based measurement by enforcing eithesparsity in some transform domain (we
use a DWT) or a minimum TV norm. We have found that DWT-based S works
better than its TV-based counterpart for the CS reconstruaf still images; addition-
ally, we have found that the original SALSA implementatidrild outperforms the later
constrained variant of [2].

In the experimental results to follow, we compare sever#hefalgorithms mentioned
here to the BCS-SPL, MS-BCS-SPL, and TV algorithms disaipseviously. Throughout

our evaluations, we largely concern ourselves with alporg that have implementations
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readily available. Additionally, we restrict our attentito only those implementations that
can handle images of a relatively large size (52 x 512). This constraint effectively
rules out algorithms which cannot accommodate SRM-basesgunement operators (e.g.,
Bayesian compressive sensing [5, 69] and TSW-CS [58, 58j, ddovhich directly access
rows/columns of the measurement matrix) or which requirexaessively long time to
reconstruct a single image (e.g., MARX [111]). By “exces$wlong,” we mean more
than several hours on a modern computer—given that we wilibsequently considering
reconstruction of multiple frames for video, it is impevatithat realistic reconstructions

for video be based on still-image reconstructions that igrafecantly more expeditious.

2.8 Comparison of Various CS Techniques for mages

We now evaluate the performance of various algorithms desgrabove on several
gray-scale images of siZzd2 x 512. We compare the original BCS-SPL (Section 2.5.1
and [82]) with spatial-domain BCS, MS-BCS-SPL (Section2#&nd [48]) with wavelet-
domain BCS, TV reconstruction [17], MS-GPSR [90], and SALBA Both MS-BCS-
SPL and BCS-SPL use a DDWT [73] as the sparsity transtgrmith bivariate shrinkage
[26] applied within the DDWT domain to enforce sparsity asa#ed in [82]. MS-BCS-
SPL uses a 3-level DWT with the popular 9/7 biorthogonal wetgd3] as the measurement-
domain transforn§2. At decomposition levdlof 2, blocks of sizeB3; x B; are individually
measured in the DWT domain using the scrambled block-DCT $RMsurement oper-
ator of [35]; we use blocks of sizes, = 16, 32, and64 for decomposition levels = 1,

2, and3, respectively [ = 3 is the highest-resolution level). On the other hand, BC&-SP

45



usesB x B block-based measurement applied directly on the imagesiantbient do-
main; here,B = 32. TV and SALSA use the scrambled block-Hadamard SRM of [51]
to provide a fast whole-image, spatial-domain CS measungradditionally, SALSA em-
ploys a 9/7 biorthogonal DWT as a sparsity transform. FinMIS-GPSR is implemented
similarly to MS-BCS-SPL—GPSR reconstruction is appliedependently to each DWT
level using the sam@ as MS-BCS-SPL; subrates in the individual levels follow[&h?2
with measurement using a scrambled block-DCT SRM appligtidcentire DWT level.
We use our implementati8mf BCS-SPL and MS-BCS-SPI;-mAGic?® for TV, and the
GPSR? and SALSA! implementations from their respective authors. We note tthe
results presented here were previously reported in [49].

The reconstruction performance of the various algorithnen consideration is pre-
sented in Table 2.3. In most cases, the wavelet-domain mezasat and MS reconstruc-
tion of MS-BCS-SPL provides a substantial gain in recortsiton quality over the spatial-
domain measurement of BCS-SPL, generally on the order afta3teB increase in PSNR.
Additionally, MS-BCS-SPL outperforms TV reconstructionmost instances despite the
fact that TV has the advantage of full-image measuremeagamns of MS-BCS-SPL over
TV are particularly significant at the lowest subrates. MSSBSPL also generally outper-
forms MS-GPSR even though the latter globally measures escution level. The pri-
mary exception is the “Barbara” image—although MS-BCS-SRtperforms TV at the

lowest subrates, MS-GPSR is slightly better. However, TYhohates the performance

8http://www.ece.msstate.edu/ ~fowler/BCSSPL/
http://www.|1-magic.org

Lnttp://www.Ix.it.pt/ ~mtf/GPSR/
Uhttp://cascais.Ix.it.pt/ ~mafonso/salsa.html
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Table 2.3

Reconstruction PSNR in dB; images afe x 512.

Subrate
Algorithm 0.1 0.2 0.3 0.4 0.5
Lenna
MS-BCS-SPL  31.6 34.7 36.7 37.9 39.0
BCS-SPL 28.0 31.6 33.7 354 36.9
TV 29.9 32.9 35.0 36.8 38.4
MS-GPSR 30.3 33.6 35.2 36.3 37.8
SALSA 23.9 28.5 31.6 34.0 36.0
Barbara
MS-BCS-SPL 23.8 25.1 26.1 27.4 28.8
BCS-SPL 22.4 23.8 25.4 27.0 28.7
TV 23.0 245 26.3 28.4 30.8
MS-GPSR 24.0 25.3 26.1 275 29.6
SALSA 19.7 22.7 25.1 27.7 30.4
Peppers
MS-BCS-SPL  31.1 34.2 35.7 36.8 37.7
BCS-SPL 29.0 32.1 33.8 35.2 36.4
TV 30.4 33.1 34.7 35.9 37.0
MS-GPSR 29.3 31.9 33.1 34.2 35.8
SALSA 23.3 28.2 31.2 33.3 35.0
Mandrill
MS-BCS-SPL 21.4 230 24.6 255 26.5
BCS-SPL 20.5 21.8 22.9 23.9 25.1
TV 20.5 22.0 23.4 249 265
MS-GPSR 21.5 22.9 24.3 25.1 26.3
SALSA 16.6 19.6 21.1 225 24.2
Goldhill
MS-BCS-SPL  29.0 311 32.8 33.7 34.7
BCS-SPL 27.1 29.1 30.5 31.8 33.1
TV 275 29.9 31.6 33.2 3438
MS-GPSR 28.5 30.4 32.2 33.0 34.1
SALSA 22.9 26.0 28.2 30.2 32.0
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Table 2.4

Reconstruction time for thgl2 x 512 “Lenna” image at subrate of 0.3.

Algorithm Time (sec.)
BCS-SPL 30
MS-BCS-SPL 46
SALSA 111

MS-GPSR 1,173
TV 6,584

comparison for “Barbara” at the higher subrates. Figured2ficts typical reconstruction
results for the “Lenna” image using a subrate= 0.1; these figures show only a detailed
portion from the center of the image.

As can be seen in Table 2.4, in terms of execution times, stnastion with MS-BCS-
SPL is only slightly slower than BCS-SPL, each running foowbhalf a minute on a
dual-core 2.8-GHz machine. On the other hand, SALSA is sdmewslower, while the
execution times of both MS-GPSR and TV are some two ordersaginitude longer, with
TV requiring nearly two hours to reconstruct a single imagsyite the use of a fast SRM

measurement operator.
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"

(€) SALSA, 23.9dB

Figure 2.6

Reconstructions of thgl2 x 512 “Lenna” image (shown in detail) for a subrate of
S =0.1.
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2.9 Remarks

In applying the CS paradigm to still images, two primary tvages must be ad-
dressed. First, the CS reconstruction should be specyfitailbred to the fact that the
underlying signal is an image, and, second, the measuraandneconstruction processes
must accommodate the large-sized signals that accompaliidimensional data with-
out imposing large computational or memory burdens. Abasehave discussed several
solutions for the first issue, including the imposition of@thness, directional sparsity
transforms, as well as CS measurement in the wavelet doriaimthe second issue, we
have considered the use of both SRMs as well as block-basasumsnent operators in
both the measurement and reconstruction processes.

Overall, the MS-BCS-SPL algorithm (Section 2.6.2 and [48fectively addresses
both issues—MS-BCS-SPL retains the fast execution spesxtiased with block-based
measurement while rivaling the quality of CS reconstruicuch as TV that employ
full-image measurement. However, there exist practicgdlementation issues for any CS
technique employing wavelet-domain measurement, inctuthe MS-BCS-SPL and MS-
GPSR [90] approaches considered here as well as other proh@$ reconstructions such
as TSW-CS [58, 59].

Specifically, the general advantages of BCS are a reduce@uational complexity
in reconstruction as well as a greatly simplified measurg¢roparator implementation in
both the reconstruction as well as sensing processes. Asgalé BCS in the wavelet do-
main like that used in MS-BCS-SPL retains these advantagesdonstruction; however,

the decomposition of the measurement proce®s as®’(2 entails that the transforft (a
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dense matrix) wrecks the block-diagonal structur@bf As a consequence, the resulting
® becomes dense and thus a challenge to implement within arG#igalevice. As a con-
sequence, wavelet-domain measurement defeats the cdropw@ad memory advantages
of BCS in the sensing device, although these advantagesiltée €xploited on the recon-
struction side of the system. Furthermore, wavelet-dommaasurement with most popular
wavelets will require the measurement mau@ixo be real-valued even if the underlying
®’ is binary or Rademacher, thereby requiring duty cycling sirayle-pixel camera and
further complicating the acquisition process. Howevas itmplementation challenge can
be solved using different sensing device in the single piashera. Instead of using the
original DMD which only reflects two different directiond)e use of a different type of
DMD which can produce 1024 (10 bit) grayscale values [60pésthe wavelet domain
sensing because Haar wavelet and a pseudorandom Rademdcherasurement basis
can be implemented in the form of (2.15) [4].

In next chapter, we turn our attention from the reconstamctif a single stillimage and
toward applications dealing with multiple images, hameigieo sequences. In this appli-
cation, we will find ourselves reconstructing a set of midtimages, a task that we could,
of course, accomplish by reconstructing each image indbgrety. However, we shall see
that significant performance gains can be obtained throegbnstructing the multiple im-
ages while capitalizing on any correlation that exists sgtbe image set. In any event, we
will require a very fast still-image recovery as the founoiaif CS reconstruction for this
more complicated, multiple-image data in the remaindehisfwork, since the still-image

reconstruction will be employed numerous times. Due toxteedingly fast computa-
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tion, we therefore employ BCS-SPL as the still-image rettaction engine upon which

mechanisms for the exploitation of cross-image corretadice built.
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CHAPTER 3

BLOCK-BASED COMPRESSED SENSING FOR VIDEO

In much of the literature in the area of compressed sensii®), (tbe primary goal
has largely been the blind reconstruction of CS-acquirgdads. That is, for the most
part, many CS reconstruction strategies are obliviouseéosthucture of the signal being
recovered beyond a general assumption of sparsity in scemeftrm basis. Recently,
however, several reconstruction approaches have focussitLations in which additional
information about the signal content is available to aichalgeconstruction; sometimes
this additional information is called “side informationOf specific interest here is the
situation in which one or more predictions of the signal todmovered are available to the
CS reconstruction process. Video sequences are one for@tafird particular in which
predictions are commonly used in various forms of procgssBpecifically, it is typical
in video processing that one or more reference frames ai tosmake predictions of
some current frame such that the resulting residual frareedfematically lowered signal
energy leading to more efficient representation and prougs3$ his paradigm is, in fact,
fundamental to the traditional source coding of video an@ssential part of all modern
video standards such as MPEG [61, 62] and H.264/AVC [64].

We now consider the CS reconstruction of video sequencesichwrame-to-frame

predictions are used to aid the CS-reconstruction proc&ssa primary contribution of
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this dissertation, we investigate CS reconstruction orptieeliction residual which is, in
most cases, significantly moeempressiblein the sense of (2.4), than the original frame;
such prediction thus results in a higher-quality CS reqoictibn. Key to this prediction-
driven residual reconstruction is the use of motion estiongME) and motion compensa-
tion (MC) such that the frame-to-frame predictions compém$or object motion between
frames. Such use of ME/MC derives from traditional videaliog algorithms which make
extensive use of sophisticated MC strategies. We note lileatvork that is presented in

this chapter was previously published as [49, 83].

3.1 Block-Based Acquisition of Video

The straightforward implementation of CS on video wouldine, as for images, the
vectorization of a 3D group of frames into a single 1D vectdowever, the computation
and memory issues associated with this vectorization agpréor 2D images are exacer-
bated with the even greater dimensionality present in vidkga. Additionally, a global
sampling simultaneously across the spatial and tempotahewf a group of frames is
likely to be impractical [40]; this is due to the fact that a @&vice must access the entirety
of a video signal in both time and space in order to calculae¢quisite random projec-
tions for CS. Consequently, we focus on the situation in Wwhideo frames are acquired
independently in a 2D fashion, e.g., by applying a suitatlege acquisition (e.g., single-
pixel camera) in a frame-by-frame fashion as in [106, 10jaif\, to cut computation and

memory, we focus on a block-based image measurement afyaiad by frame.
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3.2 Straightforward CS Reconstruction for Video

We now consider several strategies for the CS reconstrucfigideo frames acquired
the frame-by-frame strategy described above. These iaddoth intraframe and 3D ver-
sions of BCS-SPL.

Given a frame-by-frame acquisition, the most straightimdweconstruction would be
to reconstruct the individual frames independently ushng BCS-SPL procedure intro-
duced previously. However, such an intraframe BCS-SPLn&icoction ignores the fact
that consecutive video frames are usually highly corrdladonetheless, intraframe BCS-
SPL serves as a baseline against which to compare otheriqaelsrthat do attempt to
exploit such temporal correlation.

Another straightforward method of CS reconstruction fated that does make an ef-
fort to exploit temporal correlation is to treat the videarfres as a 3D “volume” and
reconstruct the 3D video volume by applying a suitable C8nstruction algorithm using
a 3D transform; this was done, for example, in [106, 107]héitgh such 3D reconstruc-
tion could be applied across a video volume as a whole (a#, fll07]), for computation
and memory issues (which are likely to be substantial gikenricreased dimensionality),
we consider a 3D version of the BCS-SPL algorithm, essépngatending BCS-SPL re-
construction for a single still image into three dimensjongh the video volume being
partitioned into smaller, 3D cubes.

Specifically, let us consider a group 6f consecutive frames from a video sequence
which we call a group of pictures (GOP). Again, for video asdion, the individual video

frames are acquired using a 2D block-based measuremene@b@ime by frame. For
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reconstruction, the GOP is partitioned inBox B x P cubes; i.e., 3D blocks which have
a spatial size oB x B and a temporal size dP. The BCS-SPL reconstruction then uses
a 3D block-based transform operator; e.g., a 3D discretmeasansform (DCT) of size
B x B x P. For thresholding, we employ a variation on (2.27) wherkerhedian operator
is replaced by the mean (i.e:{) = mean(|x*|)/0.6745); we have observed empirically
that this mean-based estimator yields faster convergentteeiLandweber operation for
video. We refer to the resulting technique as 3D-BCS-SPhnsttuction.

It was argued in [107] that, in effect, CS reconstructiomgsa 3D transform—such
as the 3D-BCS-SPL discussed here—attempts to exploit #meefito-frame correlation
that exists within a video GOP through the joint sparsityt tiecurs in the 3D transform.
This is in contrast to intraframe BCS-SPL reconstructionclvhmakes no attempt at all
to exploit frame-to-frame correlation. However, neithétrese two approaches takes full
advantage of the temporal correlation that exists in thewisequence due to the frame-
to-frame motion of objects. For this, some form of ME/MC mibstincorporated into the

reconstruction; we consider such ME/MC-based reconstruciext.

3.3 TheMotion-Compensated BCS-SPL Algorithm

In video coding, knowledge of object motion is used to makerinrame predictions
which are, in turn, used to drive an efficient coding of prédit residuals. As a result,
ME/MC is a widely used and crucial component to traditiondeo-coding systems. We
now incorporate this ME/MC framework into the reconstrantprocess of BCS-SPL. This

implies that ME/MC resides at the reconstruction, or “demgdside of a BCS-SPL sys-
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tem for video, rather than at the sensing, or “encoder,” sglés the case in traditional
video coding. As a primary contribution of this dissertatizve propose an extension of
BCS-SPL for video that uses the same simple measurementsagsed for 2D images

previously—block-based random CS measurements are ddpdime by frame. The re-

sulting motion-compensated version of BCS-SPL, or motiompensated BCS-SPL (MC
BCS-SPL), consists of several main components: resideahsgruction, in which BCS-
SPL is applied to an MC residual; multihypothesis initiation, in which intraframe BCS-
SPL is used to initialize the MC-BCS-SPL reconstructiord &rward/backward MC, in
which multiple reconstruction passes are performed inipialtlirections across the GOP.
These components are explored below. We note that we psdyimiroduced in MC-

BCS-SPL in [49, 83].

3.3.1 Residual Reconstruction

Suppose we have two consecutive frames, the current fragnand the reference
frame,xs. We assume that the reference frame has been previouslysteected, while
we have only random measurementsof the current frame, using block-based measure-
ment. As a first step, we could reconstruct an approximatono current imagex by
simply applying the BCS-SPL image reconstructionytéwe consider a more sophisti-
cated estimate of later). However, such intraframe reconstruction does apitalize on
our knowledge of reference framg. Yet, at this point, we have approximations to the
current frame as well as to the reference frame—we can peffoE on these two frames

to estimate a motion field describing motion of objects betw#he two frames. Such ME
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could be performed in a variety of ways; for simplicity we sater full-search, block-
based ME as is commonly used in video coding. Consequehéyapproximation to the
current frameg, is partitioned into blocks whose motion from the refereftaene is indi-
cated by a field of motion vectors. This permits the productba motion-compensated
frame,x,, that forms a prediction at and thus also the still-unknown true current frame
x. Using this prediction, we can form a “projection-domaiesidual by simply applying
the known block-based random measurement operator to thermmmmpensated frame;
i.e., for each block:

Y, =Y — (I)Bf(mcj- (3.1)

It is clear thaty,, is the random projection of the residual,,, between our motion-

compensated predicticty,, and the original and still-unknown blook;; i.e.,
Yo, =Y — ‘I)B&mcj =Py (Xj - )A(mcj) = ‘I)erj- (3.2)

If the MC process is accurate, the residual fraxpeshould be more compressible—
in the sense of (2.4)—than the original imagie This is demonstrated empirically for a
video sequence in Figure 3.1 wherein it is seen that, ineafs to (2.4), the transform-
coefficient magnitudes decay more quickly for the residtehkex, than for the original
framex. In such a case, CS reconstruction will thereby be more tafeat recovering
the residualx, from y, than it is at recovering from y. Let x, be such a BCS-SPL

reconstruction frony,; consequently, we can form a new approximatios s
5\( = )/\(mc + )A(r. (3.3)
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Figure 3.1
Decay of the magnitudes of the transform coefficients fan&d of the “Foreman” video

sequence as compared to that of the motion-compensatddatbetween frames 1 and
0. The transform is a 4-level biorthogonal 9/7 DWT.
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function x = MC-BCS-SPL(y, ®5, ¥, Xref)
x = Initialize(y, ® g, ¥, Xef)
1=10
while i < MAX _ITERATION
Xme = MotionCompensation (X, Xref)
for each block j
¥Yme; = ‘I)B)A(mcj
Yr=Y = ¥mc
x; = BCS-SPL(y;, @5, ¥)
X = Xme + Xr
1=14+1
end while

Figure 3.2

MC-BCS-SPL reconstruction of the current frame from a mrgference frame.

We now have a new approximation to the current frame that lsetter quality than
the initial approximation that we created from a direct B&BL reconstruction frony.
Consequently, we will be able to produce a more accurateomotector field from ME
applied to this newk andxs, and further enhancement can be expected by iteratively
repeating the above process. The resulting MC-BCS-SPLritligo is summarized in
Figure 3.2, wher&CS-SPL(+) is the BCS-SPL recovery from Figure 2.2, dmétialize(-)

is described in Figure 3.3.
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3.3.2 MultihypothesisInitialization

We now return to the issue of producing an initial estimateof the current frame.
Let us assume two frames again, reference fratng, and random measurement, of
the current framex. As mentioned above, one possible way to obtain an initiakgdor
the current frame is to apply BCS-SPL; let this estimatexheAn alternative approach
would be a residual reconstruction of the frame-to-franieince with the motion field
setto zero. The former approximation might be suitable fyrsamic sequence with high-
motion content. On the other hand, some natural video segsere relatively stationary,
such as newscasts and surveillance video whose motiornrsectomostly zero or close to
zero; in these cases, a residual reconstruction with a zetmmfield might be more ap-
propriate as an initial reconstruction. In this zero-motaase, the residual reconstruction
(3.1) can be rewritten as

Y, =Y — ®PpXer;, (3.4)
leading to an alternate estimate, of the current frame.

Both of these approaches—BCS-SPL reconstruction as wek@smotion residual
reconstruction—provide a guess for the current frame, bither is likely to be exactly
correct, and each might be somewhat different than the wuemt frame. As a conse-
guence, as the final initial frame, we average these two appations as the initial guess
for the MC-BCS-SPL reconstruction. This process, whichapicted algorithmically in
Figure 3.3, is similar to multihypothesis MC (e.g., [53,08] traditional video coding,
so we refer to it as multihypothesis initialization. We haleserved empirically over a

variety of video sequences that this multihypothesisah#ation outperforms either of the
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function  x = Initialize(y, ® 5, ¥, Xef)
%' = BCS-SPL(y, &5, ¥)
for each block j
Y, =Y — PpXref,
x" = BCS-SPL(yr, @, ¥) + Xre

%= L% + %]

Figure 3.3

Multihypothesis initialization in MC-BCS-SPL reconsttion.

single hypotheses’ or x”, used alone. Sample results are illustrated in Figure 3e4. R
sults are for frame 1 of the “Coastguard” sequence with frAmgthe reference frame;
the reference frame is reconstructed independently us@fg-BPL with a subrate of 0.7.
Performance is shown for MC-BCS-SPL reconstruction of tireant frame using the des-
ignated initialization (see Figure 3.3) for the currentiii intraframe initializationx’),
zero-motion residual initializatiork('), or multihypothesis initializationk’ + x”] /2).
Accorgding to the emperical results, in the absence of Bggmt motion, multihypoth-
esis initialization permits the initial reconstructionaxploit the reference frame in the case
that it has higher quality than the intraframe reconstaictf the current frame (which is,

in fact, likely, due to the forward-backward reconstrustpyocess which we discuss next).

3.3.3 Forward/Backward Motion Compensation

Thus far, we have considered the reconstruction of two cuise frames of a video

sequence. We now turn our attention to the more realistiblpro of applying MC-BCS-
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Figure 3.4

Various strategies for the initial estimate of the curreanhfe in MC-BCS-SPL.
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SPL to multiple frames. Specifically, let us consider a GOP obnsecutive frames from a
video sequence, consisting of one “key frame” (the first afollowed byP —1 “non-key
frames.”

In the MC-BCS-SPL setting, we have block-based random nmeasnts of each of
the frames of the GOP; i.ey,, = ®,x, for 0 < p < P — 1, wherep is the frame number.
®, is the random block-based measurement operator for franvee assume that this
measurement operator has subrat®,pf= ), /N in that it reduces théV-dimensionalk,
image signal to an/,-dimensional measurement sigigal We will focus our attention on
two cases: 1) all frames are acquired with the same subrnade?)ethe key framex, is
acquired at a relatively high subrate, while all the non-kaynes are at an identical lower
subrate.

Direct, intraframe BCS-SPL reconstruction frgm producesk,, a reconstruction of
the key frame which is then used as the reference frame fovi@dB8CS-SPL reconstruc-
tion of the second frame of the GOP. This MC-BCS-SPL procesdytesx; from y;
andxg; x; is then in turn used as the reference frame in MC-BCS-SPLnstnaction of
X, from y,. This process continues through in this manner to recoctstine remaining
frames of the GOP.

We note, however, that, since each frame is used as a re¢ei@ma subsequent frame,
we have observed a successively lower reconstructiontyw@iwe progress through the
non-key frames. That is, we have observed reconstructiafitguo deteriorate with in-
creasing frame number such that the quality at»_1, the reconstructed last frame of the

GOP, will be much less than that &§, the first frame of the GOP. In [83], it is proposed
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to combat this quality deterioration by performing anotiteration of MC-BCS-SPL re-
construction on the GOP, but this time running in the revéeseporal direction, from
frame P — 1 to frame0.

Specifically, we assume that their exists another GOP fatigithe current GOP, with
xp being the first frame of that GOP (here, we abuse our notatiandexing this frame
from the next GOP relative to the current GOP). Direct BC&-8&Ronstruction frony p
will produce a reconstructioRp; this reconstruction can be used as the reference frame
for the MC-BCS-SPL reconstruction gf-_; to producexp_;. We could continue MC-
BCS-SPL reconstruction in this reverse temporal direatiotil we reached the start of the
current GOP.

Running MC-BCS-SPL reconstruction on the current GOP irhtibe forward and
backward temporal directions would yield two reconstmasi for each non-key frame of
the GOP. Our experimental observations have revealed tRaBRIS-SPL in the forward
temporal direction yields the higher-quality reconstiaetfor the first half of the GOP,
while MC-BCS-SPL in the backward temporal direction yielas better quality for the last
half of the GOP. Assume that the GOP consists of an even nushframes. Thus, in [83],
itis proposed to use forward MC-BCS-SPL to reconstruct &ssy for 1 < p < g—l, the
first half of the non-key frames, and backward MC-BCS-SPar{stg from the key frame
of the next GOP) to reconstruct framegsfor £ +1 < p < P—1. To reconstruct the center
frame,xp/,, we slightly modify the MC-BCS-SPL procedure of Figure 3drtcorporate
bidirectional MC prediction. Specifically, MC-BCS-SPL riéges first usingkp/,—1 (the

forward reference frame) as the reference frame foMh&onCompensation(-) operator,
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and then iterates using-/»,; (the backward reference frame). This process is repeated fo
an additional set of both forward and backward iterationget the final reconstruction of
the center frame. Figure 3.5 illustrates this forward/aki MC-BCS-SPL reconstruc-
tion process, where black frames are direct (intraframe$EPL reconstruction of key
frames, and white frames are forward/ backward MC-BCS-&Rbmstruction of non-key
frames (forward MC-BCS-SPL for frames 1-3, backward MC-B&F._ for frames 5-7),
and gray frame is bidirectional MC-BCS-SPL reconstrucbboenter non-key frame.
Because center framie/, is recovered using both forward and backward reconstruc-
tion, it turns out to usually have a relatively high recounstion quality. As a second and
final stage of reconstruction, we update the frames betweecenter framex(y/,) and the
key frames %, andxp) by performing the same bidirectional reconstruction as used
on the center frame. A complete description of the two phake=sconstruction is given in
Table 3.1. In this table, Phase 1 is forward/backward reicoctson from Figure 3.5, while
Phase 2 is “enhancement” reconstruction from the centerditaward the two key frames

in reverse direction.
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MC-BCS-SPL reconstruction applied to a GOP of size- 8 frames.
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Table 3.1

Two-phase multiframe reconstruction for a GOP of dize- 8.

Current frame Reference frame

Phase 1

Ggo~NNPFE O

3,5

FEN

1,3
Phase 2

N
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*bidirectional reconstruction

3.4 Experimental Observations

We now examine the performance of MC-BCS-SPL reconstracgative to its sim-
ple intraframe and 3D volumetric variants to demonstrad significant gain results from
the explicit exploitation of motion information within tHeS reconstruction of video. We
use the common video sequences “Coastguard” (296 framiésptiiall” (120 frames),
“Foreman” (296 frames), “Hall Monitor” (88 frames), “Mokil (296 frames), “Mother
and Daughter” (296 frames), “Stefan” (296 frames), and ISug'2 frames). These se-
guences have grayscale CIF frames of size x 240 or 352 x 288. All of the video
sequences are subject to block-based random projectidie@p@ame by frame; i.e., by

partitioning each framginto B x B blocks and applying to each block an orthonormalized
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dense Gaussian measurement matrix of 3izg x B? such that the subrate for frarpés
S, = Mp,/B?. Unless otherwise stated, we use a block siz8 ef 16 and a GOP size of
P = 8 frames.

MC-BCS-SPL employs BCS-SPL for reconstruction of indivatiMC residual frames
as well as in the multihypothesis initialization of Figur& 3For this BCS-SPL reconstruc-
tion, we use a 2D DCT as the transform operator and hard tbidisky, for simplicity. For
the ME/MC process in MC-BCS-SPL, we use full-search ME witlaiger-pixel accuracy
and a search window af 15 pixels. MAX_ITERATIONS in Figure 3.2 is set to 5.

We compare MC-BCS-SPL to the intraframe-BCS-SPL and 3D-BE§ alternatives.
The most straightforward reconstruction is intraframe B&EFR. (we use a block-based
B x B 2D DCT as the transform basis). Additionally, we considerBOS-SPL with the
3D transform operator being/a x B x P 3D DCT. Additionally, we note that 3D-BCS-
SPL uses a GOP size &f = 4 frames which we have observed empirically to yield results
superior to a GOP size df = 8.

As a primary measure of reconstruction quality, we caleuthe peak signal-to-noise
ratio (PSNR) averaged over all the frames under consideratior MC-BCS-SPL, various
subrates are employed for the key frames as well as the nofrékaes; thus, we have two
subrates in use: the key-frame subrate)( and the non-key-frame subrate). First, we
consider the case wherein all frames have the same subeat8yi= Syk. Alternatively,
we also consider the case wherein the key frames have amgsttsubrate with respect to
the non-key frames, i.eSx > Snk. A summary of the results from both cases is presented

in Tables 3.2.
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Table 3.2

Average PSNR in dB for several video sequenégs= 0.7, 88 frames

SNK
Algorithm 0.1 0.2 0.3 0.4 0.5
Coastguard
MC-BCS-SPL 6k > Snk) 24.2 27.1 29.6 32.2 34.7
MC-BCS-SPL Sk = Snk) 23.1 25.8 28.3 30.9 33.6
3D-BCS-SPL 22.8 24.8 26.4 27.9 29.6
Intraframe MS-BCS-SPL 22.7 24.7 26.4 28.0 29.6
Football
MC-BCS-SPL 6k > Snk) 20.7 23.4 259 28.1 30.1
MC-BCS-SPL Sk = Snk) 20.9 234 255 27.4 29.4
3D-BCS-SPL 20.8 22.7 24.4 25.9 27.5
Intraframe MS-BCS-SPL 20.7 22.4 24.1 25.7 27.3
Foreman
MC-BCS-SPL 6k > Snk) 28.0 32.3 35.0 374 39.8
MC-BCS-SPL Sk = Snk) 27.6 31.0 335 35.8 38.0
3D-BCS-SPL 26.5 29.2 31.4 33.3 35.1
Intraframe MS-BCS-SPL 26.0 28.8 31.2 33.2 35.1
Hall Monitor
MC-BCS-SPL 6k > Snk) 26.4 30.8 33.2 35.5 38.1
MC-BCS-SPL Sk = Snk) 22.8 25.3 27.4 29.4 31.3
3D-BCS-SPL 22.8 25.2 27.3 29.1 31.0
Intraframe MS-BCS-SPL 22.6 24.8 26.9 28.8 30.7
Mother and Daughter
MC-BCS-SPL 6k > Snk) 33.9 38.3 40.7 42.8 45.0
MC-BCS-SPL Sk = Snk) 30.7 34.0 36.6 38.9 41.0
3D-BCS-SPL 30.4 33.3 35.6 375 39.3
Intraframe MS-BCS-SPL 30.1 33.1 35.6 375 39.3
Susie

MC-BCS-SPL 6k > Snk) 30.6 34.8 37.3 39.5 415
MC-BCS-SPL Sk = Snk) 312 34.4 36.8 38.8 40.8
3D-BCS-SPL 30.4 32.9 34.8 36.4 38.0
Intraframe MS-BCS-SPL 30.0 32.8 34.9 36.5 38.0
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34.1 MC-BCS-SPL with Equal Subrate

The simplest situation is when all frames of a GOP, includimg key frame, have
an identical subrate. In this case, the average subrateggaefisS = Sk = Syk. The
PSNR performance of MC-BCS-SPL is measured at various tsamd compared with
intraframe BCS-SPL and 3D-BCS-SPL in Figures 3.6 and 3.thdee graphs, we see that
3D-BCS-SPL yields similar or slightly superior performanas compared to intraframe
BCS-SPL,; this is as expected because the 3D reconstrucipoits what frame-to-frame
correlation exists in the sequence. However, the advansaget very large in most in-
stances, so it would appear insufficient to reconstructdsiseply on frame-to-frame cor-
relation.

On the other hand, ME/MC in MC-BCS-SPL can largely track objmotion and,
hence, can increase compressibility in the sense of (2.theimesulting residual to yield
higher-quality reconstruction. It is notable that MC-BSBL achieves a 3-5dB gain at
the higher subrates for some sequences (“Coastguard gfikam,” “Mobile,” “Stefan”), as

can be observed in Table 3.2.

34.2 MC-BCS-SPL with Key Framesof Increased Subrate

Since the key frames constitute only a small number of tred fatmes in a sequence,
and they serve somewhat as “anchors” to the forward/backi&r process of reconstruc-
tion in a GOP, it is reasonable to consider the situation iicivkey frames are given a
higher subrate than the non-key frames such that they anastacted with high quality.

Thus, we perform a battery of experiments which measure 8RPwhen the subrate
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Figure 3.6

Performance of MC-BCS-SPL on the “Susie” sequence for esjualate Sy = Snk.
PSNR is averaged over all frames of the sequence.
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Figure 3.7

Performance of MC-BCS-SPL on the “Football” sequence faratgubrateSk = Syk.
PSNR is averaged over all frames of the sequence.
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for key frames is increased beyond that of the non-key franheshis situation, we set
a target average subrate per frame taSbewe will have S range from 0.1 to 0.5 in the
experiments. We then set the key-frame subrate to be incrathehigher thars; i.e., we
use

Sk =5 + 0.4, (3.5)

which we have found works well in practice. Then, the coroesjing non-key subrate

needed to produce the desired tar§jes
Sk = ———, (3.6)

whereP is the GOP size.

Figures 3.8 and 3.9 depict the performance of MC-BCS-SPh initreasedy, where
“MC-BCS-SPL (unequal)” refers to MC-BCS-SPL wifly > Snk; “MC-BCS-SPL (equal)”
refers to MC-BCS-SPL witl$x = Snk. In these graphs, MC-BCS-SPL with increasgd
is compared to MC-BCS-SPL withk = Sk, i.e., the “equal subrate” paradigm as well
as to 3D-BCS-SPL (intraframe BCS-SPL is omitted due to simplerformance to 3D-
BCS-SPL). As expected, the higher-quality reconstructibthe key frames results in a
significant performance improvement for MC-BCS-SPL. Inticatar, remarkable gains
are exhibited for the “Hall Monitor” and “Mother and Daugtitsequences which did not
show a large gain over intraframe BCS-SPL in the previousakgubrate experiments.

Additionally, visual quality of the intraframe BCS-SPL amM{-BCS-SPL recoveries
of the “Football” and “Susie” sequences are compared intféig3.10 and 3.11 for the cen-

ter frame ) = 4) of the first GOP. As can be seen, MC-BCS-SPL works espedaialiyon
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static parts in the image due to ME/MC successfully redutiegesidual energy between
consecutive frames in such static regions. For more dynaegaences, although MC-
BCS-SPL still results in some degree of “mosquito noise” avimg objects, it provides

visual quality significantly superior to that of intrafraBBES-SPL.
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Figure 3.8

Performance of MC-BCS-SPL on the “Mother and Daughter” sege for unequal
subrate; PSNR is averaged over all frames of the sequence.
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Figure 3.9

Performance of MC-BCS-SPL on the “Hall Monitor” sequencetlfoequal subrate;
PSNR is averaged over all frames of the sequence.
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(b)

Figure 3.10
Reconstructed center frame for “Football.” (a) IntrafraB@S-SPL withS = 0.3,

24.02 dB; (b) MC-BCS-SPL with unequal subrate a&he- 0.3 (Sx = 0.7, and
Snk = 0.24).
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(b)

Figure 3.11

Reconstructed center frame for “Susie.” (a) Intraframe P& with.S = 0.3, 32.48 dB;
(b) MC-BCS-SPL with unequal subrate afd= 0.3 (Sx = 0.7, andSyk = 0.24).
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3.5 Comparison of Various CS Techniques for Video

We now present a comprehensive comparison between sev@naobnstruction al-
gorithms for video. We use the first 88 frames of the “Forefn&boastguard,” “Hall
Monitor,” and “Mother and Daughter” sequences. In all cases use a GOP size of
P = 8 frames with key frames starting each GOP having a subratg ef 0.7. The inter-
vening non-key frames have subra&ig varying between 0.1 and 0.5. It should be noted
that, unlike in the presented in Section 3.4.2, fixed subriekey frames and non-key
frames are used for simplicity while maintaining the samgeeixnental conditions for all
approaches.

We compare MC-BCS-SPL to other techniques. Being blockdhaske-BCS-SPL
features block-based measurement in the spatial domaliedpgentically to each video
frame; the block size i$6 x 16. An orthonormalized dense Gaussian measurement matrix
is used for measurement, and a dual-tree discrete wavatesform (DDWT) [73] is used
as the sparsity transform.

We also consider three prominent CS reconstruction alyost Modified-CS-Residual
[104], focal underdetermined system solver in k-t spaceRCUSS) [70, 71], and dis-
tributed compressed video sensing (DISCOS) [33] (see [d@O&fthorough overview of
each). Briefly, k-t FOCUSS applies ME/MC of non-key framesdzhon the neighboring
key frames in an iterative fashion; Modified-CS-Residuatks the sparsity pattern over
time without the use of ME/MC; and, finally, DISCOS perfornmnterative multihypoth-

esis prediction of the current block within a spatial windasing an/; minimization.
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We use the implementations of k-t FOCUSSlodified-CS-Residud) and DISCOS
available from their respective authors. We note that betF®CUSS and Modified-CS-
Residual were originally intended for magnetic resonantaging (MRI) applications; as
such, they are both employ frame-by-frame measuremerdrdby a 2D Fourier transform
applied to each frame with higher subrate devoted to logtfemcy coefficients. Although
there are a number of other reconstruction algorithms fdewiin the literature, none of
these, to our knowledge, have implementations readilylatvai at the time of this writing.
As a consequence, we present results only for those algwiithentified above.

Table 3.3 tabulates the observed results with visual edattthe 4th frame of the
GOP of the “Foreman” and “Mother-and-Daughter” sequendesngin Figure 3.12 and
Figure 3.12, respectively. As can be seen notably in TaBletBe iterative ME/MC-driven
MC-BCS-SPL usually outperforms the other techniques damsd, sometimes by as much
as 2-3 db.

Although none of the implementations have been particulgstimized for execution
speed, we present reconstruction times for the algoritinnisible 3.4. Here, we measure
the typical length of time required to reconstruction orafe out of the sequence. The
results shows MC-BCS-SPL runs about three to four timesdomigan DISCOS or k-

t FOCUSS; however, MC-BCS-SPL is significantly faster thamdified-CS-Residual.

Ihttp://bisp.kaist.ac.kr/research_02.htm
2http://nome.engineering.iastate.edu/ ~luwei/modcs/
SAvailable directly from T. Do.
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Table 3.3

Average PSNR in dB for several video sequenégs= 0.7, 88 frames

SNK
Algorithm 0.1 0.2 0.3 0.4 0.5
Coastguard

MC-BCS-SPL 25.8 28.1 29.8 313 33.0

k-t FOCUSS 24.3 26.2 27.8 29.3 29.2
Modified-CS-Residual 23.7 25.3 26.8 28.3 30.0
DISCOS 26.2 27.4 28.7 29.6 30.7

Football

MC-BCS-SPL 219 24.9 27.0 28.6 30.2

k-t FOCUSS 20.7 22.8 24.8 27.3 27.1
Modified-CS-Residual 20.8 22.8 24.3 26 27.6
DISCOS 21.5 22.9 24.1 25.4 26.4

Foreman
MC-BCS-SPL 31.2 34.1 36.2 38.1 39.7
k-t FOCUSS 27.2 29.4 324 34.1 33.9
Modified-CS-Residual 25.7 27.4 29.0 30.6 32.3
DISCOS 314 32.7 33.9 34.9 35.6
Hall Monitor

MC-BCS-SPL 31.8 34.8 35.8 36.4 36.9

k-t FOCUSS 329 34.3 35.7 36.6 36.6
Modified-CS-Residual 26.4 27.6 28.9 30.2 31.7
DISCOS 32.4 33.6 34.7 35.8 36.4

Mother and Daughter

MC-BCS-SPL 38.3 40.5 417 42.6 434

k-t FOCUSS 36.1 375 39.1 40.3 40.2
Modified-CS-Residual 30.0 31.4 32.8 34.3 35.9
DISCOS 36.7 37.8 39.0 39.9 40.6

Susie

MC-BCS-SPL 33.2 36.8 38.8 40.3 41.6

k-t FOCUSS 31.0 33.9 35.4 37.6 37.9
Modified-CS-Residual 29.1 31.1 32.8 34.6 36.3
DISCOS 33.8 35.1 36.1 37.2 27.8
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SIEMENS

(c) DISCOS, 34.0dB

STEMENS

(b) Modified-CS-Residual, 29.6 dB

=

(d) MC-BCS-SPL, 36.7dB

Figure 3.12

Reconstructions of frame 4 of the “Foreman” sequenceifor 0.7 and Sy = 0.3.
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(a) k-t FOCUSS, 39.34 dB

-

(b) Modified-CS-Residual, 32.9 dB

.-" 5 AT s

Pl VR e i X ~1
(c) DISCOS, 39.2dB

~ (d) MC-BCS-SPL, 41.6dB

Figure 3.13

Reconstructions of frame 4 of the “Mother and Daughter” sege forSx = 0.7 and
SNK =0.3.
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Table 3.4

Reconstruction time in seconds per frame (spf)

Algorithm Time (spf)
DISCOS 41

k-t FOCUSS 46
MC-BCS-SPL 159

Modified-CS-Residual 699

3.6 Remarks

Because of its multi-dimensional nature, the size of the @®lpm grows quickly
for video. Furthermore, it is less than clear whether glgb&lacquisition in both time
and spatial can be implemented in practice. As a consequieanes-by-frame acquisition
is typically employed for video, and we followed this stggethroughout this chapter.
Furthermore, capitalizing upon the BCS-SPL architectdr€lapter 2 provides fast and
simple yet high-quality image reconstruction as a fourmhator video recovery.

The main contribution of this chapter is the development oh@ion-compensated
version of BCS-SPL for use with the CS reconstruction of @idm this MC-BCS-SPL,
ME/MC predictions were used to create a residual of the freoriee recovered. Such a
residual is typically more compressible—in the sense af){Zthan the original frame,
rendering it more amenable to CS recovery. Furthermore,sinygua higher subrate for
key frames such that they carry more information and thushari the reconstruction
of the remainder of the sequence, we obtained more accutemvectors, resulting in
higher-quality predicted images. As a consequence, ceraite gain was achieved as

compared to using an identical subrate for all frames. Weathstnated that MC-BCS-
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SPL significantly improved distortion performance overraightforward recovery of the
frames independently, a 3D joint reconstruction, and sd\aternative CS reconstruc-
tions for video from prior literature, including DISCOS [B%-t FOCUSS [70, 71], and
Modified-CS-Residual [104].

In the next chapter, we return to the issue of the CS of imampessidering the addition
of quantization to the CS measurement process in order ttupeoa true bitstream from
the CS measurements. We note that, while our focus will bentages exclusively, it
would be possible to extend the methodology to the MC-BCE-88eo reconstruction

that we proposed in this chapter.
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CHAPTER 4

DPCM FOR QUANTIZED BLOCK-BASED COMPRESSED SENSING OF IMAGE

In the field of information theory as established by Shanrtid 93], source coding
can be considered to be “the conversion of arbitrary signédsan efficient digital repre-
sentation” [52]; this digital representation is often edlhbitstream Since, in most cases,
it is desired that the resulting bitstream use as few bitsoasiple, source coding has of-
ten been referred to atata compressianThe performance of such data compression is
measured in terms oflaitrate—i.e., the number of bits contained in the bitstream per-orig
inal source sample. The compression may result in an exatgentation of the original
source, in which case the compressiologslessotherwise, it idossy In the case of lossy
compression, performance is also measured in terms of talygaf the representation
using some fidelity measure, typically called tiistortion Thus, in information theory,
the rate-distortion performance characterizes the cosspe in the form of a tradeoff
between bitrate and distortion.

However, in the context of compressed sensing (CS), we hav&dered thus far only
subrate-distortion performance. This may be considerexitain respects to be unreal-
istic, since the dimensionality reduction obtained by ti# iBeasurement process does
not produce compression in the strict information-theors¢nse; indeed, some form of

guantization is necessary to produce a compressed bitsfrean the CS measurements.
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Although such quantization is inevitable in any real-lifigglementation of a CS measure-
ment scheme, CS literature has largely avoided the topicantgation.

In this chapter, we study the recovery of the quantized CSsarements. We aim to
find a method for quantized CS without placing an undue buoethe sensor device in
order to maintain a reduced sensor complexity, which is émgral premise of CS. To this
end, we once again invoke block-based compressed sensig®) (B

Specifically, we saw in Section 2.5 that the measuremenix@tBCS takes a block-
diagonal form; if the same block measurement matrix is usedvery block, the resulting
measurements possess a high degree of correlation fromktoldbock. In order to exploit
such correlation between the block measurements, we adtgredtial pulse-code mod-
ulation (DPCM) (widely used in analog-to-digital convensiand video coding) as a form
of predictive coding. The proposed algorithm combines DR@M uniform scalar quan-
tization (SQ) to provide a simple and effective block-bagadntized CS of images with
only a small complexity cost to the simple CS sampler. Expental results demonstrate
significant improvement in rate-distortion performance@spared SQ used alone in sev-
eral block-based CS reconstruction algorithms. Additilgneate-distortion performance
superior to that of alternative quantized-CS techniquisng on optimized quantization
or reconstruction is observed. We note that the work thatésgnted in this chapter was

previously published as [84].
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4.1 Background

In this section, some of the techniques for quantized CS uneagnts are considered
and the motivation is explained. Also, DPCM, the algorithsed in the quantized BCS
measurements, in general image coding framework is redi@and the reason why DPCM

works in the BCS framework is explained.

4.1.1 Quantized Compressed Sensing

The straightforward solution to incorporating quantiaatinto the CS paradigm is
simply to apply SQ to each of the CS measurements producdeetsensing device. How-
ever, it has been established that such an SQ-based sokitighly inefficient in terms of
information-theoretic rate-distortion performance aspared to traditional source-coding
techniques (e.g., [54]). As a consequence, there have besrety of efforts in recent lit-
erature aimed at the improvement of rate-distortion peréorce of quantized CS, largely
through an optimization of the quantization process (§4.,96]), the reconstruction pro-
cess (e.g., [16, 65]), or both (e.g., [108, 109]).

In [27] and [96], non-uniform quantization optimized withspect to mean square error
(MSE) demonstrated rate-distortion performance sup#gititat of simple SQ, but finding
an optimal quantizer required an iterative process whighiBcantly increased compu-
tation complexity within the CS encoding procedure. Altgively, the basis pursuit de-
guantizer (BPDQ) of [65] found a sparse solution from scglaantized measurements by
adding particular data-fidelity constraints to enhancemstruction quality. Similarly, in

[16], so-called “1-bit CS” recovered the signal using onggnsinformation of the measure-
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ments, again through addition of a sign-consistency camtrBoth BPDQ and 1-bit CS
work well in the case where the number of measurements dlieienfly large to capture
sparsity in the signali{// K > 10); however, images are sometimes quite complex (i.e., the
K-sparsity is high), so they are not well suited for such retetion. Finally, [108, 109]
used a method called progressive quantization (PQ) tharats measurements into two
different layers (base and refinement) and performs coaiddime quantization, respec-
tively, at the encoder side, with the initial reconstruatimf the base layer being used to
determine some of the least-significant bits of the measeiésnin the refinement layer
under the assumption that measurements from the same ramabmnx have the same
probabilistic distribution. PQ works well with a certairask of images, but, as shown Sec-
tion 4.3.3, the approach does not work well on complex imaggutes (i.e., the Barbara
image).

In this chapter, in contrast to such prior work on quantiz&iv@hich largely relies on
optimized quantization or reconstruction, we proposeaigtiforward process of quanti-
zation via simple uniform SQ applied in conjunction with DR©Gf the CS measurements.
Our framework is applicable only to the CS of images effeigdan blocks, i.e., BCS
[24,48-50, 82]. In essence, at the sensor side of the sysa¢iner than applying quanti-
zation directly to each block of CS measurements, a predicf the block is made and
subtracted from the current block of measurements in thesumement domain. The re-
sulting residual is then scalar-quantized. At the recocion side of the system, the same
prediction is added onto the dequantized residuals to pethe quantized CS measure-

ments ready for BCS-based reconstruction.
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We mention that our proposed DPCM-based approach bearsresemblance to the
sigma-delta quantization for CS in [55] in the sense thahsiglelta modulation also pro-
vides quantization based on differences between CS measaote. Our approach is some-
what simpler conceptually ([55] requires Sobolev framegégonstruction); additionally,
we apply DPCM across blocks rather than sample-by-sampteths sigma-delta modu-
lation of [55]. Another difference is that we study the effen rate-distortion performance

while sigma-delta method concentrates on alleviating tjzation error regardless rate.

4.1.2 DPCM for Natural Images

Generally, images possess spatial redundancies. If tixests éigh correlation be-
tween pixels in an image, or if one pixel is predictable basedeighboring pixels, then
such redundancies can be exploited by predictive codinge i@ethod is DPCM which
transmits pixel differences rather than the pixel valuesitbelves, thereby increasing rate-
distortion efficiency due to the fact that pixel differenees near zero with high probability
and thus require fewer bits to code.

Specifically, consider a discrete sequence; z[1] --- z[n] - 2[N] T, where
N is the total number of elements, or pixels, of a rasterizedgen An estimation of

current pixel,z[n], can be obtained by linear prediction of the previous pixelsich can

be expressed as
k
En) = axln -, (4.1)

1=1

wherek is the order of prediction coefficients. For examplée; = 1 anda; = 1.0, then
the estimate of the current pixel becomes simply the previxel valuez[n] = z[n — 1].
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The pixel differencel[n] is the difference between the current pixgh|, and the estimate
of the current pixelz[n/],

d[n] = z[n] — Z[n]. (4.2)

In DPCM, the pixel difference is quantized to produce theeinftbr transmission,

iln] = Q|dln] (4.3)
where@[-] can be any type of quantizer, i.e., a uniform scalar quantizan MSE-based
optimized non-uniform quantizer. At the decoder, quantipixel-difference valueg[n],
is recovered from the transmitted indices, and the currixel s reconstructed by adding

the predicted current pixet, to the pixel difference,
&[n] = d[n] + Z[n). (4.4)

It should be noted that, because the indices for the quahti#érence values are
transmitted, the reconstructed pixeln], relies on the previously reconstructed pixels,
z[n — 1], ...,2[n — k]. Therefore, the same feedback loop exists in both the encodk
the decoder in order to generate the predicted pixel basedeoreconstructed values of
the quantized pixel differences. The overall process isotleghin Figure 4.1.

The reconstructed pixel errefn] is the difference between current input pixel and its
corresponding reconstruction,

e[n] = x[n] — z[n]. (4.5)
From (4.2), (4.4), and (4.5), we have
eln] = [n] — (d[n] + Z[n]) = z[n] — (d[n] + [n] — d[n)) o

= d[n] — d[n).
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i[n] i[n]

z[n]—@=— Q =7 C |7 Channel c IS ———i[n]
#[n] Qt z[n]
P z[n] \d[n] Q:Quantizer P
P:Predictor
encoder | C:ChannelCoder decoder |
Figure 4.1

DPCM for an image(C' is any entropy coder, such as arithmetic coding.

We see that (4.6) implies that the reconstruction errorasstime as the quantization error,
which means that DPCM does not produce any additional eegotd the quantization
error. Therefore, given a quantizer, the purpose of usinGNa#s to reduce the bit rate.
Finally, in order to find an optimal predictor, we choasgein (4.1) to minimize the
MSE between the input and predicted pixels over the wholg@n&ssuming zero mean,

we have

0% = E[d[nﬂ - E[(x[n] - g:a[n]ﬂ
k 4.7)
=F [(x[n] - Z a;x[n — 2])2} :

=1
whereE /] is expectation. After taking partial derivatives of the tasiction with respect
to eacha; and setting to zero, we arrive at

2
0o

Ba,-

k
= =28 |(a[n —;a,—x[n—i])x[n—i])},l <i<k -

= 0.
Thus, the optimal prediction coefficients are found fron8)4f the & [x[n]x[n - i]] (the

autocovariances) are known. Using an orthogonality card{the optimal linear predic-
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tion is orthogonal to the current inplE,[(:c[n] —:E[n])j[n]] = 0), the minimum prediction

error using the optimal predictor can be found to be (see, [8%])
(03)min = E|(aln] = #ln])?] = E|(aln] - #{n))aln]]- (4.9)

For the first-order predictor, for example, the optimal ealu

_E[Glkb -] )

Bl -1 Rl0) e

(4.10)

whereR,(0) and R, (1) are the autocorrelation function of the input sequencea tag
0 and 1, respectively, ang is the correlation coefficient. The minimum MSE for the

first-order linear predictor is

(6)min = B (aln] — 2ln])?| = B (aln] ~ aaln — 1])aln]

(4.11)
= R.(0) — aR,(1) = R.(0)(1 - pi).
With the zero-mean assumption, (4.11) becomes
0q = 0 (1 = pi). (4.12)

The consequence of this derivation is that the variance efifference signald|[n|, is
reduced from that of signal itself|n], by the factor of( 1 — p?) when we use the optimal
first-order linear predictor. This reduction in variance ¢ee represented as a prediction
gain,G), defined as the ratio of the input signal variance to the wdifféal signal variance
(see, e.g., [68]),

2
g
Go =5 (4.13)
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Under an assumption of Gaussianity, the correspondingctixtuin bit rate can be

shown to be
1 o2 1 o2 1 o2
AR = Rsq — Rppcm = 3 log, o2 2 log, o2 =3 log, o2 (4.14)

wherec? is the variance of the quantization error. Again, using-firster linear prediction,

we have

1
(1—p1)

Typically, grayscale images hayg ~ 0.95; assuming a large number of quantization

1
AR = 3 log, (4.15)

levels, the reduction can be around 1 to 3 bits per pixel (fpp). The prediction gain

specific to BCS will be examined in Section 4.2.2.

4.1.3 Correation of Measurementsin BCS

In general, DPCM works when signals possess a significamedej correlation from
one time to the next. Such correlation typically exists irages from one image block
to the next and in video from one frame to another temporalgwever, such correla-
tion does not exist in CS because the random projection psaemders measurement-to-
measurement correlation very low. An example is shown iufeégt.2(a). A rasterized
512 x 512 grayscale image is measured using a single (non-diagorea$unement matrix,
y = ®x, with a subrate of 0.5, and then the vector of measuremenis partitioned into
512 blocks of sizd x 256. We then calculate the block-to-block correlation by deiini
the measurement-domain correlation coefficient betweeckbly?) andyU-1 as

y @7y G=1)

pj = . - .
T lyO N lyG]
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As illustrated in Figure 4.2(a), the normalized correlatboefficients of CS measurements
are mostly scattered in the range 0 to 0.2. The average aborlover all groups ip =
0.026. This implies that the measurement process of CS reducesutiveorrelation of
the pixels (note that raw image pixels typically have a datien of p ~ 0.95 [67]), and,
therefore, it is difficult to use DPCM directly in such a franwk because of the low
correlation.

However, if the random-projection process is BCS such y#t¥at= & ;x), where;
is the index of the image block, then the measurements peserrelation because the
measurement matri® is composed of multiplé z matrices which are the same. The cor-
relation coefficients of BCS measurements are also giveddy). Figure 4.2(b) shows
the normalized correlation coefficients of the measuremeithe same image above (also
for a subrate of 0.5); we see that, for many blogksis close to 1.0, while the average
correlation over all blocksy = 0.971, indicates that the consecutive blocks of measure-
ments are typically highly correlated, even if the meas@mimithemselves are not. Based
on this correlation information in BCS, one can hope to aghtbe DPCM rate reduction
anticipated by (4.15). In the next section, we consider geeiics of applying DPCM in

the BCS framework.

96



0.8 i

0.6 i

0.4 1

1 2 3 4 5
Block Number, j

(a) CS,p = 0.026

0 L L L L L
1 2 3 4 5

Block Number, j
(b) BCS,5 = 0.971

Figure 4.2

Correlation coefficients of measurements in CS and BCS ®51h x 512 Lenna image.
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4.2 DPCM for Quantized BCS-SPL

Among the many existing image-coding techniques, DPCM hasspecial advan-
tage of a relatively simple implementation. This feature/él-suited to the CS paradigm
which features, as a primary goal, an inexpensive signalsenrement process. There are
two design considerations for DPCM for CS— the quantizertaedoredictor. In this dis-
sertation, we only use a uniform scalar quantizer even thavug shown that MSE-based
non-uniform quantizers can achieve lower distortion [2&¢duse the required optimiza-
tion process is too burdensome for the encoder. Furthegrnttogenon-uniform quantizer
itself (typically in the form of a table of quantization bjnseeds to be sent to the decoder,
entailing an additional, out-of-band rate cost. While ¢hexists an alternative—table
look-up using prior knowledge that pixel differences haveaplace distribution which
can be pre-calculated using an MSE-based non-uniform gesnsuch as a Lloyd-Max
guantizer—we observed that the gain in rate-distortiofioperance is marginal for such
an architecture.

As for the predictor, we considered two types of linear pegdns, 1D linear prediction
and 2D linear prediction. DPCM with 1D linear prediction reakuse of the correlation
of adjacent pixels within the same scan line. On the othedha@b linear prediction
exploits line-to-line correlation. We denote theses apphes 1D-DPCM and 2D-DPCM,

respectively.
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Figure 4.3

Application of DPCM and SQ to the BCS-SPL architecture. BE®Bnplemented with
any CS-based image-acquisition, such as the single-paxeéca of [41].

42.1 1D-DPCM for Quantized BCS-SPL

Effectively, our proposed approach for 1D-DPCM applies MP&nd SQ onto the
block-based CS measurements within the block-based cesgnesensing with smooth
projected Landweber reconstruction (BCS-SPL) architectd Section 2.5 as shown in
Figure 4.3, wherg) is uniform SQ,D is a single-block delay buffer, and is any entropy

coder, such as arithmetic coding.
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On the sensor side of the system, BCS measurements areextgaiusual via (2.22)
using B x B blocks from the original image, produciny-dimensional measurement
vector

T

yU) = O N yg?s = ®zxV) (4.17)

for block j of the imagex). For component in measurement vectgr’), a prediction
is subtracted and the residual is scalar-quantized. Sgatyfito predictyf?{), we use the
corresponding vector component of the previously proaksseck y/—. That is, the
residual

d9) — 4 _ gl (4.18)

m

is scalar-quantized to produce quantization index
9 =Q [dgg?] (4.19)

which is then entropy coded. The DPCM feedback loop consfaigquantization of),

producing the quantized residual,

49 = ! [@%)} (4.20)
such that
g = 4 4 gli-D), (4.21)

We note that the set of measurements in the first block is pseckin the same manner by
initializing y(°) to be the zero vector. Finally, we use a one-block delay ferptredictor;
for example,k = 1 anda; = 1.0 in (4.1). Even though it is possible to calculate the

optimal prediction coefficients; by using correlation information of the measurements
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such as in (4.10), this process requires additional contipatal he use of an approximate
correlation coefficient such as~ 0.95 is also possible, but the difference in performance
was observed to be minimal.

The basic approach of Figure 4.3, which illustrates our psep framework for the
incorporation of DPCM into BCS-SPL, can also be applied tdtiseale BCS-SPL (MS-
BCS-SPL) (Section 2.6) as well as the multihypothesis wandBCS-SPL in [24]. Specif-
ically, for the former, wavelet-domain blocks in the basebare fed into the DPCM en-
coder, while the other subbands are quantized directly wiiform SQ (unlike the base-
band coefficients, those in the other subbands have lowlaba®). For the latter, mul-
tihypothesis BCS-SPL (MH-BCS-SPL) consists of multiplegictions culled from the
image being reconstructed, following which reconstrutigdriven by the measurement-
domain residual resulting from the predictions. To incogbe DPCM into MH-BCS-SPL,
the DPCM encoder simply processes the same measurementsa®f the original BCS-
SPL (without reserving a holdset for cross-validation as described in [24]).

Finally, the block size is chosen empirically. Without gtiaation, BCS-SPL typically
yields better results with large block sizes. Considerimg themory allocation of the
measurement matrix, reasonable choices are block si2€s016 to 32 x 32 as were used
in previous chapters for BCS-SPL of video and images, résde However, quantized
BCS-SPL is no longer measured by subrate-distortion padoce but by rate-distortion
performance. Therefore, it is necessary to reconsidempeteas such as a block size to

achieve good rate-distortion performance.
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Figure 4.4 shows an error-bar plot of peak signal-to-nasie (PSNR) and bitrate to
examine the effect of block size on the rate-distortiongranfance of DPCM. For this test,
100 trials of an entire BCS-SPL process on Lenna image atddixerate § = Mp/B* =
0.2) and quantizer bit deptt & 5)* are carried out while averages and standard deviations
of reconstruction results, such as PSNR and rate, at each blpe are obtained. As
seen, PSNR results yield a concave graph, with block sizes8giving overall good
results. Even though block size 2 yields very high qualitpnetmes, it is inconsistent
and gives a standard deviation as large as about 12 dB. Onthiee lvand, rate results
draw a convex graph with block size 4 yielding the lowestdtédr Also, efficiencies for
several test images are calculated in Figure 4.5 by dividiggage PSNR by average rate.
Higher values means better results in the graphs. As we csemnady block sizes 4 and 8
are good choices, in contrast to 16 or 32 as used in imag@/va®mnstruction without a
guantization.

We repeat this block-size-choice process for the otheants] MS-BCS-SPL and MH-
BCS-SPL. Going forward, we choose a block size of 8 for BC&-&Rd MH-BCS-SPL,

and a block size of 2 for MS-BCS-SPL.

4.2.2 Coding Gain of Quantized BCS-SPL

As shown in Sections 4.1.2 and 4.1.3, DPCM can achieve cagiitgby reducing the
variance of the input signal when the signal is highly cated, and BCS provides such

correlations between blocks. One can measure the ratetie@dachieved by DPCM in

1A quantizer bit depth of means that the uniform scalar quantizer Baguantizer bins.
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BCS using (4.14). However, because of the dimensionaldycton in CS, the subrate,
which is the ratio between the total number of pixels of thege to be reconstructed
and the number of measurements, should also be taken irdar#tc®y incorporating the

subrate M /N, (4.14) can be reformulated as

1M o2
AR = RSQ — RDPCM = §N 10g2 ; (422)

If we use the first-order prediction as used in 1D-DPCM, weshav

1M 1

AR = =" logy ——_.
B=gnleng—

(4.23)

Figure 4.6(a) plots the prediction gain as subrate variedidated by (4.23) along with
the actual rate reduction as seen experimentally for5if®ex 512 Lenna and Barbara
images. For this figure, the theoretical curves use the Foexperimental curves, the rate
is calculated as the entropy of the measurements. Addilyoiagure 4.6(b) depicts the
average correlation as subrate is varied.

As seen in Figure 4.6(a), the reduction in rate is propoditmthe subrate. For exam-
ple, at 0.5 subrate, Lenng;(= 0.97) has about a 1-bpp prediction gain over uniform SQ,
while Barbara §; = 0.94) has about a 0.75-bpp gain. Barbara has more complex texture
and thus lower correlation between blocks than Lenna, tiagud lower DPCM prediction
gain.

On the other hand, as seen in Figure 4.6(b), the averagdatanedoes not appear to
show any relation to the subrate. This implies that subraés chot have an adverse effect
on the correlation of the block measurements, yet the DPCdlihgogain increases as the

subrate increases. It should be noted that we have obsdraethe quantizer bit depth
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does not affect the results much if it is sufficiently large.(ib > 5); on the other hand,
small quantizer bit depth® (< 3) yield a more significant gap between the theoretical

performance anticipated by (4.23) and that obtained exyarially.

4.2.3 2D-DPCM for Quantized BCS-SPL

The 1D-DPCM, or line-by-line DPCM, for BCS discussed in threious section
takes advantage of the correlation among blocks in the samzontal row. However, for
images, there exists correlation between current measumteand measurements in other
directions as well. Specifically, prediction of a block of asarements is based on the
measurements in neighboring blocks, and we propose a ahitel- prediction such that

(4.18) becomes
49 =y — (g™ + 2 + asgli Y, ) (4.24)

wherer is the number of blocks in a row. Consequently, (4.24) forrpsedliction of the
current block using the block in the same row to the left, tleek immediately above
in the previous row, and the block diagonally to above leftefzthough it is possible to
adaptively find the optimal prediction coefficients as, andas to minimize the MSE of
the prediction (i.e., using a formulation similar to (4.7da(4.8)), such an optimization
would compromise the simplicity of the encoder with compbegdiction-coefficient esti-
mation for each measurement. Instead, we find a set of cdagtarthe coefficients that
works well universally (i.e., better than 1D-DPCM) whilegf@ng the encoder as simple

as possible.
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Application of 2D-DPCM and SQ to the BCS-SPL architecturiee Third-order predictor
from (4.24) is usedC is any entropy coder, such as arithmetic coding.

Figure 4.7 depicts 2D-DPCM applied to the BCS-SPL architectMost components
are the same as in 1D-DPCM (Figure 4.3), except the predicabihas three buffers (pos-
sibly line buffers) to hold the three measurements in thie tep, and diagonal blocks,,
as, andas are the corresponding constant multipliers of the signalsed in the buffers.
Simple summation of the measurements multiplied by cotstaetomes the prediction of

the measurement in the current block.

4.3 Experimental Observation

We now present experimental results that demonstrate ttierpeance of the pro-
posed techniques for DPCM-based quantized CS. We first exeatimé rate-distortion effi-
ciency of 1D- and 2D-DPCM plus SQ by comparing to simple umf&Q applied alone
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to the BCS measurements. We use several BCS-based algesithamely, the original
BCS-SPL (Section 2.5.1) as well as the MS-BCS-SPL and MH-BESE extensions from
Section 2.6.2 and [24], respectively—and deploy DPCM pl@sis the framework pre-
sented in Figures 4.3 and 4.7 to effectuate quantized CSlfthrae methods. We note
that the implementations of BCS-SPL, MS-BCS-SPL, and MHSBEPL can be found at
the BCS-SPL website

All experiments usé12 x 512 grayscale images, and we measure rate-distortion per-
formance in terms of PSNR in dB and bitrate in bits per pix@lpjbusing the entropy of
the quantizer indices as an estimate of the actual bitratenbuld be produced by a real
entropy coder. The measurement mathy is an orthonormalized dense Gaussian ran-
dom matrix, and a 5-level dual-tree discrete wavelet tamnsf{DDWT) [73] is used as the
sparsity basis for all three methods. A BCS block sizé&cf 8 is used for BCS-SPL and
MH-BCS-SPL, and MS-BCS-SPL usés = 2 for each of the levels within the wavelet-
based measurement basis. These block sizes are choseghttineyprocess described in
Section 4.2.1 and illustrated in Figure 4.5. All SQ is uniiorFinally, we note that, for
both SQ as well as DPCM plus SQ, the bitrate obtained depemt®ih the stepsize of
the scalar quantizer as well as the subtate Mp/B? of the BCS measurement process.

The stepsizey, is determined by the quantier bit depthsuch that

q= <Ymam - }’mm)/Qb, (425)

wherey,,... andy,.;, are the maximum and minimum value of the measurements,aespe

tively. In all cases, for the experiments here, the optimatlsination of quantizer stepsize

2http://www.ece.msstate.edu/ ~fowler/BCSSPL/
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Table 4.1

PSNR Performance in dB for a bitrate of 0.5 bpp

BCS-SPL MS-BCS-SPL MH-BCS-SPL
Image | SQ | DPCM | Gain| SQ | DPCM | Gain| SQ | DPCM | Gain |
Lenna | 28.1| 306 | +25| 33.9| 34.7 | +0.9 | 29.2| 314 | +2.3
Barbara| 23.1| 24.2 | +1.1 | 26.6| 27.4 | +0.8 | 24.4| 279 | +35
Peppers| 28.4| 30.5 | +2.1| 33.8 34 +0.2 |1 29.2| 312 | +2.1
Goldhill | 26.8| 28.1 | +1.3| 30.6| 31 +0.5| 26.8| 28.8 +2
Man 26.2| 276 | +1.4| 30.5| 30.7 | +0.2 || 26.5| 279 | +1.4
Clown |27.2| 288 | +1.6| 32.7| 33.2 | +0.5| 28.4| 30.8 | +2.4

Average| 26.6| 28.3 | +1.7 | 31.3] 31.8 | +0.5| 27.4] 29.7 | +2.3]

and subrate is chosen via an exhaustive search over albpogsiepsize, subrate) pairs
drawn from a finite set of stepsizes and a finite set of suhbratiggire 4.8 illustrates this

exhaustive-search process via a convex rate-distortithn hu

431 1D-BCS-SPL-DPCM with SQ

In this section, we examine 1D-DPCM plus SQ applied to the 8P& architecture
as depited in Figure 4.3.

We compare to use of SQ alone. Table 4.1 compares the PSN&tparfce at a fixed
bitrate of 0.5 bpp for the three BCS-based techniques, BRIS-BIS-BCS-SPL, and MH-
BCS-SPL. We see that, for all three algorithms, the addibioRPCM to the quantization
process increases the PSNR by 0.5 to 2.3 dB on average asmemhtpaimply using SQ
alone. MS-BCS-SPL has lower PSNR gain than BCS-SPL or MH-B@S§ because only
the baseband of the MS-BCS-SPL possess the correlatiorebetiblock measurements.

It is observed that the discrete wavelet transform (DWThimithe measurement process
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of MS-BCS-SPL decorrelates the coefficients in subbanderdtian the baseband; as a
consequence, the random projected subbands do not showdrigihation. In the case of
MH-BCS-SPL, the gain over the SQ-alone result is significamte MH-BCS-SPL uses
an initial BCS-SPL reconstruction to find the multihypotiseseights (see [24]; DPCM
provides better quality for this initial reconstructiorr &ame bitrate.

Figures 4.9—-4.11 illustrate the corresponding rate-disto performance. In general,
all three algorithms using DPCM plus SQ outperform theirntegparts using SQ alone.
As explained above, the gain due to DPCM for MS-BCS-SPL isasddignificant as it is

for the other two algorithms since DPCM is applied to onlylbaseband in MS-BCS-SPL.

4.3.2 2D-BCS-SPL-DPCM with SQ

In this section, we examine 2D-DPCM plus SQ applied to the HBP& architecture
in Figure 4.3. The results are compared to the correspordiRr®PCM plus SQ. Rate-
distortion performance is observed with several sets dafiptien coefficients—;, a,, and
as—that sum 1.

In order to decide the optimal prediction coefficients ndiajztively, we perform BCS-
SPL with 2D-DPCM using several sets of prediction coeffitserThe results are shown
in Figures 4.12-4.15. As can be observed, the predictiofficeats for the 2D-DPCM
do not significant affect the performance. Overall, the pestormance using 2D-DPCM
is obtained fora; = a, = 0.5 andasz = 0. Therefore, we will use this set of prediction

coefficients for 2D-DPCM hereatfter.
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Figures 4.16—4.18 depict the rate-distortion performarsteg 2D-DPCM plus SQ ap-
plied to BCS-SPL, MS-BCS-SPL, and MH-BCS-SPL, respecyivdlhe results are also
compared to the 1D-DPCM variant. The PSNR gain over 1D-DPENbi as great as was
achieved for 1D-DPCM with respect to the use of SQ alone, botesimprovement for
some images can be found in the results. Ultimately, whie2d prediction does not de-
grade the performance, it is not clear that the modest caghingmerits the corresponding

increase in complexity arising from the 2D prediction.

4.3.3 Comparison of Various CS Techniques for Quantized M easurements

We now compare all three BCS-based techniques with othetiged CS reconstruc-
tion approaches. Because 2D-DPCM performs better thandlp 2®-DPCM results are
compared in this section. 1D-DPCM results can be found ih [84

Figures 4.19-4.22 present the rate-distortion performémaall three BCS-based tech-
niques using the 2D-DPCM plus SQ framework for a bitrate mragngrom 0.1 to 1.5 bpp.
Additionally, Figures 4.19—-4.22 include as benchmarksdther quantized-CS approaches
—model-based adaptive recovery of compressive sensindRX)AL11] using the PQ pro-
posed in [108] and BPD#J65]. Finally, we also include the rate-distortion perfamce
of JPEG as indicative of the performance of a relatively semmage coder built with tra-
ditional source-coding techniques. Generally, we seethigaDPCM-based BCS-SPL and
MH-BCS-SPL match the performance of other quantized-Chrtigeies, while MS-BCS-

SPL reconstruction outperforms the others. However, tiadil source-coding in the form

3http://wiki.epfl.ch/bpdq
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Rate-distortion performance for Peppers
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of JPEG achieves the best rate-distortion performancepdxat low bitrates (0.5 bpp and
below) where MS-BCS-SPL with DPCM vyields higher PSNR. Exeutime is not much
different from that already tabulated in Table 2.4.

Figure 4.23 provides the Lenna image reconstructed ata®inf 0.25 bpp; these fig-
ures show only a detailed portion from the center of the im&ge can see that MS-BCS-
SPL with 2D-DPCM provides better overall visual quality lwvitharper contours than other

techniques.
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; i -
(c) BCS-SPL+2D-DPCM, 28.5dB (d) BPDQ, 3.1 dB

Figure 4.23

Reconstructions of thgl2 x 512 “Lenna” image (shown in detail) for a bitrate of
0.25bpp.
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44 Remarks

In this chapter, we proposed the incorporation of DPCM tdexehquantized CS of
images based on blocks. In essence, we used one measuionait: block to predict the
next, applying uniform SQ to the measurement-domain resioiuthe prediction. Experi-
mental results demonstrated an improvement of 0.5 to 2 dBterdistortion performance
as compared to BCS-based image reconstruction using on& alone. Additionally,
rate-distortion performance superior to alternative g@ad-CS schemes relying on opti-
mized quantization or reconstruction was observed.

A key benefit of our proposed DPCM-based methodology is thtt the BCS-based
sensor as well as the BCS-based reconstruction are unnabdifiéact, the latter can be
any BCS-based reconstruction. While the sensor deviceidoessome additional com-
plexity, the addition of the 1D-DPCM processing (a subtmagtis not substantially more
burdensome than the already-necessary SQ. 2D-DPCM, withi@uhl cost of buffers
and multipliers, yields a modest coding gain with resped@eDPCM for some images.
Experimental results using state-of-the-art BCS-basednsruction algorithms on still
images demonstrate that, not only does this simple DPCM-8Q approach to quantized
CS provide rate-distortion performance surprisingly cetitjve with that of alternative
approaches such as [65, 109], it can occasionally rivaitioaal image coding in the form

of JPEG, particularly at low bitrates.

130



CHAPTER 5

CONCLUSIONS

In this dissertation, the emerging concept of compressesirsg (CS) has been studied
with a particular focus on recent proposals for its use wittagety of imaging media,
including still images and motion video. Firstly, we havedebsed the CS image re-
construction problem which is a challenging task becausectitimputational complexity
grows quickly as the size of problem increases due to thdinear reconstruction process
and a huge measurement matrix. By splitting the problemsntall blocks, burdens of
storing and handling the huge measurement matrix are s#fcteased. The projected
Landweber approach to CS reconstruction coupled with timeal transforms and statis-
tical thresholding provides high-quality image reconstien without huge computational
load in the form of the block-based compressed sensing withoh projected Landweber
reconstruction (BCS-SPL) algorithm. As an extension, recdle BCS-SPL (MS-BCS-
SPL) deploys BCS-SPL in the wavelet domain to provide mealis measurement and
reconstruction. The performance of our proposed blocledbasmpressed sensing (BCS)-
based techniques with several other prominent CS recatistnuproposed in recent lit-
erature were observed. We found that BCS-based technigeempetitive with other
approaches relying on a full-frame CS measurement operatdake advantage of signif-

icantly reduced memory and computation.
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Secondly, BCS-SPL can be adapted to the CS video reconstrymbblem which is
even more complex because of the data size. We have capataliz established strate-
gies in traditional source coding for motion estimation aothpensation. This predictive
technique was used to exploit frame-to-frame redundartiesto object motion to pro-
vide residual frames that are more compressible—in a sdraseapid decay of coefficient
magnitude within a sparsity transform—than their corresfiog original frames. Recon-
struction from such prediction residuals was seen to sianfly improve performance as
compared to straightforward reconstruction of each framependently as well as a 3D
joint reconstruction that features temporal decorrefhaiticthe form of a 3D transform, but
does not exploit motion. Experimental results show thatntiedion-compensated version
of BCS-SPL achieves performance on par with, and sometiopsi®r to, other CS-video
approaches.

Finally, we have addressed the issue of quantization ando€Bnbges. In a situa-
tion wherein analog hardware acquires images, the CS nerasuts are real-valued. Yet,
the reconstruction procedures that follow acquisitionregeessarily implemented within
digital computers. As a consequence, some form of quaittizéd unavoidable in the
conversion of the signal from analog to digital. Howeveg thsue of quantization in
conjunction with CS has not been widely considered in thegdiure until recently. Dif-
ferential pulse-code modulation (DPCM), commonly usedigmal processing, exploits
sample-to-sample correlation so that coding efficiencyeases (or bits to code the sig-
nal decreases) when correlation is high. Such correlatsides in the measurements

across the blocks generated by BCS. Therefore, applicati@PCM plus scalar quanti-
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zation (SQ) in the BCS-SPL architecture achieved signifibiinrsavings as compared to
SQ of BCS-SPL. Its extension, DPCM using 2D prediction, gsavided gain over 1D

prediction. Three BCS-based algorithms were employedvesiiigate the rate-distortion
performance DPCM, comparing to other quantized CS teclesiqWe found the BCS-
SPL algorithms with DPCM to be on par with, or superior togaittive quantized CS

techniques as well as a traditional source coding on the &GrIRPEG.

133



[1]

[2]

[3]

REFERENCES

M. V. Afonso, J. M. Bioucas-Dias, and M. A. T. Figueiredt;ast Image Recovery
Using Variable Splitting and Constrained OptimizationlEEE Transactions on
Information Theoryvol. 19, no. 9, September 2010, pp. 2345-2356.

M. V. Afonso, J. M. Bioucas-Dias, and M. A. T. FigueiredtAn Augmented La-
grangian Approach to the Constrained Optimization Fortmariaof Imaging Inverse
Problems,”|IEEE Transactions on Information Thegompol. 20, no. 3, March 2011,
pp. 681-695.

M. Antonini, M. Barlaud, P. Mathieu, and I. Daubechiesimage Coding Using
Wavelet Transform,”IEEE Transactions on Image Processingl. 1, no. 2, April
1992, pp. 205-220.

[4] A. Averbuch, S. Dekel, and S. Deutsch, “Adaptive Compeskimage Sensing

[5]

[6]

[7]

[8]

[9]

[10]

Using Dictionaries,”SIAM J. Img. Scj.vol. 5, no. 1, January 2012, pp. 57-89.

S. D. Babacan, R. Molina, and A. K. Katsaggelos, “Bayestampressive Sensing
Using Laplace Priors,”IEEE Transactions on Image Processingl. 19, no. 1,
January 2010, pp. 53-63.

R. Baraniuk, M. Davenport, R. DeVore, and M. Wakin, “A Sita Proof of the
Restricted Isometry Property for Random Matrice€dnstructive Approximatign
vol. 28, no. 3, December 2008, pp. 253—-263.

R. G. Baraniuk, E. Candes, R. Nowak, and M. Vetterli, f@aressive Sampling,”
IEEE Signal Processing Magazinl. 25, no. 2, March 2008, pp. 12—-13.

R. G. Baraniuk, V. Cevher, M. F. Duarte, and C. Hegde, “MbBased Compressive
Sensing,”IEEE Transactions on Information Thegomol. 56, no. 4, April 2010, pp.
1982-2001.

R. G. Baraniuk, V. Cevher, and M. B. Wakin, “Low-Dimensi Models for Dimen-
sionality Reduction and Signal Recovery: A Geometric Pectpe,” Proceedings
of the IEEE vol. 98, no. 6, June 2010, pp. 959-971.

A. Beck and M. Teboulle, “A Fast Iterative Shrinkagefr&sholding Algorithm for
Linear Inverse Problems,SIAM Journal on Imaging Sciencel. 2, no. 1, 2009,
pp. 183-202.

134



[11] M. Bertero and P. Boccaccintroduction to Inverse Problems in Imagintnstitute
of Physics Publishing, Bristol, UK, 1998.

[12] J. M. Bioucas-Dias and M. A. T. Figueiredo, “A New TwISTwo-Step Iterative
Shrinkage/Thresholding Algorithms for Image RestoratidBEE Transactions on
Image Processingrol. 16, no. 12, December 2007, pp. 2992-3004.

[13] T. Blumensath and M. E. Davies, “Iterative Threshotflior Sparse Approxima-
tions,” The Journal of Fourier Analysis and Applicatign®l. 14, no. 5, December
2008, pp. 629-654.

[14] T. Blumensath and M. E. Davies, “lterative Hard Thrdslimeg for Compressed
Sensing,’Applied and Computational Harmonic Analysisl. 27, no. 3, November
20009, pp. 265-274.

[15] J. B. Boettcher and J. E. Fowler, “Video Coding Using ax(ptex Wavelet Trans-
form and Set Partitioning JEEE Signal Processing Lettergol. 14, no. 9, Septem-
ber 2007, pp. 633-636.

[16] P. T. Boufounos and R. G. Baraniuk, “1-Bit Compressiens§ing,” Proceedings
of the 429 Annual Conference on Information Sciences and Systerimceton, NJ,
March 2008, pp. 16-21.

[17] E. Candes, J. Romberg, and T. Tao, “Stable Signal Regdvom Incomplete and
Inaccurate MeasurementsCommunications on Pure and Applied Mathematics
vol. 59, no. 8, August 2006, pp. 1207-1223.

[18] E. Candes and T. Tao, “Near-Optimal Signal RecovepynfiRandom Projections:
Universal Encoding Strategies?|EEE Transactions on Information Thegryol.
52, no. 12, December 2006, pp. 5406-5425.

[19] E. Candes, M. B. Wakin, and S. P. Boyd, “Enhancing Spatsy Reweighted
¢, Minimization,” Journal of Fourier Analysis and Applicationsol. 14, no. 5-6,
December 2008, pp. 877-905.

[20] E. J. Candes, “Compressive SamplinBfoceedings of the International Congress
of MathematiciansMadrid, Spain, August 2006, vol. 3, pp. 1433-1452.

[21] E. J. Candes and T. Tao, “Decoding by Linear PrograngrhifEEE Transactions
on Information Theoryvol. 51, no. 12, December 2005, pp. 4203-4215.

[22] E. J. Candes and M. B. Wakin, “An Introduction To Congsige Sampling,1EEE
Signal Processing Magazineol. 25, no. 2, March 2008, pp. 21-30.

[23] V. Chappelier, C. Guillemot, and S. Marinkovic, “Imagoding with Iterated Con-
tourlet and Wavelet TransformsProceedings of the International Conference on
Image Processingsingapore, October 2004, vol. 5, pp. 3157-3160.

135



[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

C. Chen, E. W. Tramel, and J. E. Fowler, “CompressedsiBgnRecovery of Im-
ages and Video Using Multihypothesis PredictiorBfoceedings of the5™ Asilo-
mar Conference on Signals, Systems, and CompuRarsfic Grove, CA, November
2011, pp. 1193-1198.

S. S. Chen, D. L. Donoho, and M. A. Saunders, “Atomic Daposition by Basis
Pursuit,” SIAM Journal on Scientific Computingol. 20, no. 1, August 1998, pp.
33-61.

L. Sendur and I. W. Selesnick, “Bivariate Shrinkagen€tons for Wavelet-Based
Denoising Exploiting Interscale DependencyEEE Transactions on Signal Pro-
cessingvol. 50, no. 11, November 2002, pp. 2744-2756.

W. Dai, H. V. Pham, and O. Milenkovic, “Distortion-Rakeinctions for Quantized
Compressive Sensing,1IEEE Information Theory Workshop on Networking and
Information TheoryVolos, Greece, June 2009, pp. 171-175.

I. Daubechies, M. Defrise, and C. De Mol, “An InteratiVaresholding Algorithm
for Linear Inverse Problems with a Sparsity Constrai@gmmunications on Pure
and Applied Mathemati¢sol. 57, no. 11, November 2004, pp. 1413-1457.

I. Daubechies, R. DeVore, M. Fournasier, and C. S. Gilkpt “lteratively
Reweighted Least Squares Minimization for Sparse Recgvebpmmunications
on Pure and Applied Mathematicgol. 63, no. 1, January 2010, pp. 1-38.

I. Daubechies and W. Sweldens, “Factoring Wavelet $iams into Lifting Steps,”
The Journal of Fourier Analysis and Applicatigv®l. 4, no. 3, 1998, pp. 245-267.

M. A. Davenport, J. N. Laska, P. T. Boufounos, and R. G:aBauk, A Simple Proof
that Random Matrices are DemocraticTech. Rep. TREE-0906, Rice University
ECE Department, November 2009.

M. N. Do and M. Vetterli, “The Contourlet Transform: Anffi€ient Directional
Multiresolution Image RepresentationlEEE Transactions on Image Processing
vol. 14, no. 12, December 2005, pp. 2091-2106.

T. T. Do, Y. Chen, D. T. Nguyen, N. Nguyen, L. Gan, and T.TBan, “Distributed
Compressed Video Sensingptoceedings of the International Conference on Image
ProcessingCairo, Egypt, November 2009, pp. 1393-1396.

T.T. Do, L. Gan, N. Nguyen, and T. D. Tran, “Sparsity Atiap Matching Pursuit
Algorithm for Practical Compressed Sensing?roceedings of the 42Asilomar
Conference on Signals, Systems, and CompuRaisfic Grove, California, October
2008, pp. 581-587.

136



[35] T. T. Do, T. D. Tran, and L. Gan, “Fast Compressive Sangplvith Structurally
Random Matrices,” Proceedings of the International Conference on Acoustics,
Speech, and Signal Processjh@s Vegas, NV, March 2008, pp. 3369-3372.

[36] D. L. Donoho, “De-Noising by Soft-ThresholdingJEEE Transactions on Infor-
mation Theoryvol. 41, no. 3, May 1995, pp. 613-627.

[37] D. L. Donoho, “Compressed SensindEEE Transactions on Information Theory
vol. 52, no. 4, April 2006, pp. 1289-1306.

[38] D. L. Donoho, A. Maleki, and A. Montanari, “Message-Biag Algorithms for
Compressed Sensing,Proceedings of the National Academy of Sciences of the
United States of Ameri¢&ol. 106, no. 45, November 2009, pp. 18914-189109.

[39] D. L. Donoho, Y. Tsaig, I. Drori, and J.-L. Starcl§parse Solution of Underdeter-
mined Linear Equations by Stagewise Orthogonal Matchings®#ity Tech. Rep.,
Stanford University, 2006.

[40] M. F. Duarte and R. G. Baraniuk, “Kronecker CompresSeasing,”|IEEE Trans-
actions on Image Processingpl. 21, no. 2, February 2012, pp. 494-504.

[41] M. F. Duarte, M. A. Davenport, D. Takhar, J. N. Laska, TinSK. F. Kelly, and
R. G. Baraniuk, “Single-Pixel Imaging via Compressive Sangj’ IEEE Signal
Processing Magazineol. 25, no. 2, March 2008, pp. 83-91.

[42] M. F. Duarte and Y. C. Eldar, “Structured Compresseds8en From Theory to
Applications,” IEEE Transactions on Signal Processjmgl. 59, no. 9, September
2011, pp. 4053-4085.

[43] R. Eslami and H. Radha, “On Low Bit-Rate Coding Using @entourlet Trans-
form,” Proceedings of the 37Asilomar Conference on Signals, Systems, and Com-
puters Pacific Grove, CA, November 2003, vol. 2, pp. 1524-1528.

[44] R. Eslami and H. Radha, “Wavelet-Based Contourlet $iam and its Application
to Image Coding,"Proceedings of the International Conference on Image Fasce
ing, Singapore, October 2004, vol. 5, pp. 3189-3192.

[45] E. Feig and S. Winograd, “Fast Algorithms for the Diger€osine Transform,”
IEEE Transactions on Signal Processjngl. 40, no. 9, September 1992, pp. 2174
2193.

[46] M. A.T. Figueiredo, R. D. Nowak, and S. J. Wright, “Gradt Projection for Sparse
Reconstruction: Application to Compressed Sensing aneQtiverse Problems,”
IEEE Journal on Selected Areas in Communicatjmas. 1, no. 4, December 2007,
pp. 586-597.

137



[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

J. E. Fowler, J. B. Boettcher, and B. Pesquet-Popesdmade Coding Using a
Complex Dual-Tree Wavelet TransfornProceedings of the European Signal Pro-
cessing Conferen¢c®oznah, Poland, September 2007.

J. E. Fowler, S. Mun, and E. W. Tramel, “Multiscale Blo€lompressed Sensing
with Smoother Projected Landweber Reconstructi®ngceedings of the European
Signal Processing Conferendgarcelona, Spain, August 2011, pp. 564-568.

J. E. Fowler, S. Mun, and E. W. Tramel, “Block-Based Coegsed Sensing of
Images and Video,”Foundations and Trends in Signal Processingl. 4, no. 4,
March 2012, pp. 297-416.

L. Gan, “Block Compressed Sensing of Natural Imagdtbceedings of the In-
ternational Conference on Digital Signal Processit@ardiff, UK, July 2007, pp.
403-406.

L. Gan, T. T. Do, and T. D. Tran, “Fast Compressive Imagusing Scrambled
Block Hadamard EnsembleProceedings of the European Signal Processing Con-
ference Lausanne, Switzerland, August 2008.

A. Gersho and R. M. Grayector Quantization and Signhal Compressidtiuwer
Academic Publishers, Norwell, MA, 1992.

B. Girod, “Efficiency Analysis of Multihypothesis Main-Compensated Prediction
for Video Coding,”IEEE Transactions on Image Processjngl. 9, no. 2, February
2000, pp. 173-183.

V. K. Goyal, A. K. Fletcher, and S. Rangan, “Compress8ampling and Lossy
Compression,’IEEE Signal Processing Magazineol. 25, no. 2, March 2008, pp.
48-56.

C. S. Gunturk, M. Lammers, A. Powell, R. Saab, @dYilmaz, “Sobolev Duals
for Random Frames and Sigma-Delta Quantization of ComedeS&nsing Mea-
surements,” submitted.

B. Han, F. Wu, and D. Wu, “Image Representation by Corsgike Sensing for
Visual Sensor Networks,Journal of Visual Communication and Image Represen-
tation, vol. 21, no. 4, May 2010, pp. 325-333.

J. Haupt and R. Nowak, “Signal Reconstruction from Nd&ndom Projections,”
IEEE Transactions on Information Thegryol. 52, no. 9, September 2006, pp.
4036-4048.

L. He and L. Carin, “Exploiting Structure in Wavelet-8ad Bayesian Compressive
Sensing,”|EEE Transactions on Signal Processjngl. 57, no. 9, September 2009,
pp. 3488-3497.

138



[59] L. He, H. Chen, and L. Carin, “Tree-Structured Compres$ensing With Varia-
tional Bayesian Analysis,1EEE Signal Processing Lettersol. 17, no. 3, March
2010, pp. 233-236.

[60] L.J.Hornbeck, “Digital Light Processing for high-ghtness high-resolution appli-
cations,” 1997, pp. 27-40.

[61] Information Technology—Coding of Moving Pictures and Agded Audio for Dig-
ital Storage Media at up to about 1.5 Mbits/sSSO/IEC 11172-2, 1993, MPEG-1
Video Coding Standard.

[62] Information Technology—Generic Coding of Moving Pictuard Associated Audio
Information: Videg ISO/IEC 13818-2, 1995, MPEG-2 Video Coding Standard.

[63] Information Technology—JPEG 2000 Image Coding System+2P&ore Coding
SystemISO/IEC 15444-1, 2000.

[64] Advanced Video Coding for Generic Audiovisual Servit€s-T, May 2003, ITU-
T Recommendation H.264.

[65] L. Jacques, D. K. Hammond, and J. M. Fadili, “DequamniigCompressed Sensing:
When Oversampling and Non-Gaussian Constraints CombiBE&E Transactions
on Information Theoryvol. 57, no. 1, January 2011, pp. 559-571.

[66] L.Jacques, P. Vandergheynst, A. Bibet, V. Majidzadelgchmid, and Y. Leblebici,
“CMOS Compressed Imaging by Random ConvolutioRroceedings of the Inter-
national Conference on Acoustics, Speech, and Signal Bsoug Taipei, Taiwan,
April 2009, pp. 1113-1116.

[67] A. K. Jain, Fundamentals of Digital Image ProcessjnBrentice-Hall, Englewood
Cliffs, NJ, 1989.

[68] N.S. Jayant and P. NolDigital Coding of Waveforms: Principles and Applications
to Speech and Vided’rentice Hall, Englewood Cliffs, NJ, 1984.

[69] S. Ji, Y. Xue, and L. Carin, “Bayesian Compressive SamsilEEE Transactions
on Signal Processingol. 56, no. 6, June 2008, pp. 2346—2356.

[70] H. Jung, K. Sung, K. S. Nayak, E. Y. Kim, and J. C. Ye, “k@EUSS: A General
Compressed Sensing Framework for High Resolution Dynanft,M Magnetic
Resonance in Medicingol. 61, no. 1, January 2009, pp. 103-116.

[71] H. Jung and J. C. Ye, “Motion Estimated and Compensatath@essed Sensing
Dynamic Magnetic Resonance Imaging: What We Can Learn fraled/Compres-
sion Techniques,imaging Systems and Technolpggl. 20, no. 2, June 2010, pp.
81-98.

139



[72] Y. Kim, M. S. Nadar, and A. Bilgin, “Compressed Sensingityj a Gaussian Scale
Mixtures Model in Wavelet Domain,Proceedings of the International Conference
on Image Processinddiong Kong, September 2010, pp. 3365-3368.

[73] N. G. Kingsbury, “Complex Wavelets for Shift InvariaAhalysis and Filtering of
Signals,”Journal of Applied Computational Harmonic Analysisl. 10, May 2001,
pp. 234-253.

[74] L. Landweber, “An Iteration Formula for Fredholm Inta¢jEquations of the First
Kind,” American Journal of Mathematicsgol. 73, no. 3, July 1951, pp. 615-624.

[75] H. D. Luke, “The Origins of the Sampling TheoremMEEE Comunnications Mag-
azine vol. 37, no. 4, April 1999, pp. 106-108.

[76] M. Lustig, D. Donoho, and J. M. Pauly, “Sparse MRI: ThepApation of Com-
pressed Sensing for Rapid MR Imagingylagnetic Resonance in Medicineol.
58, no. 6, December 2007, pp. 1182-1195.

[77] M. Lustig, D. L. Donoho, J. M. Santos, and J. M. Pauly, Mjaessed Sensing
MRI,” IEEE Signal Processing Magazineol. 25, no. 2, March 2008, pp. 72—-82.

[78] J. Makhoul, “A Fast Cosine Transform in One and Two Disiens,” [IEEE Trans-
actions on Acoustics, Speech, and Signal Processoig28, no. 1, February 1980,
pp. 27-34.

[79] A. Maleki and D. L. Donoho, “Optimally Tuned IterativeeRonstruction Algo-
rithms for Compressed SensinglEEE Journal of Selected Topics in Signal Pro-
cessingvol. 4, no. 2, April 2010, pp. 330-341.

[80] S. Mallat and Z. Zhang, “Matching Pursuits with Timeeguency Dictionaries,”
IEEE Transactions on Signal Processjngl. 41, no. 12, December 1993, pp. 3397—
3415.

[81] R. Marcia, Z. Harmany, and R. Willett, “Compressive @ddAperture Imag-
ing,” Computational Imaging Ill San Jose, CA, January 2009, Proc. SPIE 7246,
p. 72460G.

[82] S. Mun and J. E. Fowler, “Block Compressed Sensing ofgesalJsing Directional
Transforms,” Proceedings of the International Conference on Image Fsiog
Cairo, Egypt, November 2009, pp. 3021-3024.

[83] S. Mun and J. E. Fowler, “Residual Reconstruction foodk-Based Compressed
Sensing of Video,”Proceedings of the Data Compression Conferedcé\. Storer
and M. W. Marcellin, eds., Snowbird, UT, March 2011, pp. 1832

140



[84] S. Mun and J. E. Fowler, “DPCM for Quantized Block-Bas&mmpressed Sensing
of Images,’Proceedings of the European Signal Processing Conferdweharest,
Romania, August 2012, to appear.

[85] H.G. Musmann, “Predictive Image Codindshage Transmission Techniqu#&g. K.
Pratt, ed., Academic Press, 1979, pp. 73-112.

[86] D. Needell and J. A. Tropp, “CoSAMP: Iterative Signaldeeery from Incomplete
and Inaccurate Samplesfpplied and Computational Harmonic Analysi®l. 26,
no. 3, May 2009, pp. 301-321.

[87] J. Portilla, V. Strela, M. J. Wainwright, and E. P. Singefli, “Image Denoising
Using Scale Mixtures of Gaussians in the Wavelet DomdiBEE Transactions on
Image Processingol. 12, no. 11, November 2003, pp. 1338-1351.

[88] R. Robucci, J. D. Gray, L. K. Chiu, J. Romberg, and P. BasiCompressive Sens
ing on a CMOS Separable-Transform Image Senstngteedings of the IEEEoI.
98, no. 6, June 2010, pp. 1089-1101.

[89] J. Romberg, “Compressive Sensing by Random Convailiti®lIAM Journal on
Imaging Sciencewol. 2, no. 4, December 2009, pp. 1098-1128.

[90] P. Schniter, L. C. Potter, and J. Ziniel, “Fast Bayesvwatching Pursuit: Model Un-
certainty and Parameter Estimation for Sparse Linear MgdH#EE Transactions
on Signal Processin@008, submitted.

[91] C. E. Shannon, “A Mathematical Theory of CommunicafiomThe Bell System
Technical Journaglvol. 27, July, October 1948, pp. 379-423, 623—-656.

[92] C. E. Shannon, “Communication in the Presence of NbiBmceedings of the IRE
vol. 37, no. 1, January 1949, pp. 10-21.

[93] C. E. Shannon, “Coding Theorems for a Discrete Sour¢k svFidelity Criterion,”
IRE International Convention Record, Part¥959, vol. 7, pp. 142-163.

[94] J. M. Shapiro, “Embedded Image Coding Using Zerotrd&¥avelet Coefficients,”
IEEE Transactions on Signal Processjngl. 41, no. 12, December 1993, pp. 3445—
3462.

[95] G. J. Sullivan, “Multi-hypothesis Motion Compensatiéor Low Bit-rate Video
Coding,” Proceedings of the International Conference on Acoussggech, and
Signal ProcessingMinneapolis, MN, April 1993, vol. 5, pp. 437-440.

[96] J. Z. Sun and V. K. Goyal, “Optimal Quantization of Randdleasurements In
Compressed Sensing?roceedings of the IEEE International Symposium on Infor-
mation TheorySeoul, Korea, June 2009, pp. 6-10.

141



[97] W. Sweldens, “The Lifting Scheme: A New Philosophy imoBhogonal Wavelet
Constructions,” Wavelet Applications in Signal and Image Processing All F.
Laine, M. A. Unser, and M. V. Wickerhauser, eds., San Diegd, Quly 1995,
Proc. SPIE 2569, pp. 68-79.

[98] D. Takhar, J. N. Laska, M. B. Wakin, M. F. Duarte, D. Bay& Sarvotham, K. F.
Kelly, and R. G. Baraniuk, “A New Compressive Imaging CamArahitecture
Using Optical-Domain CompressionComputational Imaging 1VC. A. Bouman,
E. L. Miller, and I. Pollak, eds., San Jose, CA, January 2606¢. SPIE 6065, p.
606509.

[99] R. Tibshirani, “Regression Shrinkage and Selectiantkie Lasso,”Journal of the
Royal Statistical Society, Series\wl. 58, no. 1, 1996, pp. 267—288.

[100] M. Trocan, B. Pesquet-Popescu, and J. E. Fowler, “G@pt Rate Distortion Algo-
rithm for Contourlet-Based Image CompressioRfbceedings of the International
Conference on Image Processjrigan Antonio, TX, September 2007, vol. 3, pp.
169-172.

[101] J. Tropp and A. Gilbert, “Signal Recovery from Randoneagdurements Via Or-
thogonal Matching Pursuit]JEEE Transactions on Information Thegmpol. 53, no.
12, December 2007, pp. 4655—-4666.

[102] J. A. Tropp and S. J. Wright, “Computational Methods$parse Solution of Linear
Inverse ProblemsProceedings of the IEEE0I. 98, no. 6, June 2010, pp. 948—-958.

[103] Y. Tsaig and D. L. Donoho, “Extensions of Compresseds8ey,” Signal Process-
ing, vol. 86, no. 3, March 2006, pp. 549-571.

[104] N. Vaswani and W. Lu, “Modified-CS: Modifiying Compreéas Sensing for Prob-
lems with Partially Known Support/EEE Transactions on Signal Processjngl.
58, no. 9, September 2010, pp. 4595-4607.

[105] R. G. Vaughan, N. L. Scott, and D. R. White, “The Theofandpass Sampling,”
IEEE Transactions on Signal Processjngl. 39, no. 9, September 1991, pp. 1973—
1984.

[106] M. B. Wakin, J. N. Laska, M. F. Duarte, D. Baron, S. Sdmamn, D. Takhar, K. F.
Kelly, and R. G. Baraniuk, “An Architecture for Compressimeaging,” Proceed-
ings of the International Conference on Image Processittanta, GA, October
2006, pp. 1273-1276.

[107] M. B. Wakin, J. N. Laska, M. F. Duarte, D. Baron, S. Sdmam, D. Takhar, K. F.
Kelly, and R. G. Baraniuk, “Compressive Imaging for VideopResentation and
Coding,” Proceedings of the Picture Coding Symposiuieijing, China, April
2006.

142



[108] L. Wang, X. Wu, and G. Shi, “Progressive QuantizatibrCompressive Sensing
Measurements Proceedings of the Data Compression Conferedcé. Storer and
M. W. Marcellin, eds., Snowbird, UT, March 2011, pp. 233-242

[109] L. Wang, X. Wu, and G. Shi, “Binned Progressive Quaatian for Compressive
Sensing,” IEEE Transactions on Image Processimgl. 21, no. 6, June 2012, pp.
2980-2990.

[110] S. J. Wright, R. D. Nowak, and M. A. T. Figueiredo, “SgarReconstruction by
Separable Approximation/EEE Transactions on Signal Processjngl. 57, no. 7,
July 2009, pp. 2479-2493.

[111] X.Wu, X. Zhang, and J. Wang, “Model-Guided AdaptivecBeery of Compressive
Sensing,"Proceedings of the Data Compression Conferedc@. Storer and M. W.
Marcellin, eds., Snowbird, UT, March 2009, pp. 123-132.

143



