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Abstract

Imaging systems play an important role in many diverse applications. dguirements
for these applications, however, can lead to complex or sub-optihdesigns. Tradi-
tionally, imaging systems are designed to yield a visually pleasing repeatation, or
\pretty picture"”, of the scene or object. Often this is because auman operator is
viewing the acquired image to perform a speci ¢ task. With digital computers increas-
ingly being used for automation, a large number of algorithms have & designed
to accept as input a pretty picture. This isomorphic representatio however is nei-
ther necessary nor optimal for tasks such as data compressitnansmission, pattern
recognition or classi cation. This disconnect between optical measement and post
processing for the nal system outcome has motivated an inteftesn computational
imaging (Cl). In a CI system the optical sub-system and post-paessing sub-system
is jointly designed to optimize system performance for a speci c tlasin these hybrid
imagers, the measured image may no longer be a pretty picture buwther an inter-
mediate non-traditional measurement. In this work, applications fonon-traditional
measurements are considered for computational imaging. Two ®ms for an image
reconstruction task are studied and one system for a detectioask is investigated.
First, a Cl system to extend the eld of view is analyzed and an expenental proto-
type demonstrated. This prototype validates the simulation studyand is designed to
yield a 3 eld of view improvement relative to a conventional imager. Second Cl
system to acquire time-varying natural scenes, i.e. video, is devyaednl. A candidate
system using 8 8 16 spatiotemporal blocks yields about 292 compression com-
pared to a conventional imager. Candidate electro-optical arcldttures, including
charge-domain processing, to implement this approach are also disged. Lastly, a
Cl system with x-ray pencil beam illumination is investigated for a detgion task

where system performance is quanti ed using an information-thegtic metric.
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Chapter 1

Introduction

1.1 Conventional Imaging Systems

A basic component of a conventional imaging system is a lens. While tbapability
of a lens to magnify an image was previously known, the rst practi¢application in
the form of spectacles came about in the year 1270. Deeper ursi@nding, however,
of the properties of a lens would come much later in the 1600s. Duritigs period,
connections were made between the focal length of a lens and lemwature initially
by Cavalieri in 1647. Later, the relationship between the focal letig of a lens to
the object and imaging planes was derived by Newton circa 1670. Bg7B it was
suggested by Huygens that light travels as a wave while in 1704 it wasatared by
Newton that light travels as a ray. It wasn't until 1865 with Maxwell's equations that
the wave nature of light was established [1]. These discoveries lay foendations of
traditional optical design.

Conventional imaging systems are typically designed to satisfy givepeci cations
or performance criteria for image quality. Because an image is forchdirectly as
an output of the optical system, this system is completely respabte for image
formation. With the advent of the rst electronic sensor, a charg-coupled device
(CCD) discovered in 1969 [2], it became possible to record image daieedtly in a
digital format. This facilitated application of digital processing to the image data.
For example, this processing can include image enhancement or noesguction to
target detection or classi cation and tracking. A representativeconventional imaging
system diagram is shown in Fig. 1.1.

Advances in optical materials and manufacturing coupled with advaes from

the semiconductor industry have allowed conventional imaging sgshs to be pro-
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Figure 1.1: Representative conventional imaging system.

duced with relatively low cost while providing high image quality. Electroit sensors
constructed using complementary metal-oxide semiconductor (GD&) technology [3]
with multi-megapixel counts have become commonplace. Corresplomgly, handheld

cameras employing sensors on the order of 20 megapixels with indidtdetector sizes
approaching the wavelength of visible light are readily available. This kallowed dig-
ital cameras to be ubiquitous. Together with increasing availability oEomputational

resources a large number of real-time post-processing algorithtesprocess image
data have been developed. Consequently, this has spawned numaerapplications in
security and surveillance, medical diagnostics, entertainment, drautonomous vehi-
cles for example. It should be clear that any post-processing ocsafter an image has
been formed by the optical sub-system and recorded. Convemtéd imaging systems
and associated post-processing algorithms have found widesprsaccess in many di-
verse applications. However, the independent and separate desaj the optical and

post-processing sub-systems may not be optimal for achievingeoall system goals
or best utilize available design resources. This has motivated an ingést in compu-

tational imaging (Cl) [4{7] where the optical and post-processingub-systems are

jointly designed. Computational imaging can o er advantages forpeci ¢ tasks.

1.2 Computational Imaging Systems

The term computational imagingis generally de ned to have some form of compu-

tation or post-processing as an integral part of the nal image fonation process or
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Figure 1.2: Representative computational imaging (CI) system.

output [8]. Systems of this type are hybrid imaging systems where @hoptical and

post processing sub-systems are jointly designed to optimize merhance for a spe-
ci c task. For instance, this can include a reconstruction task to ppduce output for

human observation or a detection task where a visually pleasing imagey not be

needed. By simultaneously considering both optical and computatial degrees of
freedom, this results in a larger design space than would have beesikble using

conventional design techniques. Whereas a conventional imagirygtem may seek to
optimize image quality, computational imaging allows the optical syste to condi-

tion (code) a signal to preserve information that may have othenge been lost by a
conventional optical imaging system [4]. This task dependent conatihing can lead
to improved system performance relative to a conventional imagirgystem. A rep-
resentative computational imaging system diagram is shown in Fig. 1\#here the
intermediate optically coded image must be decoded by a post-prgseg sub-system
to produce the nal image or output.

To illustrate a ClI system that performs an image reconstruction sk we rst look
at an example that seeks to improve the depth of focus relative to @nventional
imaging system. This CI system is described in [4] where the coding mstconsist of
a cubic phase mask placed at the aperture stop followed by imagingtiop to form an
intermediate image. A diagram of this Cl system is shown in Fig. 1.3a. &hould be
emphasized that the intermediate image must undergo post-pr@sing to recover the

nal image. A cubic phase mask pro le is placed at the aperture stop encode the
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Figure 1.3: (a) Computational imaging system using a cubic phase nka@) Cubic
phase mask pro le placed at the aperture stop (c) Intermediate iage (d) Final image
of oil bubbles on a leaf after post-processing (example images amnf [4]).

object. This mask is described by = (x3+ y%) where is a system parameter and
a representative mask is shown in Fig. 1.3b. The intermediate image @f bubbles
on a leaf resulting from the use of this mask formed by the imaging ogs appears
to be degraded as seen in Fig. 1.3c. After this intermediate image w@ngoes post-
processing the nal image is recovered where both the leaf and oililibles are in
focus as shown in Fig. 1.3d. In comparison to a conventional imagarany of the oil
bubbles would have been out of focus due to a smaller depth of focUshis type of
system illustrates how joint utilization of available resources can besed to improve

system performance to a level that may not be achievable with caemtional designs.

A CI system can also be compressive in that the number of measummts can be

signi cantly lower than the number of measurements taken by a ceentional imaging
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system. One prominent example of this type of Cl system for an imageconstruction
task is the single pixel camera described in [7]. This system is based ba hotion of
compressive sensing [9,10] where a small number of samples welvb#te minimum
number of samples required by the classical Shannon sampling theror[11{14] are
needed to recover the signal. In compressive sensing it is assumiealt the signal
of interest (i.e. the image) has a sparse representation in a knowadis. In other
words, the signal can be represented by a few coe cients. Pracally, the signal need
not be exactly sparse but well approximated by a few coe cients. fis may result
in some loss of signal delity after reconstruction and can be vieweas a form of
lossy compression. Signal recovery algorithms exploit this sparstty reconstruct the
signal. Realization that only a few coe cients are needed to recornsict an image
has enabled this type of computational imaging system.

As the name \single pixel camera" suggests, all of the irradianceofn a static
input scene (the object) is collected by a single photodetector. Wever, before col-
lection the coding optics include a digital micromirror device (DMD) at he imaging
plane. Thus, the measurement is a linear projection of the static inp scene with a
mask pattern present on the DMD. A diagram of this Cl system is sk in Fig. 1.4a.
In exchange for using a single photodetector, multiple measurentem@re taken in se-
guence in order to reconstruct the nal image. Each mask, i.e. thepecic set of
mirror positions on the DMD, is randomly generated for each measment to en-
code the object. During the post-processing step, the measments together with
the known mirror mask patterns are used to reconstruct the nkimage. An example
reconstruction of a 64 64 pixel image using 1600 measurements is shown in Fig. 1.4b.
This system is compressive since only 1600 measurements are padd whereas a
conventional imager requires 4096 measurements. It should betewthat the im-
age reconstruction algorithm is non-linear whereas the acquisitiomqeess is linear.
Another benet of compressive imaging is a reduction in the data aoggition rate

and corresponding reduction in data transmission or storage regements. For this
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(a) (b)

Figure 1.4: (a) Diagram of a single pixel camera (b) Reconstructiori a 64 64 pixel
image using 1600 measurements (example image from [7]).

example, the compressive imager performs a single measurememttipee step while
a corresponding conventional imager performs 4096 measuretagone measurement
for each of the 4096 photodetectors in parallel) per time step. Bagse the image
acquisition and post-processing sub-systems are designed indeleatly in conven-
tional imaging system the data acquisition rate and data storage gairements must
scale with the pixel count. To address the growing data storage @riransmission
requirements various data compression techniques such as JPEG|[IPEG2000 [16]
and MPEG [17] have been employed after image acquisition. While suamapression
techniques are widely successful, the development of gigapixel slaameras [18] may
require alternative approaches to address the explosive growth data storage and
transmission requirements. In a compressive imaging system thensibis encoded or
compressed during the measurement acquisition process to regltice e ective data
acquisition rate [19].

In the previous example, the randomness of the mask requires anflmear re-

construction algorithm with an appropriate sparsity constraint. B/ choosing an al-
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ternative set of linear projections it may no longer be necessary tse a non-linear
reconstruction algorithm. As a nal example, a compressive CI stigm for an image
reconstruction task that takes this approach in can be found in [5])n this system a
non-random basis is used rather than a randomly generated basihis type of CI

system is also referred to as a feature speci c imaging (FSI) syste This approach
is notable because it is essentially a direct optical implementation ofansform cod-
ing [20] where each measurement is a transform coe cient or feats The nal image

is recovered during a requisite post-processing step where a lineperator can be ap-
plied to the measurements instead of a more complex non-linear reexy procedure,
e.g. the solution to an optimization problem. Note that depending onhie optical ar-
chitecture, multiple projections can be implemented simultaneouslpf measurement
during a single time step [21].

In several post-processing algorithms designed for conventibiraaging systems,
it is common to convert the high dimensional image measurement daitsto a lower
dimensional space before performing a given task [22{27]. This grescessing step
is typically referred to as feature extraction. Because a featumxtraction step is
required for conventional image data, this suggests that there & sub-optimal allo-
cation of system resources and a Cl data acquisition process may liene cial. One
advantage in using a Cl system is that the post-acquisition featurextraction step
can be directly implemented by the optical sub-system. For instae¢ see [28,29] for
two example FSI systems which exploit this design choice for a classiton task.
Both of these systems o er improved performance relative to a seentional imaging
system.

In order to evaluate the performance of any system a performas metric must
be selected. Several performance metrics can be found in the htieire, for instance,
see [30]. Two widely used metrics to quantify task speci ¢ performae include root
mean square error (RMSE) for estimation tasks and probability ofreor for detection

or classi cation tasks. An alternative information-theoretic basd metric referred to as
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task-speci c information (TSI) can also be used to quantify task @rformance [31,32].
This metric is attractive because it quanti es the information cont@t present in a
measurement and can be used to nd an upper bound on the penfioance ofany task
speci ¢ algorithm. While the actual system performance dependsidhe particular
algorithm used, the TSI bounds are useful for the comparison addk-speci ¢ perfor-
mance in various system designs. In particular, TSI can be related the probability
of error by Fano's inequality [33] to provide a means to compare piosctive system
designs. Thus, evaluation of Cl system performance can be degled from specic
algorithms. Both RMSE and TSI will be used to evaluate system penfimance in this

work.

1.3 Dissertation Contributions and Organization

The focus of this work is on the applications of computational imaginigr two types of
tasks: image reconstruction and target detection. Speci callyht main contributions

of this work are to:

1. Develop a superposition imaging based computational imaging syt for an
image reconstruction task to improve the eld of view (FoV) of a natow FoV
conventional imager. This study examines the e ects of various sigem param-
eters, including measurement SNR and the number of elds of view IErted,
on system performance. This system is also experimentally demaastd to

validate the simulation study. Practical considerations are also digssed.

2. Develop an extension to the FSI system described in [5] for dynammatural
scenes (objects) by incorporating temporal correlation. Prewis approaches
only considered static objects and spatial correlation can be applid¢o dy-
namic natural scenes, however, they fail to exploit any redunday in the tem-

poral dimension. Simulation results show that by also considering tgroral
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correlation an improvement in compression can be realized. Describatential

electro-optical architectures to implement this approach.

3. Investigate a system using x-ray pencil beam illumination and ergr resolving
detectors for a detection task. Quantify the performance of vimus measure-

ment con gurations of absorption and di raction measurements.

The remainder of this dissertation is organized as follows:

A superposition imaging based CI system is described in Chapter 2 tetend
the eld of view of a conventional imager. Traditional approachesa wide eld
of view (FoV) imager design usually lead to overly complex optics with higop-
tical mass and/or pan-tilt mechanisms that incur signi cant mechaical/weight
penalties, which limit their applications, especially on mobile platforms sh
as unmanned aerial vehicles (UAVs). The CI system presented is angpact
wide FoV imager design based on superposition imaging that employsrthim

shutters and multiple beamsplitters to reduce system weight and elimate me-
chanical pointing. The performance of the superposition wide FoV mger is
guanti ed using a simulation study and is experimentally validated, demnstrat-
ing a 3-fold increased FoV relative to the narrow FoV imaging optics guoyed
in the imager design. The performance of a superposition wide FoV igex is
analyzed relative to a traditional wide FoV imager and it is found that ito ers
comparable and in fact superior performance in low light conditions drfor high

read noise.

Chapter 3 presents an extension to feature speci ¢ imaging systedescribed
earlier for time-varying scenes. In natural time-varying scene$ere is a high
degree of temporal correlation that may also be exploited. Becausarlier FSI
systems only considered spatial correlation, by exploiting tempdraorrelation

further compression can be achieved relative to these earlier appches. In
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this chapter, space-time compressive imaging using Karhunendwe (KL) pro-

jections for the read-noise limited measurement case is analyzedasBd on a
comprehensive simulation study it is shown that a KL based space-tercom-
pressive imager o ers higher compression relative to space-onlyngwessive
imaging. Additionally, under high read-noise conditions a space-timemmpres-
sive imaging system yields lower reconstruction error than a cont&mal imag-

ing system due to the multiplexing advantage. Three electro-optitapace-time
compressive imaging architecture classes including charge-domaiogessing by

a smart focal plane array (FPA) are also discussed.

The previous chapters dealt with image reconstruction. In Chaptet, a system
using polychromatic x-ray pencil beam illumination for a detection/clasi cation
task will be investigated. Non-destructive testing (NDT) by x-rayimaging is
commonly used for nding manufacturing defects, cargo inspectioor security
screening. These tasks can be regarded as examples of a detegiimblem
where a target (threat) is either present or not. Water and dieseare two
liquids chosen as non-threat and threat materials, respectivelyprfthis study.
Three di erent threat class con gurations are examined: a homameous ob-
ject with xed thickness, a homogeneous object with stochastichickness, and
a dual-material object (i.e. representing a target and clutter) wh stochastic
thickness where the threat material has a xed thickness. The TSnetric is

used to quantify system performance for various system con gations.

Chapter 5 concludes this dissertation and discusses future wordevant to the

continued development of the topics presented.
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Chapter 2

Increased Field of View Through Optical
Multiplexing

Computational imaging (Cl) provides an alternative way to distribute available design
resources to achieve system goals. Systems that are impractisalnrealizable using
conventional optical design techniques can be enabled throughethdditional design
degrees of freedom accessible by CI. In this chapter, a Cl systéwna reconstruction

task to improve the eld of view of a conventional camera is presesd.

2.1 Introduction

Current reconnaissance and surveillance cameras include so-calgeia straw" nar-
row eld of view (FoV) imagers that require mechanical pointing to abieve adequate
coverage at high resolution. At each measurement instant a sulo¥ corresponding
to a di erent part of the desired scene is sequentially captured. @e all of the sub-
images are acquired in this pan and tilt system they are appropriatelyled to form
a high resolution wide eld of view image of the scene. While conceptuakyraight-
forward, only a partial section of the desired scene is acquired aah measurement
instant. Moreover, the mechanical complexity of such a system ksto increased size
and weight.

Note that a system that captures each sub-FoV sequentially in times inherently
photon ine cient. For example, assume the narrow FoV system cdributes on aver-
ageQ photons per pixel, following a Poisson distribution, to the imaging seos per
unit time. After an observation time a total of | °sub-images are collected. Further,
assume that the imaging sensor has a collection e ciency and the measurement

is corrupted by both Poisson shot noise (i.e., with variance equal thé signal) and
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signal-independent Gaussian detector noise with zero mean andisacel® 2. Note
that the detection noise scales witH © because the noise bandwidth is linear ih°
for a xed total observation time. In this case, the electrical sigal-to-noise ratio
(SNR) [30, 34] of each pixel measurement is given by

(Q=19" .
(Q=19+1oz

When the system is shot noise limited, i.e. when, ! 0, then the SNR= Q =| ©

SNR =

(2.1)

and when the system is detector (read) noise limited then the SNR € = ((193 2).
Also from Eg. (2.1) we observe that increasing the number of sub-agesl ° collected
decreases the SNR for a xed observation time.

Another conventional wide eld imaging approach would employ the sae imag-
ing sensor to directly image the desired scene at a lower resolutionhi§ approach
can be augmented with a more sophisticated optical system and adar imaging
sensor with a higher pixel count to produce a high resolution image.oltever, these
augmentations again lead to increased system size and weight. ledgit is well-
known that increasing the FoV brings greater than linearly growingasts in optical
mass [35]. As a result of the various costs that accompany convenal wide FoV
imaging techniques, these systems have limited applications, espkgidor mobile
platforms like unmanned aerial vehicles (UAVs). To reduce some dfdse physi-
cal requirements and retain a high resolution image, in this chapterendescribe a
compact thin- Im shuttered multi-beamsplitter superposition imagirg solution and

demonstrate its functionality through an experimental prototype.

2.2 Optical Architecture

An alternative approach to wide FoV imaging without incurring signi cant size and
weight penalties can be realized with spatial-multiplexing or superpogin space

imaging. This is accomplished by superimposing multiple sub- elds of vieanto a
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Figure 2.1: Diagram of superposition imaging, ; Xjo = Mjp.

common imaging sensor to form a composite image. In superpositiggase imaging,
as the name implies, each pixel measurement in the composite image superpo-
sition of corresponding pixels from the individual sub- elds of view. Aschematic
depiction of superposition imaging is shown in Fig. 2.1 where each pixeltime j ™
sub-image X is denoted byx;,, and the i resulting composite image is denoted by
M; with each pixel denoted bym,.

A number of dierent techniques have been described in the literata to ac-
complish superposition imaging. One architecture that employs multig lenses and
mechanical shutters to achieve this goal is described in [36]. In thaystem, each
lens images a portion of the scene onto a common imaging sensor aad emulate
a conventional pan and tilt mode of operation by opening a single shat at a time.
An alternative architecture based on a beamsplitter and linearly tnaslating mirror is
described in [37]. By capturing a sequence of superimposed imagegenthe mirror
position is shifted, the overall eld of view can be reconstructed. Aimilar approach

described in [38] uses a beamsplitter and a rotating mirror to accolligh superpo-
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sition imaging. Yet another approach employs a binary combiner amgement that
incorporates shutters to perform superposition imaging. The dritecture described
in [39] combines superposition imaging with point spread function (P$ngineering
using sparse apertures, micropistons and microprisms. In that v the sparse aper-
ture is implemented using an \eyelid array" where each eyelid is a voltagontrolled
electrostatic ap that can open and close a small aperture. Notehat all of these
implementations, however, involve some mechanical aspect.

To achieve a wide FoV using superposition space imaging, multiple noedundant
composite image measurements must be acquired. These multiple mgaments are
subsequently used to recover the original sub-images. Multiplexiramd encoding a
source is a traditional technique in multiplex spectroscopy [40{42]. &her than use a
mechanical shutter, the optical properties of a number of matels can be exploited
to implement an optical modulator. Two common types are electroochmic materials,
usually found on switchable window glass, and liquid crystal (LC) mat&ls. In this
chapter, an LC based multi-beamsplitter system that can superingse three sub- elds
of view will be considered. A diagram of such a 3-FoV system, which wdkrve as
the basis of our experimental implementation, is shown in Fig. 2.2(alhe selection
of LC for the shutter material also imposes an additional polarizerequirement at
the entrance aperture of the system. Using a polarizer decreashe overall light
collection ability of the system by a factor of two, however, it is reqeed to enable
operation of the LC shutters. While only three sub- elds of view areonsidered here,
the described architecture can be extended to accommodate #atohal sub-images in
the horizontal and/or vertical directions.

In our system, plate beamsplitters are used to tilt and optically supenpose
the sub- elds of view presented to the imager. Following each beapfitter is an
electronically controlled shutter where the thin- Im material is depsited directly on
each beamsplitter to form a compound dual purpose element. Wharshutter is in the

closed state the corresponding sub- elds of view are suppresgesim the composite
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Figure 2.2: Conceptual 3-FoV system top view (a) diagram (b) systn parameters.

image.

Note that the use of spatial-multiplexing in this architecture also leaslto increased
photon e ciency. In this superposition imaging caseJ sub-images are collected si-
multaneously as a composite image measurement.l lequal exposure measurements
are taken within a total observation time and given that each sub-FoV again con-
tributes to an average ofQ photons/pixel/unit time to the imaging sensor then the
composite pixel electrical measurement SNR is given by

— 2 — 2
SNR = Q35 35T " (@) (T 50 (22

Under low-light conditions when the system is read noise limited then ¢hSNR =

Q J 2=(1® 2) and a multiplex advantage [43] 082 becomes apparent when compared
with Eqg. (2.1). When the system is shot noise limited then there is a mugilex

advantage ofJ.
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2.3 Imaging System Model

For convenience, the object space is partitioned and indexed frdeft to right into
J = 3 sub- elds of view. Thus, as shown in Fig. 2.2(b), the front beanmitter is
de ned as the 3¢ re ective surface providing the image % of FoV 3. The middle
() = 2) beamsplitter provides X;, and the back { = 1) mirror provides X;. The
system parameters for this 3-FoV system include the distance fnothe camera lens
to the j™ beamsplitter (mirror) d;, the angular eld of view of the camera lens ,
and the rotation angle of the respective elemen relative to the optical axis of the
camera. The remaining parameters shown include th¢' beamsplitter transmission
and re ection coe cients given by ;r and g, respectively, and the associated
shutter open state transmission coe cients given by; .

In order to successfully disambiguate the individual sub-images, ftiple non-
redundant composite image measurements of the wide FoV scene aeeded. In the
optical architecture described above, each sub-image is superospd onto an imaging

sensor with thei!™ composite pixel measurement given by

X
mip = (hij Xjp) + n (2.3)
j=1
wheren N (0; 2)is additive white Gaussian detector noisexj, corresponds to the
p" pixel in the j™ sub-image X, and the h; coe cients are directly related to the
physical parameters of the optical multiplexer. These physical pameters include the
beamsplitter transmission and re ection coe cients and shutter sates. Therefore, by
changing the shutter states di erent linear combinations of the du elds of view can
be measured. Since thg" composite image measurement consists oPapixel image
from the imaging sensor and the pixelwise measurement in Eq. (2.3) epeated (in
parallel) for each pixel, thep subscript will be dropped to simplify notation.
The dynamic range associated with each sub-image can be uniformhapped

into equally allocated portions within the full dynamic range of the composite image.
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By considering a measurement with all shutters in the open state drsetting hy; =
hi, = hys, the required beamsplitter coe cients ; to equally subdivide the full sensor

dynamic range for this 3-FoV system can be computed from the folling system of

equations
hu= % % wrk3k3
ho= % 2rKS (2.4)
hiz = 3R

where g = 1 since the back surface is always a mirror. It is assumed that the
beamsplitters are spatially uniform and do not have absorptive losgesulting in jg +

it = 1. The squared terms result from the folding in which the light través through
the same optical elements twice before reaching the imaging senssolving Eq.(2.4)
using k; = k = 0:62 for the liquid crystal material used, yields »r 0:77 and

st 0:92. It should be noted that the LC shutters are also assumed to Ispatially
uniform. Based on these values, a standard beamsplitter ratio af3l{ ,+ = 0:75) was
then chosen for the middle beamsplitter and plain glass with an apprioxate ratio of
1:11.5, which closely matches the computed transmission coe ciemias used for the
front beamsplitter.

The disambiguation problem to recover each Xforj = 1:::J can be formulated
as an inverse problem. As there are three sub-images and two gshrg, at least
three non-redundant measurements from the four possible stkert combinations are
required to ensure a well-conditioned inverse problem. The shutteombinations can
be represented by a binary-valued vectdsss,i wheres; = 0 denotes an open shutter,
s; = 1 denotes a closed shutter and the subscript identi es the shuttr position. In
particular, the three measurementsn;; m,; and ms corresponding to the 00 all open,

h01i front open and middle closed, andilli all closed shutter states, respectively, will
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be used. These measurements can be written as

2 3 2 32 3 2 3
my hir hp his X Ny

4m,0 = 4hy; hyy hygd 4x,0 + 4nyd (2.5)
ms; hs; hsp hss X3 N3

or more compactly as
m = HX + n (2.6)

for each pixel position. As the beamsplitters and thin- Im shuttersare assumed to be
spatially uniform H is spatially invariant. Thus the sameH will be used for all pixel
positions. It should be noted that, depending on the shutter mat&l used, the light
attenuating performance of thehlli shutter state may not necessarily be equivalent
to the light attenuating performance of thehlG shutter state.

For simplicity, H is normalized such that unity is the maximum value for any
element. Further, let aperfect shutter be a device in which there is lossless transmis-
sion in the open state and no transmission in the closed state. With gect shutters
the 01 shutter state associated with the second measurement resultsanly two
sub-imagean, = X, + X3 being superimposed. At each beamsplitter, as the thin- Im
material is placed following the re ective surface, the following coritions must be
true hi3 = hos = haz and hi, = hy,. The former condition is due to the front surface
always re ecting the third FoV X3 and the latter condition is due to the front shut-
ter remaining in the same state during these two measurements. U3) with perfect

shutters the normalized ideaH is given by

2 3
111

=40 1 1: (2.7)

0 01
When imperfect shutters are in the closed state there is a nite anomt of transmission
through the shutter. This results in non-negligible contributions tahe composite im-
age from the sub- elds of view that would otherwise be blocked. Tke contributions

are represented by thdeakagecoe cients hy; hsy; and ha,.
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P
Each measurementm; =  ;(hjx;) + nwith i = 1:::1 andj =1:::J is a

function of the shutter state, leading to a measurement SNR givdoy

P J
=1 hj Q =l
MSNR = —p— : (2.8)
= hp Q=1 +1 2

n

When this system is shot noise limited then the mSNR= P j h;j Q =I and when
read noise limited then the mMSNR= P (hj Q =(1% ).

For comparison with the conventional SNR given in Eq. 2.1 the SNR ofié recon-
structed sub-images must be used. The composite image measwesi®m are used to
estimate the individual sub-image® pixel-by-pixel after applying a linear reconstruc-
tion. Here we use the linear minimum mean square error (LMMSE) estator [44]

(Wiener reconstruction) de ned as

1

2=CH" HC,HT+C, "m (2.9)

= Wm

whereC, = E[xx "] is the (pixelwise) object autocorrelation matrix andC,, = E[nnT]

is the detector noise autocorrelation matrix. Because no correilan is expected be-
tween non-overlapping sub- elds of view, the object autocorreian matrix becomes
diagonal. Moreover, assuming the same average intensity for each sub-FoV yields

2
2,

Cx = 2I. Also, as the detector noise is i.i.d the noise autocorrelatidd,, =
For any linear reconstruction operatorW, in general, with elementsw; and a
measurement SNR of Eq. (2.8), a reconstruction SNR is given by

P P
-1 Wi oy hjo Q =

ISNR, = p (2.10)

|_l
| J _
=1 Wi ey (NjeQ =1 )+ 1 2

When the measurement is shot noise limited then the reconstructi®NR is given by

P P 2
-1 Wi oy hjo Q =
D

2 —
i=1 Wi jo1 hijo Q =l
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Similarly, when the measurement is read noise limited then the reconsttion SNR

is given by

rSNR; =

Again as the number of measurements increases, the resulting measurement SNR
and reconstruction SNR both decrease. Since this reconstructi®NR also depends
on a reconstruction operator which in turn depends oH, if H is not well-conditioned

then some of the multiplex advantage may not be preserved throlugeconstruction.

2.3.1 Forward Model Estimation

The coe cients of H are directly related to the optical properties of the elements
comprising the optical multiplexer. Using the normalized forward moal, the leakage
coe cients can be directly estimated by taking control measuremds. Individual
sub- elds of view can be measured by physically blocking the otherlsuelds of view.
Allowing only a single sub-FoV with all of the shutters in an open stateasults in
a measurement )ﬁXp which is a scaled version of th¢™ sub-image. Subsequently,
a sub-FoV measurement with a scaling corresponding to a particulahutter state
can be obtained. Thus, the leakage coe cients can be estimateding these control
measurements.

For the 3-FoV system, theh,; coe cient can be determined by taking two mea-
surements in which % and X; are physically blocked. The rst measurement X*
= X'lm represents the maximum possible contribution of Xto the imager for the
hOO shutter state. The second measuremerﬁzOli corresponds to the (leakage) con-
tribution of X ; through a thin- Im shutter in the closed state. Thus, the normalizel
h,; leakage coe cient is given byh,; = e(*f;l‘ #;%Oi. If the image is not uniform then
the pixel position p can be chosen as the location corresponding to maﬁ?'l00i
or the brightest pixel. Similarly, the remaining leakage coe cients aregiven by

— a1l _,h00i _ a1l _ 00
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Replacing the zero values in the ideal normalized of Eq. (2.7) with these leakage
coe cients leads to an initial estimate of the normalized forward modl. Using this
initial estimate, the coe cients can be further re ned by using theXfXp measurements.
Since )pr is treated as the a truth image, this can be used to compute and minipe
an estimated mean squared error (MSE) of the LMMSE reconstried sub-images

while optimizing over the coe cients of H, or

X n 0]
H yse =argmin E kX Rjk3 (2.11)
H .
=1
St: h13 = h23 = h33

hi2 = hy

where E[] is the expectation over all pixels in the image, ﬁ(p and k,- are lexico-
graphically ordered into vectors and then; equality conditions are given for a 3-FoV

system.

2.4 Results
2.4.1 Simulation Study

In a conventional imaging system, each measurement is a direct regentation of a
sub- eld of view. In contrast, a set of measurements in a supergiion imaging sys-
tem must be used to recover the individual sub- elds of view. A numal simulation
was performed for this 3-FoV system architecture using images wrious buildings
as non-overlapping parts of the object space. The simulated coogite image mea-
surements with additive zero mean Gaussian noise with, = 0:01 for a pixel dynamic
range of [0 1] and each leakage coe cient set to 30% are shown in Fig. 2.3. Us-
ing the simulated measurements, the optimization problem given by E§2.11) was
solved to nd an estimate of the forward modeH ;3. Together with the LMMSE

operator, this forward model estimate was applied to the simulatecomposite image
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Figure 2.3: Simulated composite image measurements with=0.01.; (a) 00 : X, +
X+ X3, (b) MO1 : X, + X 3+ leakage, (c)hll : X3 + leakage.

(@ W ©

Figure 2.4: Simulated LMMSE reconstruction: (a)X1: \ECE", (b) X,: \Old Main",
(c) X3 \OSscC".

measurements to reconstruct the individual sub-images shown ingk-2.4. Here we
employ an image SNR metric to quantify the qualityhof thei rec%nstrued imag?es.
This image SNR metric is de ned aSNR = 10log, E kX;k =E kX7 Rjk2
This results in anBNR of 18.7, 18.1, and 21.1 dB fdk,, X,, and X3, respectively. For
comparison, images corrupted by a relative noise strength of = 0:01 from a con-
ventional imager are shown in Fig. 2.5. For this noise level, the rectngted images
from the superposition imager are comparable to the images frometltonventional
imager.

This is consistent with a reconstruction SNR comparison between géhconven-
tional and superposition imagers. Note that for the conventionalmager the mea-

surement SNR is the same as the reconstruction SNR. Shown in Fig6 2s the av-
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Figure 2.5: Simulated conventional imager with , = 0:01: (a) \ECE", (b) \Old
Main", (c) \OSC".
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Figure 2.6: Average SNR vs Number of elds of view.

erage reconstruction SNR for both the conventional, Eqg. (2.1),nd superposition,
Eq. (2.10), cases as the number of sub- elds of view changes assig a full well
capacity = Q = 100ke for three dierent read noise levels. Here it can be seen
that the SNR for both approaches are comparable and it should benphasized that
the superposition imaging system has lower size and weight than a gentional wide
FoV imaging system. In a conventional imaging system, as the numbef elds of
views () increases the signal power decreases while the noise power irsgeaesult-
ing in a downward trend. In this superposition imaging system a3 increases the
signal power, on average, remains the same while the noise powerdases again re-

sulting in a downward trend, although at a slower rate compared tde conventional
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J Conv. SNR (dB) Avg. rSNR (dB)
3 16.14 14.67
5 9.49 8.14
10 0.46 1.07
15 -4.83 -1.64

Table 2.1: Conventional and superposition SNR comparison fof, = 0:03.

Figure 2.7: Prototype optical multiplexer.

imager. However, in the case of the superposition imager, the muleg advantage
becomes signi cant at low light levels or with high read noise levels. An iatesting
result from Fig. 2.6 is that atJ = 14 and , = 0:02 there is a crossover between the
conventional imager SNR and superposition imager SNR. As the readise increases
the crossover occurs at a lower value df and the superposition imager SNR is again
higher than the conventional imager SNR af =9 and ,, = 0:03. Selected numerical
values from Fig. 2.6 for , = 0:03 have been extracted into Table 2.1 to quantify this

crossover.

2.4.2 Experimental Results

A prototype of the thin- Im shuttered multi-beamsplitter architec ture described above

was constructed and the device is shown in Fig. 2.7. The system paueters for this
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device ared; = 60 mm, dr, =51 mm, d3 =43 MM, iz = 7:3 and yer =55,
1=65, ,=55,and 3 =45 . The beamsplitter assembly has dimensions of about
40 mm 40 mm 30 mm. Also, the 50 mm C-mount lens was operated with an
aperture setting of f/2.8. Parts from readily available commercial C 3-D shutter
eyeglasses were used as our thin- Im shutters. In this design, thent beamsplitter
requires a high transmission coe cient to ensure su cient light throughput. As a
result, an LC shutter panel extracted from the eyeglass asselylwas used directly as
the front (j = 3) beamsplitter in the optical multiplexer device. For this prototype,
an LC shutter panel was used in series with a standard beamsplittésr the second
(j =2) stage. As the second stage is relatively thick, we expect multiple ections
of the sub- eld of view appearing in the composite image.

A low resolution depiction of the object space (scene) placed 3.3 met away
from the optical multiplexer is shown in Fig. 2.8. This object space has horizontal
angular extent of about 45 and a vertical angular extent of about 17. Red boxes
and numerical markers are used to denote the sub- elds of vieweseby the optical
multiplexer from the object space. The horizontal separation ohe sub- elds of view
are based on the rotation angles chosen for mirror and beamspligein the device.
In contrast, high resolution tiles of the object space from a \sodstraw" imager that
requires pointing are shown in Fig. 2.9. For the camera used, the ebgation time per
measurement is=3 = 25 [frames] 1/30 [frames/sec] 0:83 sec and the composite
images after time-averaging 25 frames are shown in Fig. 2.10. Eadmposite image
measurement has an equivalent horizontal angular extent,; = 7:3 and a vertical
angular extent ¢ = 5:5. The estimated equivalent noise standard deviation for
these time-averaged images is,  0:002. Solving Eq. (2.11) using the measured

data results in the following estimate for the forward model

2 3
0:8577 10000 09963

Huse = 40:3164 10000 09963 : (2.12)
0:3015 03109 09963
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Figure 2.8: Low resolution wide eld view of the object space. The \1'\2", and \3"
marker dimensions are 14 cm 21.6 cm.
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Figure 2.9: High resolution \soda straw" view of the object space J&oV 1, (b) FoV 2,
(c) FoV 3.

Using the time-averaged measurements and applying the LMMSE op®r in Eq. (2.9)
with the forward model estimate in Eg. (2.12) yields the individual reenstructed sub-
images shown in Fig. 2.11. In this gure the numerical markers fromaeh sub- eld
of view can be readily identi ed and the e ective horizontal angular gtent is now
21:9 . Comparing the LMMSE reconstructions with (the measured) X results in
the following ENR values of 4, 3.9, and 3.3 dB fok,, R,, and X3, respectively. Re-
peating the numerical simulation using the control measurementsstead of buildings
and EqQ.(2.12) together with ,, = 0:002 yieldsBNR values of 17, 16.6, and 2.2 dB

for X1, X,, and X3, respectively. One reason for this discrepancy is that the contro
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Figure 2.10: Prototype optical multiplexer composite image measuments: (a) 00 :
X1+ X,+ X3, (b) 01 : X, + X3+ leakage, (c)hlli : X3 + leakage

(@ (b) (c)
Figure 2.11: LMMSE reconstruction (a)X; (b) X, (c) Xa.

measurements are acquired with only a single sub-image present witle remaining
sub-images physically blocked. This results in low-illumination conditionsoupled
with the non-linear e ects of the imaging sensor and associated di®mnics. Nu-
merically summing the control measurements yields an estimated cpaosite image
=" ; & that has lower pixel intensity values than the corresponding optidiy

summed measurement. Moreover, note that the simulation uses astimate of the
forward channel matrix which may di er from the actual experimen forward channel
response. Thus contributing to the discrepancy between the imagdelity predicted

by the simulation and the observed experimental performance.
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2.4.3 Discussion

There are practical limitations to the number of sub- elds of view tlat can be col-
lected with this architecture. For this LC based system, a primary ansideration is
the light throughput of the optical multiplexer. An input polarizer causes a factor of
two decrease in the light collection ability of this system while the shuér open state
transmission losses are squared. To mitigate these shutter tramssion losses, the
liquid crystal orientation should be aligned with the appropriate look gtection to pro-
vide maximum transmission when in the open state and minimum transnsi®n when
in the closed state of the respective sub- eld of view. This is a primgreason the
leakage coe cients are relatively large for this experimental devicelhe LC shutters
used are optimized to block normally incident light, however in this praitype, the
LC shutters are rotated. That is, the shutter for thej ™ beamsplitter (mirror) is col-
located at thej +1 position. As the number of multiplexed sub-images contained in a
composite image measurement increases, the dynamic range andngjzation resolu-
tion of the imaging sensor and associated electronics becomes iasirggly important.
Since the dynamic range of each sub-image occupies a proporti@hiasmaller region
in the sensor dynamic range, quantization error further limits measement delity
and consequently reconstructed image delity.

Although some non-linear e ects are unavoidable, it should be empé$iaed that the
camera must operate in a linear regime for the valid shutter state owinations. Cer-
tain camera features such as automatic gain control and automatexposure should
be disabled as they can have an adverse e ect on the post-prasing procedure.
Another feature that should be disabled is gamma-correction asithmay introduce
additional non-linearity to the measurement. In this experiment, aother potential
source of non-linearity is the analog frame grabber used to cap&uand digitize the
camera analog video output.

While H is dependent on the physical properties of the optical multiplexethere
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is some uncertainty identifying the actual systenH . It should be noted that solving
Eq. (2.11) with three measurements and six free variables is an undetermined
problem. This mismatch between the actuaH and H,,s¢ is evident in the linearly
reconstructed sub-images shown in Fig. 2.11. A faint outline of theimerical marker
of X, and line patterns from X are visible in Fig. 2.11(a). In Fig. 2.11(b), the line
patterns from X3 are visible. Lastly, in Fig. 2.11(c) artifacts from X and X, can be
noticed. Despite this mismatch, the sub-image reconstructionsereadily identi able.
Further, it was assumed thatH is independent of pixel position, however in an actual
system implementationH can be spatially dependent. Careful characterization of
the optical multiplexer may improve estimation ofH. A smaller mismatch between
the actual and estimated forward models will result in fewer artifds between the
reconstructed sub-images.

The prototype system described here, reconstructs a wide eld view of a static
scene. When there is motion, then the measurements should be 4dlg static”, i.e.
the measurements should be taken faster than the motion pres@mthe scene. If this
is not the case, then ghosting (blurring) will appear in the reconsficted sub-images.
Ultimately for a dynamic scene, the acquisition time will be eventually limid by the

switching speed of the thin- Im shutter and the scene illumination levs.

2.5 Conclusion

A computational imaging system for providing a high resolution wide kl of view im-
age of a static scene using narrow eld of view imaging optics has bgaesented and
demonstrated. This compact thin- Im shuttered optical multiplexe successfully adds
sub-image diversity to the measurements and extends the eld ofew by applying
a well known linear image reconstruction technique to disambiguatdné composite
images. This architecture is mechanically robust as the optical elens are xed

and pointing is not required leading to reduced system size and weighPractical
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issues, however, such as transmission loss would eventually limit tlegai number of
sub-images that can be combined. While the number of composite ineameasure-
ments is equal to the number of sub- elds of view here, there is amigg interest in
compressive sensing approaches that exploit object priors suchsparsity to reduce

the number of required measurements.
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Chapter 3

Space-Time Compressive Imaging

In this chapter a compressive Cl system for a reconstruction tasvill be presented.
This CI system extends the Feature Speci c Imaging (FSI) systerof [5] for time-

varying natural scenes.

3.1 Introduction

Imaging plays an important role in many diverse applications. A traditioal imaging
system is designed to yield a visually pleasing representation of theese or object.
However, this isomorphic representation is neither necessary ngptimal for tasks
such as data compression, pattern recognition or classi cation.o@sequently, several
non-traditional imaging systems have been developed that are apized for a speci c
task or application. These non-traditional imaging systems are s@times referred
to as computational imagers [4] where measurements do not nezesy resemble the
object and post-processing is an integral part of the image fortan process. Compu-
tational imagers can also be compressive in which case the numbemafasurements
is smaller than the dimensionality of the object [7, 9, 10, 45, 46]. Thisae lead to
potential reductions in photodetector count, measurement cottéon rate, and power
consumption when compared to a traditional imaging system. In adtn, compres-
sive imagers bene t from a multiplex advantage [41,43,47] and habeen shown to
yield superior image quality when compared to a conventional imagespecially when
measurements are detector read noise limited [5].

Compressive imaging is sometimes also referred to as feature-spemaging
(FSI) [5]. An FSI system measures the scene directly in a transforaomain or

feature-space. More precisely, linear projections of the objece. features, are mea-
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sured directly instead of deriving them via image post-processingu¢h an imager,

for example, allows us to exploit the spatial correlation inherent in ntaral scenes via
direct measurements in the Karhunen-Laeve (KL) transform tocompressively mea-
sure an object. Such a computational imager is compressive besathe number of
feature measurementsiM , typically is much smaller than the native dimensionality,

N, of the object. During a post-processing step, the feature neaements are used
to reconstruct the object. It has been shown in [5] that under aigh detector-noise

limited environment, the multiplex advantage resulting from direct fature measure-
ment yields a lower reconstruction error compared to a conventiahimager. In the

literature various compressive measurement bases have beenligd including wavelet

projections [5], Hadamard projections [5], random projections [489], and discrete
cosine projections [50]. Other compressive sensing [9, 10] basgut@gches have also
been studied, for instance, see [51] and [52].

It is known that natural time-varying scenes have a high degree spatiotempo-
ral correlation [53]. For example, consider a motionless spatial phatéocated in the
background of a natural time-varying scene. When viewed over axtended period
of time this spatial patch is highly correlated with previous time instats. Thus, by
exploiting these temporal correlations in addition to spatial corret#gons, further com-
pression of the object can be achieved relative to space-only F¥his is analogous
to the improved compression performance of the widely used MPEG/]lvideo com-
pression schemes which exploit temporal information relative to JRE[15] still-image
compression. Motivated by these observations, we extend oureprous FSI work to
incorporate temporal correlations and refer to this compressivaeasurement scheme

as space-time feature-speci ¢ imaging (STFSI).
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Figure 3.1: Object metaframe withK K L pixel object blocks over timeT.

3.2 Mathematical Model

Without loss of generality, extended objects are assumed to beasjlly and tempo-
rally discrete and will be treated as a set of disjoint object blocks. &h object block
has a spatial extent ofK K pixels and a temporal extent ofL sequential frames
that occur over a total observation timeT, as shown in Fig. 3.1. The sequence bf
frames comprising an object block is de ned as metaframe Features for each ob-
ject block are computed independently from the other object bls. For notational
convenience a given object block is lexicographically ordered into dwan vector x
with dimension N = K?2L. Note that, in general, K and L are related to the spa-
tiotemporal correlation length of the object. Values foK will depend on the object
magni cation and values forL will depend on the frame rate and object motion. In
general, scenes with a high degree of motion will have a small numbétemporally
correlated frames while scenes with a low degree of motion will have egka number
of temporally correlated frames.

The M -dimensional measurement vectam for a time-varying object is given by
P
m= —=Xx+n 3.1
c (31)

P
whereP 2 RM N is a projection matrix, C = max; 1+, jPjjforj =1:::N andn
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is an M dimensional vector representing measurement noise. Normalizatiby C in
Eq. (3.1) represents the photon-count constraint which enswsehat the total number
of measured photons does not exceed the total number of incitlphotons. It should
be emphasized that the integration time of the STFSI system is times greater than
that of a conventional imager. Therefore, the STFSI measuremis are collected
at the metaframe rate of T instead of the frame rateL=T as would be the case
for space-only FSI. This results in a reduction of the readout noisendwidth for an
STFSI system when compared to a conventional imager by a factfirL. For example,
if a conventional imager has a detector read noise variance ¢f that corresponds to
a readout rate of ETy, then the e ective read noise variance of an STFSI system with
readout rate I=(LTo) is 2=L. We model the measurement noise as zero-mean i.i.d.
additive white Gaussian noise (AWGN). Thus, the noise vector in EQ.3(1) can be
described an N (0; 2I=L) wherel is the identity matrix.

The frame rate ET, together with the temporal size of the object block. de-
termines the total observation timeT = LT,. The projection matrix for each object

frame can be identi ed by partitioning P into L sub-matrices
P=[Pi1jP2] jP.] (3.2)

where eachP; matrix has dimensionM K2 andl =1:::L. Each row ofP, de nes
a projection mask and is denoted by;, wherei =1:::M. Here we will limit our
study to incoherent optical systems. In generalP may contain negative elements
which cannot be physically realized by an incoherent optical systenlfo overcome
this limitation a dual-rail signaling approach is employed [5]. In a dual-raifystem,
one rail is used to represent the positive elementB,”, while the other rail is used to

represent the negative elements$} , of the projection matrix such thatP = P* P .
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The corresponding positive and negative feature measurementde expressed as

k
+ — P*x +nt .
m c X+n (3.3)
1 kK
=P x+n ; 4
m - X+n ; (3.4)

where 0 k 1is a power-splitting coe cient, C is the maximum absolute column
sum of P and n represents measurement noise. The feature estimate is found by

combining the dual-rail measurements as

ct , C
f k 1 k
Px + n® (3.5)

Note that the measurement noise in Eq. (3.5) has been scaled by thleoton count
constraint and power-splitting coe cients. The e ective measurenent noise can be
described an® N (0; 2= f[C*=K?+[C =1 Kk)]*g 2I=L).

3.2.1 Measurement Basis

The rst measurement basis we consider is a Karhunen-Leeve (KLmeasurement
basis. The KL basis decorrelates the signal and can capture a langertion of the
signal energy using a relatively small number of basis vectors. Inemoise-free case,
this measurement basis minimizes the mean-square-error (MSE)een the object
and reconstruction, and is known to be information optimal for Gassian distributed
data. This measurement basis is however suboptimal in the presenof noise or
optical channel nonidealities (e.g. blur).

In order to construct the KL-basis that is data-dependent we epioy a training
object ensemble that consists & K L pixel object blocksx; extracted from a set
of video samples. The sample correlation matrix is de ned &, = E[xx "] whereT
denotes the transpose, E[ denotes the expectation operator (ensemble average) and

Ry 2 RN N _In training, we utilize overlapping object blocks to ensure spatial ral
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temporal shift-invariance. AnM N projection matrix P is constructed by selecting
the M eigenvectors oR, that correspond to theM largest eigenvalues. It should be
noted that as the size and diversity of the training set grows, the Kbasis approaches
the discrete cosine transform basis [16, 54].

An alternative measurement basis we consider in this chapter is thandom mea-
surement basis. The motivation for considering a random basis is tha requires
no speci ¢ prior knowledge beyond sparsity or compressibility of thebject and it is
therefore data-independent. A signal is-sparse if it is a linear combination ofj-basis
vectors. When a signal is sparse it can be directly acquired in a ramddransform
domain with little or no loss of information [9,10]. Random projections ngserve the
structure of a sparse signal with high probability. On average, amandom projection
will capture an equal proportion, namely £N, of the total signal energy. The random
measurement basis is constructed by generating each elementha projection matrix
P from an i.i.d. zero-mean unit variance Gaussian distribution. Finally, ta P matrix

is orthonormalized.

3.2.2 Object Reconstruction and Quality

Post-processing is an integral part of the image formation proces a compressive
imaging system. Recovery (reconstruction) of the objedt can be performed using a
wide variety of linear or non-linear techniques. For high noise casege choose the

linear minimum mean square error (LMMSE) [44] reconstruction givehby

g=wf (3.6)
= RPT PR,PT+ R, 'f
whereR o is the e ective noise autocorrelation matrix. Under high noise condins

we nd that the LMMSE is superior to many non-linear techniques [21].

In this chapter the object reconstruction quality is quanti ed usirg a relative
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root-mean-square-error (RMSE) metric de ned as

1 1 1=
RMSE = —E kx RK3 7
S DRmax IIN ) X 2 ## (3 )
1=2
S S S
~ DR N iXi R ;

where DR, is the object dynamic range. The RMSE for this KL-based STFSI
system with LMMSE reconstruction can be written in closed form give that the

training data fully speci es the object ensemble as

" #-
1 1 X TR S

. I no
DR.—. N i > (3.8)

i=M +1 i=1

RMSEKL =

where ; is the i largest eigenvalue. The rst term in Eq. (3.8) is due to the
truncation error resulting from measuring onlyM of the N available features. The
second term is due to the measurement error resulting from capiug M features in
the presence of noise. In the case of a conventional imag&feny = X + Neony, the
RMSE is .

3.3 Simulation Study

Now we will analyze the performance of an STFSI imager for variougstem param-
eters including relative noise strength and block size through a simtilan study. In
this study, only the read-limited detector noise case with zero-meaAWGN is con-
sidered. The training and testing sets are constructed using a leawne-out scheme.
Thus, given a set ofQ videos,Q 1 videos comprise the training set and the remaining
video represents the testing set. A sample frame from each videotie database is
shown in Fig. 3.2. This limited video database primarily consists of tra cscenes, i.e.
moving motor vehicles and persons, which is of interest in surveillaneed security

applications.
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Figure 3.2: Sample frames from the video database.

Example KL projection vectors corresponding to the ten largestigenvalues for
8 8 8 spatiotemporal blocks are shown in Fig. 3.3. The sequencelLof 8 frames
in the i" row correspond to thei" projection vector. Each eigenvector (i.e. each
row) represents a spatiotemporal frequency and has been indepently scaled such
that white corresponds to 1 and black corresponds to +1. The spatial frequency
content is viewed as variations within a single frame while the tempordétequency
content is viewed as variations across a sequence of frames. Thst projection pi-;
corresponds to constant spatiotemporal frequency. Thereeaessentially no variations
in the spatial frequencies on any frame nor in the temporal frequneies across the
sequence of frames and can be viewed as an averaging operaticglati®e to the rst
row, a higher spatial frequency can be seen in projections fourcawve in the vertical
and horizontal directions, respectively. Similarly, increasing tempal frequency can
be seen in the sequence of frames in rows-f2, 3, 6, 7, and 9. This increase in
temporal frequency can also be viewed as a di erence-imaging likeeogtion whereby
motion at a particular temporal frequency is encoded. With the eigwalues and
associated projections sorted in descending order gs; > - > > -\, the

i™ projection corresponds to thé™ highest spatiotemporal frequency.
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Figure 3.3: Example KL projection masks foK = 8 and L = 8 spatiotemporal
blocks.

Simulation of reconstruction RMSE is performed by averaging ovewoth multiple
object blocks extracted from 512 consecutive frames as well & r®ise realizations
per test video. Additionally in the case of random projections, a newandom basis
realization is generated for each noise realization. The reconstiioon RMSE is shown
in Fig. 3.4 usingK =8, , =10% and selected values df for both KL and random
measurement bases. The relative noise strength is expressed as a percentage of
the object dynamic range. We begin by examining the KL-based spaonly FSI case
of L = 1 and notice that there is an optimum number of feature measureemts M .
This optimum results from the competing e ects of truncation erroand measurement
error as noted in Eq. (3.8). AsM increases there is both a corresponding decrease in
truncation error and an increase in measurement error. The optimm occurs when
both sources of error balance. Next, we note that for xed valgeof the spatial extent
K, frame rate =T, and relative noise strength ,, a lower reconstruction error can be

achieved as the temporal extent increases. This improvement can be understood by
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Figure 3.4: Reconstruction RMSE foK =8 and L = f1,;8; 16g blocks with ,, = 10%
relative noise strength for KL and random projections.

considering three underlying factors. First, the e ective measement noise decreases
by a factor ofLL relative to a conventional imager, i.e. 2=L, as a result of the reduced
readout rate. Second, there is a factor df increase in the total number of available
photons due to the extended collection time. In turn, this increasethe multiplex
advantage as a larger number of photons are integrated. Howews L increases there
is a corresponding increase iN which causes an increase in the number of features
required to achieve the minimum reconstruction error. Analogousotthe L = 1
case, this is due to the competing e ects of truncation error, plion-count constraint
and e ective measurement noise. Furthermore, assuming uniforghoton allocation
per feature, asM increases the number of photons allocated per feature decrease
This reduction in photons per measurement leads to increased masnent error.
Concurrently, the signal energy captured per additional KL feafre also decreases.
At a relative noise strength of 10%, all values df using the KL basis shown in
Fig. 3.4 can achieve a lower RMSE than a conventional imager. For aed recon-
struction RMSE, increasing fromL = 1 to L = 8 leads to improved compression,
(N=M), simply because a smaller percentage of total features are reegd. However,

independent of readout noise, as the value af approaches the spatiotemporal cor-
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Figure 3.5: Normalized cumulative energy foK = 8 and selectedL

relation length the percentage of features required to achieve arficular truncation
error will start to saturate. When L exceeds the spatiotemporal correlation length
then the percentage of features required is expected to remaionstant. By exam-
ining the normalized cumulative energy 1, ?where ?= ;= I, ;), shown in
Fig. 3.5, we observe this saturation in the percentage bif required to capture a xed
amount of object energy from thelL = 32 and L = 64 curves. The normalized cumu-
lative energy for selected xed percentage of measurements tabulated in Table 3.1.
Also as shown in Table 3.2, the percentage of measurements reqiiite capture a
given object energy begins to saturate as approaches the object spatiotemporal
correlation length. The improvement in compression for increasirlg can be directly
seen in Fig. 3.6. We also note that wheh is xed the compression factor increases
when higher reconstruction error can be tolerated simply becauaver features are
required.

We nd that for linear reconstructions in high noise conditions the KLmeasure-
ment basis can achieve lower reconstruction error than a randomeasurement basis.
For example in Fig. 3.4, wherL = 8 the random basis yields comparable reconstruc-

tion performance to a conventional imager while the KL basis yields ader minimum
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Table 3.1: Normalized cumulative energy for selected xed perceig@ of measure-
ments andK =8

Cumulative energy [%)]
Percentage of total features
L 01% 1% 10% 50%
1 { { 98.15 99.85
8 { 95.19 98.61 99.89
32 90.23 95.60 98.72 99.90
64 90.36 95.73 98.75 99.90

Table 3.2: Percentage of total features to capture xed normaled cumulative energy
forK =8

Percentage of total features
Cumulative energy

L 92% 96% 98%

1 { 2.87 9.07

8 0.242 1.49 6.15

32 0189 1.25 5.43

64 0.178 1.16 5.23

reconstruction error for the samel.. Random projections are expected to have bet-
ter reconstruction performance under low noise conditions whenome sophisticated

recovery algorithms that can exploit sparsity are e ective. Furtlermore, when there

is no truncation error (i.,e. M = N) the reconstruction performance of both basis
sets is identical. This is because both basis sets experience, on ayer the same

measurement error.

From here onwards we will omit the random measurement basis due its rela-
tively poor performance. Compared to Fig. 3.4, the reconstructoerror for selected
values ofL with an additional spatial extent, namelyK =4, and higher relative noise
strength, , = 15%, are shown in Fig. 3.7. We notice that as the value &f increases,
the minimum reconstruction error continues to decrease. This is duo the reduction

in the readout noise bandwidth because ds!1 the e ective measurement noise
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approaches zero. This trend in Fig. 3.8 shows the rllaehavi(IJ:)r of the aserement erlrcl):r2
term of Eq. (3.8), namely RMSE imeas = (1=DRmax) (1=N) M (i 2)=( i+ 2)
When measuring a xed percentage of the total number of featasN, the measure-
ment error decreases ak increases. Thus, increasingg always results in lower re-
construction error for a givenK and 2. Next we notice from Fig. 3.7 that there is a
preferred spatial extent. For our data set and the values &€ and L shown,K =4
has lower reconstruction error tharK = 8. The preferred block size is related to the
spatiotemporal correlation length of the object. A spatially unifom natural scene
without motion will have a large correlation length as a pixel located fther away
both spatially and temporally will be similar. Whereas spatially non-unifan scenes
with a high degree of motion will have a small correlation length.

Note that this spatiotemporal correlation length imposes a limit on tB compres-
sion factor. Choosing a value oK or L beyond the correlation length reduces the
concentration of signal energy by distributing the signal energynaong a larger num-
ber of KL basis vectors. As a result the number of feature measments grows while
the percentage of feature measurements will asymptotically apgach a constant to
capture a xed amount of object energy. This can be seen in Fig. 3& an increase
from L = 32 to L = 64 does not cause a large reduction in the percentage of mea-
surements needed to capture a xed amount of object energyyBxamining the 10%
reconstruction error curve, for example, in Fig. 3.6 we notice thisgmptotic behavior
in compression factor. The compression factors far=1 and L = 32 are about 32
and 292, respectively, which is about a factor of 9 improvement. €tompression fac-
tor for L = 64 is about 315, which is only about a factor of 1.1 improvement relae
to L =32. Thus, asL ! 1 the rate of improvement in compression factor is de-
creasing while asymptotically approaching a limiting compression factdetermined
by the spatiotemporal correlation length.

As we observed in Figs. 3.4 and 3.7, the STFSI reconstruction perfance is

sensitive to the measurement noise strength,. We can observe this more directly
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Figure 3.6: Compression factor for a desired reconstruction errewith K = 8 and
n = 10% relative noise strength.

in Fig. 3.9 where the e ect of increasing the noise strength causelset minimum
achievable RMSE to shift left and increase for a xed block size. Fohis xed block
size, the reconstruction RMSE has the same truncation error dfecteristic for all
relative noise strengths. AV increases, the measurement error increases at a rate
based on 2 given by Eq. (3.8). In turn, this a ects the trade-o between truncation
error and measurement error resulting in higher minimum reconstection error which
occurs at a smalleM with increasing 2.
Sample frames extracted from a reconstructed metaframe usiBg 8 8 blocks
with a relative noise strength of 15% using 8% of the total featurgd = 41) are
shown in Fig. 3.10a. For comparison, images corrupted with the samalative noise
strength from a conventional imager are also shown in Fig. 3.10b. &ltentral part of
frame 8 is enlarged for the compressive imager and conventional geain Figs. 3.10c
and 3.10d, respectively. The uniform portions in the reconstruateimage from the
STFSI system in Fig. 3.10c have a smoother appearance comparathwhe grainy
appearance due to excessive noise in the case of the conventionaber. Despite 12
compression, this example demonstrates that an STFSI systermcgeld lower recon-

struction error than a conventional imager while providing compatae image quality.



58

16

77777 —6—K=4L=1 | — — _ _
ul —B— K=4,L=8
—7— K=4,L=16

S — 6 —K=8,.L=1
12% — B —K=8,L=8
Q — ¥ — K=8,L=16 —~

— — — Conventional [

10t

Reconstruction RMSE [% of dynamic range]
-~

0 5 10 15 20 25 30
% of total features (M/N)

Figure 3.7: Reconstruction RMSE for selected spatiotemporal blosizes with |, =
15% noise strength and KL basis.

3.4 Electo-Optical Architectures

Feature measurements in an STFSI system are de ned both spdtipand temporally.
This is unlike a space-only FSI system where the temporal dimensicancbe exploited
to accomplish feature measurements for a static scene. In cast, an STFSI system
measures a time-varying scene, and therefore, feature measnents must be collected
in parallel to capture the salient temporal information. Recall thata feature mea-
surement is an inner product between an object and a projectionp. Explicitly, an
N -dimensional inner product operation consists dfi multiplication operations, e.g.
Xjp;, and (N 1) summation operations, e.gxip; + Xop2+ :::, where each operation
is realized independently. In general, an STFSI measurement basmpoys time-
varying projection masks. This implies that a (time-varying) progranmable spatial
light modulator (SLM) is required. We have considered three classes electro-optic
architecture that can be used to realize space-time compressiveaging. It should be
emphasized that each of these architectures can be realized in antner of di erent

ways, and here we only provide illustrative implementations.
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Figure 3.8: Measurement error term of Eq. (3.8) foK = 8 and selectedL with
n = 10%

3.4.1 Optical Processing

The rst architecture class is a fully-optical approach where all othe linear pro-
jections are computed optically. As such, the complexity of featarcomputation is
solely placed in the optical domain. Two such examples of a fully-opticapproach
are the polarization-based pipeline optical system described in [5]catihe parallel FSI
system described in [21]. To adapt these systems for STFSI, we uiq that both

be constructed with programmable SLMs to implement the time-vargg projection
masks. For the sake of completeness a brief description of botlstgyns is provided
here.

The incident irradiance is assumed to be unpolarized for the pipeline tagal sys-
tem shown in Fig. 3.11 in which features are measured by cascadeagsis. First, the
incident light is split into s and p polarizations by a polarizing beam splitter (PBS)
and directed into separate arms of a dual-rail system. At thé" stage the polarized
light is imaged onto a time-varying polarization rotating mask. Each msk rotates
the polarization at each pixel by a function of time determined by theppropriate

i projection. Next, the stage ends with the orthogonal componewf the light is
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Figure 3.9: Reconstruction RMSE folK = 8 and L = 8 blocks with 5%, 10% and
15% relative noise strengths.

directed to a photodetector by passing through a PBS to be integted. Finally, ad-
ditional stages can be cascaded to compute additional featuréherefore,M stages
are required to measureM features overL frames.

The parallel FSI system which consists of imaging micro-optics, a gi@mmable
mask and detector array is shown in Fig. 3.12. The concept of optca for this
system is straightforward: each micro-lens replicates the objestich that all 2M
linear projections can be computed in parallel with each feature cgonent integrated
onto a separate photodetector. In both the pipeline and paralleptical systems each
feature component is measured by a single photodetector. Cleanyhen 2V > K 2
the STFSI photodetector count exceeds the conventional imagjphotodetector count
for a single spatial patch. Despite this increase in detector courd)l detectors have
a lower readout rate and corresponding reduction in readout noisandwidth when
compared to a conventional imager. In both of these systemsM2programmable
SLMs are required. For a large number of spatial patches and largalues ofM the

number of optical elements required may become prohibitive.
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Frame 1 Frame 8

(b)

(d)

Figure 3.10: Selected frames with 15% relative noise strength from) feconstructed
STFSI metaframe with 12 compression usingK = 8 L = 8 blocks, RMSE=7.8%
(b) conventional imager, RMSE = 15%; Magnied central part of fame 8 from
(c) STFSI (d) conventional imager.
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3.4.2 Charge-Domain Processing

The second STFSI architecture class relies on a fully charge-domaipproach. Here,
all of the features are computed and stored in the charge-domdiy a smart focal
plane array (FPA). In contrast with optical processing, all of thefeature computation
complexity is now located in the electrical domain. As the multiplication peration
between the object and projection is performed internally by a smaFPA, individ-

ual pixel values of the object need to be measured. Thus, for a gli@ spatial patch

K 2 photodetectors are needed which is equal to that of a conventmnimager. Us-
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ing a charge-coupled-device (CCD) structure it is possible to perfo the required
charge-domain processing [55,56]. Analog operations that can berfprmed in the
charge-domain include charge packet splitting, summation, and rbng. Implementa-
tion of these operations in the charge-domain enables us to comgtite inner product
before the readout ampli er. Hence, when operating in a read-neidimited environ-
ment the inner product operation avoids the dominant noise sourag the readout
circuitry. By using a combination of these operations, the correspding circuitry to
perform multiplication as described in [57] can be incorporated into thsmart FPA.
This multiplier can apply weights between 0 and 1 at a speci ed multiplier gecision
expressed in bits. It should be emphasized that this is a passive muligation op-
eration and no ampli cation of the signal occurs. The photon countonstraint now
becomes a charge count constraint and analogously ensures ttia¢ accumulated
charge packets do not exceed the number of charge packetsesponding to the inci-
dent light. Finally, the function of spatial and temporal integration, performed by a
large photodetector in the fully-optical approach, is accomplisheloly charge-domain
routing and accumulation (summation) of charge packets into indemdent storage
bu ers. The smart FPA used in this architecture will be referred toas sFPAL.

A charge-level diagram to illustrate the functionality of sSFPAL for asingleK K
L object block is shown in Fig. 3.13. First, at thé" frame the incident light is imaged
onto a photodetector array where thg™ pixel corresponds tox; with j = 1:::K?2.
Next, the charge packets representing th K image are transferred into a frame
bu er to allow collection of framel +1 wherel =1 :::L. Each pixel, or equivalently
each charge packetx; is then transferred to the multiplier unit for computation
against the appropriate weightp;, with i =1:::M from all of the M projections in
sequence. Once each produpf, x; is computed, the charge packet corresponding to
the result is transferred into the appropriatei" dual-rail storage bu er. This process
is repeated for allK 2 pixels overL frames. After all of the charge packets have been

accumulated, the measurements can be readout. Once again, teadout rate is a
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factor of L slower than a conventional imager which yields a reduction in the readt
noise bandwidth.

With a fully-optical approach, the multiplication operations betweenthe object
and projection physically occur for an entire spatial patch in paralleduring a single
time step. Whereas in a complete charge-domain approach, it is no ¢@m necessary
to apply weights to the entire spatial patch simultaneously. Here, ibecomes possible
to distribute the multiplication operations over space, i.e. circuitry aa, and time.
For example, the application of projection weightg;, can be performed on a subset
of the spatial patch while taking multiple time steps to complete pro@sing of the
entire spatial patch. For this analysis, the serial recursive multiplrecircuit described
in [57] will be used as we opt to minimize FPA area requirements of the ftiplier
circuitry. As shown in Fig. 3.13 we will assume that a single frame bu eis present
and require, for any frame rate, the multiplication operations on ta current object
frame to be complete before the next object frame interval. At anextreme, a single
multiplier unit can be used to process the entire frame to compute! features at a
high clock rate. At the other extreme, a multiplier circuit operating & a relatively
lower clock rate is available for each pixel. In the latter case it shouldetclear that a
higher FPA area cost is incurred than in the former case. In ordeotdistribute clock
rate requirements and area costs, a single multiplier circuit can be aled among
multiple spatial patches. In this multiplexed multiplier con guration, the multiplier
circuit output must be routed to all 2M dual-rail storage bu ers per input spatial
patch. This, however, can lead to substantial interconnect crslar circuitry between
the multiplier and output bu ers when the number of features or nunber of input
spatial patches increases.

In this initial study, all charge-domain devices are assumed to be litly packed
on the FPA and speci c layout rules have not been considered. Byrther assuming
nominal area requirements for each charge-domain device usin§ 2n CCD technol-

ogy with 2-phase (2-) clocking, a lower bound on the total FPA area requirements
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Figure 3.13: Charge level diagram of smart FPA 1 functionality for coplete charge-
domain processing.

can be estimated. Constraining the maximum allowable FPA area tA.x allows us
to compute the total number of pixels supported by replicating a sgie multiplier
and associated circuitry (charge-packet routers and bu ers)ot Il the available FPA
area. The area utilization is related to the clock rate of the multiplier iccuitry. By
further constraining the maximum clock rate to clk,,x and operating in the clock rate
limited regime ensures that the allocated circuit area is fully utilized.

We begin by examining the clock-rate and latency constraints assaied with
a single multiplier and ignore any speci c area constraint. The maximunmumber
of pixels supported by a single multiplier is shown in Fig. 3.14. This multiplieis
assumed to have 8-bit precision, a maximum allowable clock rate of 20H¥ and
process 10% of the features, i.81 = bN=10e. When K or L increase, the resulting
increase inM causes a reduction in the number of pixels this multiplier can process.
This is due to a latency requirement together with a clock rate constint on the
multiplier. When L =1 and K =4 a single multiplier can support 41,664 pixels or
2,604 spatial patches while 11,904 and 3,072 pixels are supported nvKe = 8 and
16, respectively. A factor of 4 increase in the number of object gils fromK =4

to K = 8 causes a factor of about 3.5 decrease in the number of pixels gaged by
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Figure 3.14: Number of pixels supported by a single multiplier unit vs spial extent
with clK nax = 20 MHz.

a multiplier. An additional factor of 4 increase in the number of objdcpixels from
K =81to K =16 results in about a factor of about 3.9 reduction. WherK =4 and
L = 4, this yields the same number of supported pixels as th€ =8 and L = 1 case
simply becauseN is the same for both. However, it is important to note that while
various combinations ofK and L can yield the same value oN, the FPA area costs
associated with each case may di er.

Clearly, several multipliers can be employed in order to increase thearimum
achievable pixel count. In order to quantify such an approach we pose a maximum
FPA area constraint and replicate a single multiplier with associated auitry to |l
the available FPA area. The total number of pixels supported for seral multiplier
circuits given Apnax = 400 mm? and clkna = 20 MHz is shown in Fig. 3.15. For the
L = 1 case it is apparent that there is an optimum value oK for a givenL and
the chosen area and clock-rate constraints. As alluded to earlighe area cost is
the crucial factor when choosing to operate a single multiplier in thelack-limited
regime. A single multiplier atk = 4 requires about 3.35 mm to support 41,664 pixels
while at K = 7 about 1.28 mn? is needed to support 16,660 pixels. By choosing to

replicate the multiplier circuitry, a larger number of multipliers can be inplemented
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Figure 3.15: Number of pixels supported vs spatial extent and seed temporal
extents with FPA Anax = 400 mm? and clkpa = 20 MHz.

in the K =7 case to overcome the de cit in pixels supported per multiplier. Whe a
larger FPA area is available, a larger number of multiplier circuits can beonstructed
which leads to a higher pixel count. For certain combinations & and L it is not
possible to meet the given FPA area and clock rate constraints. Thisfeasible region
is denoted in Fig. 3.15 by zero pixel count. As an example, f&¢ = 8 and L = 16
approximately 1:14 1P pixels are supported which, for instance, can be shaped as
a 1066 1066 pixel image. This selection d and L appears to be a useful design
point for practical imaging.

An increase in the clock rate allows a larger number of operations te lsupported
by the multiplier circuitry. In turn, this allows more pixels to be suppoted by the
multiplier at the expense of higher area cost per multiplier. As a resylta larger
number of supported pixels per multiplier may not necessarily increashe total
number of pixels supported by the FPA through replication to Il the maximum
available area. We notice from Fig. 3.16 that increasing the maximum allable
clock rate for K = 4 has a negligible e ect since there is no substantial circuitry
area available to support additional pixels. Concurrently, aK (and M) increase a

correspondingly larger number of operations must be performedating to a lower
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Figure 3.16: Number of pixels supported vs spatial extent for vatis maximum clocks
rates with L = 16 and Az = 400 mnm?.

number of supported pixels. Again, because the multiplier units aréasen to operate
in the clock-limited regime increasing the number of pixels supportedcep multiplier

also incurs an increase in multiplier area. Thus, for a xe& increasing the maximum
allowable clock rate may increase the number of pixels supported @epling on the
area costs. The infeasible region is again shown by zero pixel couBtie y, another

guantity that is related to the clock rate and in uences the numbeiof supported pixels
is the selected multiplier precision. Increasing the multiplier precisionillvincrease
the number of charge-domain operations performed and thus dease the number of

pixels that can be supported at a given clock rate.

3.4.3 Hybrid Optical and Charge-Domain Processing

The third architecture class is a joint optical and charge-domain ggoach. While
this approach may be viewed as a combination of the rst two typesawvill consider
it as a distinct architecture class. In this hybrid approach, the prgection mask is
implemented optically by a programmable SLM and the features are ltacted by a

smart FPA that is only required to perform charge-domain routing ad accumulation.



69

.ooo. . eoe . eoo
< >

<

Figure 3.17: Interleaved feature collection scheme with smart FPA 2

As in the fully-optical case, large photodetectors perform spatiantegration. This
sensor con guration will be referred to as sFPA2.

The conceptual operation of this architecture is depicted in Fig. 371 The object
is assumed to be static during each =L period while 21 sub-projections de ned for
this interval are sequentially measured. Internally, SFPA2 directeach partial feature
measurement to the corresponding storage bu er. Clearly, for aed observation
time T and frame countL, the time available for photon collection during each sub-
frame decreases d¥ increases. Once again, the photon count constraint is relevant
to ensure the measured photons do not exceed the incident phago Although the
projection masks are separated into positive and negative rails thermalization must
be computed fromP directly then applied to P* and P in a manner analogous to
the complete charge-domain architecture. At timeT, after all of the sub-frames
have been measured the feature components can be readoutov@hin Fig. 3.18ais a
candidate compact optical layout using focal plane modulation by aansmissive SLM
with measurements collected by sFPA2. To illustrate the time-multipleed feature
collection operation of sFPA2 we present a straightforward CCD im@mentation
shown in Fig. 3.18b. At each sampling instant a charge packet corpssding to a sub-

projection measurementp;, x,=C is collected on each photodetector. The" charge
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Figure 3.18: Hybrid optical and charge-domain processing (a) opaicportion (b)
charge-domain portion (single detector of smart FPA 2).

packet must then be stored in the appropriate dual-rail storageuoer to temporally
integrate overL frames. Hence, this smart FPA simply routes and accumulates clygr
packets to the appropriate dual-rail feature storage locationt should be noted that a
di erencing operation [55] between the positive and negative rails cdoe performed by
the smart FPA before readout. The projections are time-multiplead for each object
frame, thus, 21 charge packets must be collected and stored per object frame, i.e
eachT =L sub-projection period. Finally, the 21 measurements (0M measurements
if FPA dierencing is performed) can be readout. As in the previous rahitecture
types, the readout noise-bandwidth is reduced by a factor bf This approach reduces
the complexity of FPA circuitry required when compared with the corplete charge-
domain approach of sFPAL. Further, this approach avoids the mufile programmable
SLM devices required in the fully-optical approach. Table 3.3 providea comparative

summary of key system parameters for the three STFSI architieces described here.
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Table 3.3: Important architecture parametersK K L object)

Readout Charge # of SLMs SLM or

Photo- Readout ) -
d noise packet or multiplier
etectors rate : o
variance bu ers multipliers clock rate
Conventional K?2 L=T 2 0 0 {
Fully-optical 2M 1=T 2=L 0 2M L=T
2K 2ML=T
2 — 2— 2z 2
sFPA1 K 1=T =L 2M + K l1toK 0 2ML=T
sFPA2 1 1=T 2=L 2M 1 2ML=T

Z Special case: K 2 bu ers may be omitted if K 2 multipliers present.

3.5 Conclusion

In this chapter, we have described a study of space-time featespeci ¢ imaging us-
ing KL and random features. We demonstrated through a simulatiostudy that a
KL based STFSI system can achieve better reconstruction penfisance than a con-
ventional imager especially in high read noise limited environments. Whitanly KL
and random measurement bases have been used in this study, inegah any linear
measurement basis may be employed by an STFSI system. With timeuitiplexed
feature collection, STFSI provides an alternative way to measurée-varying natural
scenes while reducing the number of photodetectors and concamit measurement
data bandwidth required. This is bene cial, for instance, when higlzost detectors
(e.g. LWIR) are used or when extremely high frame rates, on thedgr of millions of
frames per second, are required. Additionally, there is a reductiam noise bandwidth
resulting from the reduced readout rate or extended measuremeollection interval
of an STFSI system. Based on the reduced component count andtput rate re-
quirements there is a potential for reduced system size, weightdapower costs while
maintaining image delity relative to a conventional imager.

Based on these results, work is underway to construct an elecioptical space-time
compressive imaging system. We are also investigating new recoustion algorithms

and alternative measurement bases. Additional possible futurel@mcements include
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optimal photon allocation which aims to allocate a larger proportion othe signal
energy to certain features based on, for instance, visual qualityiteria and adaptive
projection design which seeks to dynamically update the basis setsed on the time-

varying scene statistics to improve performance.
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Chapter 4

Detection with Polychromatic X-ray
Pencil Beam lllumination:
Information-Theoretic Bounds

The previous chapters dealt with reconstruction tasks, in this cler a system using
polychromatic x-ray pencil beam illumination and energy resolving phodetectors
will be studied for a detection task. The performance of potentiaystem designs will

be quanti ed using the task-speci c information (TSI) [31, 32] metic.

4.1 Introduction

Non-destructive testing (NDT) by x-ray imaging is commonly used fo nding man-
ufacturing defects, cargo inspection or security screening by aseiring the intensity
of x-rays passing through an object [58{60]. One drawback with gjle energy x-
ray intensity measurements is the inability to distinguish a thick objecwith weak
absorption characteristics and a thin object with strong absorpn characteristics
since both objects may result in similar measurements. This ambiguitan be mit-
igated when an object under inspection is illuminated using di erent xay spectra,
which can result in dissimilar measurements for each object. As anaemple, dual
energy measurements are commonly employed in baggage screea;i@ means to
discriminate between metallic and non-metallic objects. Actual abgation charac-
teristics are material specic, conceptually however, lower engrg-rays tend to be
more readily absorbed than higher energy x-rays by a stream ofnamon commerce
objects. An alternative to measuring intensity for material discrinmation are scatter
measurements.

One widely used method to characterize materials is x-ray di ractiofiXRD) [61{
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63]. This method uses a monochromatic source and is commonly usedciystalline
materials. The measured di raction pattern of an object under tst can be compared
to a library of known diraction patterns for various materials for identi cation.
When the object is non-crystalline then power diraction can be uskto provide
similar information [63]. These methods are intended to be used on ebis that are
primarily comprised of a single material. It is often of interest, esp&dly in security
screening applications, to characterize objects in clutter. Wherther materials are
present this will a ect the measured diraction pattern of the object of interest.
Another potential drawback with the use of common x-ray diracbmeters is the
energy level at which they operate. Common x-ray di ractometex operate at an
energy level generally around 8 keV; however, for baggage soneg applications
this energy level is not su cient to fully penetrate typical baggage[64, 65]. While
complete di raction pattern information using a monochromatic sotce can be used
for material identi cation, this may not be required for a detectiontask.

A variant of XRD is coherent x-ray scatter (CXRS) [66] in which a polghromatic
source is used to illuminate an object. These systems are generapg@ted at higher
energy levels that are suitable for security screening applicationshese systems can
also overcome the inability to discriminate objects with similar transm&on measure-
ments. In the literature, there has been considerable interest irsimg x-ray scatter
measurements for a variety of applications including medical sciesgcedenti cation
of materials and, in particular, security screening [66{80].

In this paper, we examine the information theoretic limits of absorppn and
di raction measurement modalities for threat detection using a polghromatic x-ray
pencil beam and energy resolving photodetectors. Two liquids, vestand diesel, are

selected for this study and designated as non-threat and threataterials, respectively.
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Figure 4.1: (a) X-ray pencil beam system diagram (b) Ring detectarray.
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4.1.1 System Geometry

The system con guration that we study is shown in Fig. 4.1a and corsts of an
X-ray source, primary aperture, object, and detector array.The primary aperture
collimates the x-rays from the x-ray source and forms the pencieam with Ng photons
incident on the object. The object has a thicknessl and is placed a distancet,
before the detector array. It is assumed that the resulting scired intensity is
circularly symmetric about the main beam, as in powder di raction; hace, we employ
a ring shaped detector array withP detectors illustrated in Fig. 4.1b for di raction
measurements [63]. In this detector array, each detector is aneegy resolving annular

segment. We note that this con guration is similar to the system desibed in [78].

4.2 Mathematical Model
4.2.1 Material Properties

As an x-ray beam passes through an object, it may lose intensity lejther absorption

or scattering processes. This loss in intensity is directly related tdsical properties
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of a material and can be described by Beer's Law [81]:
N(E) = No(E)e (B (4.1)

where E is the photon energy,N (E) is the energy dependent number of photons
transmitted through the material, No(E) is the energy dependent number of incident
photons, (E) is the energy dependent attenuation coe cient andd is the object
thickness. The various mass attenuation coe cients for di erentsubstances including
the photoelectric e ect, Rayleigh (also referred to as coherent @lastic) scattering,
and Compton (also referred to as incoherent or inelastic) scatteg can be derived
from [82].

The e ects of absorption and scattering throughout the objectolume are modeled
by a sequence oK sub-objects (i.e. thin slices along the beam path) and applying
EqQ. (4.1) to each sub-object. Because Eq. (4.1) provides the noear of photons trans-
mitted through a volume, the number of (elastically) scattered phons for the k™
sub-object volume at a given x-ray energy can be found as the dience between the
transmitted intensity with  set to the Rayleigh scattering mass attenuation coe -
cient and the incident intensity. We de ned®as the sub-object thickness, g (E) as the
energy dependent material Rayleigh scattering mass attenuatia@oe cient, ¢(E) as
the energy dependent material Compton scattering mass atteation coe cient, and

abs(E) as the energy dependent material absorption mass attenuatiaoe cient.
The number of transmitted photons after scattering (Rayleigh ash Compton) and

absorption (photoelectric) processes through thie" sub-object is given by
N (E) = N 1(E)e( R(E)* c(E)* ans(E))d (4.2)

Similarly, by using only the Rayleigh attenuation coe cient the number of photons
transmitted through the k™ sub-object resulting from only the Rayleigh scattering
process is given by

NAE) = Ny 1(E)e rE): (4.3)
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Figure 4.2: Absorption signature for water and diesel.

Finally, the number of scattered photons resulting from Rayleigh attering for the

k™ sub-object can be written as
NJ(E) = N¢ 1(E) NXE): (4.4)

The number of photons due to other matter interaction processecan be found simi-
larly. This method also incorporates the e ect of beam hardeninght increase in the
mean energy of the beam, through the object.

Clearly from Eq. (4.1), absorption and scattering are energy depdent, thus,
energy resolving detectors can provide additional measuremerdtdil relative to non-
energy resolving detectors. We make use of the TASMIP [83] spattmodel for
a tungsten anode x-ray source without any lItration to provide the illumination
spectrum in our study. At each photodetector, photon countsof multiple energy
resolved windows, or energy bins, for a xed energy range can beasured [84{88].

An absorption signature for a chosen energy can be created byatit evaluation of
Eq. (4.1) with the corresponding material speci ¢ absorption atteuation coe cient
from [82]. Example normalized photon counts after absorption loss.€. so-called
signatures) for water and diesel as a function of x-ray energyeashown in Fig. 4.2.
We refer to the on-axis measurement of photons remaining aftem absorption process

through the object as the absorption measurement. This measment is a vector that
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has dimensionalityQ,, the number of absorption energy bins. The number of photons

collected in thej " energy bin is given by

z
m®* = N(e)de (4.5)
5
where E is the energy range of thg™ energy bin andj = 1:::Q,. The absorp-
tion measurement vector can then be written asn, = m3®;mg"™;:::; ma> Ty
ngbs; ngds; ;o :; ngks " wheren; denotes measurement noise.

The measurement resulting from the diracted or scattered phans will be re-
ferred to as the diraction measurement. We assume, as in powddi raction, that
atomic structure of the object has a uniformly random orientatioeading to a circu-
larly symmetric di raction pattern about the main beam. The resulting di raction

pattern pro le follows Bragg's Law written as
. hc
= arcsin Ex (4.6)

where is the scattering angleh =4:136 10 eV s is Planck's constantc is the
speed of light, andx is the momentum transfer. It can be seen from Eq. (4.6) that the
scattering angle of a photon is energy dependent. This allows a @sponding di rac-
tion pro le for an arbitrary energy value to be computed given an inital di raction
pro le and energy value. We acknowledge that this simple scaling may er from
actual specic energy diraction pro les however believe this simplescaling to be
representative.

Measured di raction pro les, provided by Prof. Michael Gehm and Rof. David
Brady at Duke University, for water and diesel with 8 keV illumination ae shown in
Fig. 4.3a. These pro les together with Eqg. (4.6) allow material spect spatio-energy
di raction signatures for a desired energy range to be estimate@&hown in Figs. 4.3b{
4.3c are example spatio-energy signatures for water and diesekpmectively, for an
energy range of 15{125 keV. The relative intensity is representead terms of spatial

position r on the detector array away from the main beam axis and x-ray ergr
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Figure 4.3: (a) X-ray scatter pro le at 8 keV (b) Water and (c) Diesl spatio-energy
di raction signatures for 15{125 keV.

level. The spatial position is de ned asr = dcos , whered is the distance from
the detector array that varies with sub-object. We note that oher x-ray signatures
have been described in the literature, for instance see [89{91]. Ihig study, we
choose to capture all elastically scattered photons from the oloje To satisfy this
condition we nd the maximum spatial position away from the main beanr,,x and
uniformly divide this radius among the desired number of detectorssallustrated in
Fig. 4.4. The largest scattering angle hox away from the detector array of a given

object determines the maximum extent ,,»x of the detector array. This yields a radial
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Figure 4.4: Detector ring radial geometry withP = 3 for two objects of di ering
thicknessd = fda;dsg whereda > dg and rmaxa > I max:s-

extent of r,,x=P for each detector ring.
The scattered photons arriving at the detector array are binnedly detector ring
and energy band where each of the detector rings hasQqg di raction energy bins.

The number of photons at thep" detector andg™ energy bin can be expressed as
ZZ
md, = N (e;r) dedr (4.7)
ERp
where R, is the spatial extent of thep™ detector, E, is the energy range of theg"
energy bin,N(e;r) is the number of scattered photons incident at the detector ar-
ray in terms of energy and spatial positionp = 1:::P, andq=1:::Qq. Similar
to the absorption measurement, we choose to represent the digtion measurement
as a vector. This yields a vector of dimensioP Q4 and can be written asmy =
mé md iomd T+ ndo;ngcond Twheremgi = mg ;me ;i mdy
ny' = nf;n% ;iii;ng, , and ny represents measurement noise.

4.2.2 Task Specic Information

An attractive metric to quantify system performance for a deteon task is task
speci ¢ information (TSI) [31,32] de ned by

TSI= H(C) H(CjR) (4.8)
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Figure 4.5: Relationship between TSI and probability of error.

whereR is a random variable representing the measuremerg, is a random variable
representing a class labelH () = E[log,(f ())] denotes the entropy in bits, E[]
denotes the statistical expectation operator andi ( ) denotes the probability density
function. TSI is a Shannon information-theoretic measure that cabe used to bound
conventional performance metrics. One commonly used convent& metric to quan-
tify detection performance is the probability of errorPe. This metric can be related
to TSI through Fano's inequality H(Pe) + Pelog(jCj 1) H(CjR) [33]. Substi-
tuting (4.8) into Fano's inequality and rearranging we nd the relatiorship between
TSI and P, as TSI H(C) H(Pe) Pelog(Cj 1). For a detection problem,
jCj = 2, the relationship between TSI andP, is shown in Fig. 4.5. To be explicit,
TSI provides an upper bound for the performance of some taskespc algorithm.
The actual performance is dependent on the particular algorithmsed and the upper
performance bound may not always be achievable. The TSI boundsywever, are
useful for comparing the task-speci ¢ performance of prospgae system designs.

In our system, the measurement vector can contain any combinamh of absorption
or diraction components. As described earlier, absorption compents include the
number of photons for a single detector (on the optical axis) fomeh energy bin after

photoelectric processes. Diraction components include the nurab of photons for



82

—>*— Class 1
—O6— Class 2

Probability
Probability

L L L n @ Ot Il Il N L
Few Many Few Many
Photons Photons

(@) (b)
Figure 4.6: (a) Small and (b) Large pdf overlap area.

each energy bin at each detector position after scattering prases. To illustrate the
notion of TSI, consider an absorption-only measurement and a slagenergy bin and
let the non-threat class of a single column of water and the threalass consist of
a single column of diesel. In this example, the measurement vector &ach class
is a scalar value, namely, the number of photons transmitted thrgi each object
corrupted by measurement noise. Multiple experiments can be penned yielding
multiple measurements for each class leading to an estimated probdyp density
function (pdf) for each class. When the pdf for the rst class haa small overlap area
with the pdf for the second class as shown in Fig. 4.6a then the resny TSI value
will tend towards unity. When there is a large overlap area betweerhé two pdfs as
depicted in Fig. 4.6a then the resulting TSI value will tend towards zer This is also
true for multi-dimensional measurement vectors. Thus, as the extap region between
the two multi-dimensional pdfs decreases the TSI value will approaanity and as
the overlap region increases the TSI value will approach zero.

For a measurement vectom 2 RM 1 with elementsm;, the pdf for each element
is de ned asf (m;) wherei =1 :::M and ; is the mean number of photons for th&"

element. We assume that each measurement is independent thue throbability of a
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particular measurement is given by (m) = M, f (m;). For the j™ classc, containing

B; objects we de ne a mixture distribution using uniform mixture weighs written as

YBi

f(mijg) = B—lj f(mi ) (4.9)
b=1

where , is the mean number of photons for thé measurement of thed" object.
Thus, the measurement pdf for multiple classes can be represehtas a mixture
distribution with uniform mixture weights written as

f(m)= = f(mijg): (4.10)

IC] j=1 i=1

We note that the TSI can also be written as TSI =H(R) H (RjC) and the entropy
can be estimated agl ()  (1=N) P §=1 log, f () using a Monte Carlo based approach
whereN is the number of trials. Our approach for a two-class problem is illusited

in Algorithm 1.

4.3 Simulation Results

Detection performance is analyzed for various system parametancluding number
of energy bins and number of detectors. It is assumed that anyastered photons (i.e.
secondary rays) continue unimpeded to the detector array. Thpact of this assump-
tion will be evaluated later in sections 4.3.5 and 4.3.6. For all simulatiord® = 0:1
cm, dy = 60 cm and a polychromatic x-ray pencil beam with an energy rangef o
15{125 keV are chosen. Three measurement types are considen absorption-only
measurement, a di raction-only measurement and a joint (absotiwn and di raction)
measurement. Each object is independently placed in the x-ray bedor measure-
ment. Unless otherwise noted, we only consider signhal dependembtsnoise and the
e ect of Compton scattering is only included when determining beamtt@nuation. In
other words, only the number of photons transmitted through tk object or yielded

by elastic scattering is measured at the detector array. The in uge of a Compton
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Algorithm 1: Entropy estimation for two classes

Result: H(RjC),H(R)

initialization;

N number of trials;

while counter N do
[* Class 1 */
r  draw sample from class 1;
Pre1  f(rjclass 1);
Pre2  f(rjclass 2);
Pr (Prc1 + Prc2)=2;
H(Rjclass 1) H(Rjclass 1) + log(p;);
H(R) H(R)+log,(m);
[* Class 2 */
r  draw sample from class 2;
Pre1  f(rjclass 1);
Prc2  f(rjclass 2);
Pr (Prc1+ Prc2)=2;
H(Rjclass 2) H (Rjclass 2) +log(pr);
H(R) H(R)+log,(pr);

end

H(RJC) (H(Rjclass 1) +H (Rjclass 2)=N;
H(R) H(R)=(2N);

\background" will be addressed in section 4.3.4 and the in uence otbackground"
absorption will be addressed in section 4.3.5. For all test cases, Wwease two liquids
to be the materials for our detection problem. Water is designatedsahe non-threat
material and is referred to as material 1 (M1). Diesel is designatesb the threat
material and is referred to as material 2 (M2). It is assumed thathte materials are
held in a container that does not a ect the measurement. The nothreat and threat
classes will also be referred to as class 1 and class 2, respectively.

In the rst test case, Case |, we examine detection performan@s a function of
object thicknessd. Here, the non-threat and threat classes each consist of a single
object with thicknessd. In the second test case, Case Il, detection performance for

classes containing multiple objects is considered. In this case, thenrhreat class
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Figure 4.7: Representative geometry of a threat object used in &alll.

contains multiple M1 objects within a range of thickness valued, d  dmax-
Correspondingly, the threat class contains multiple M2 objects with the same range
of thickness values as the non-threat class. A third test case, €&alll, modi es the
threat class from Case Il by adding \clutter" to the Case Il thred objects. The
non-threat class remains the same as in the second test case. Aett object is
constructed such that M2 has a xed length and is embedded into Maf variable
length at a random position. We further assume that the liquids areat mixed with
each other. In other words, the incident pencil beam encountesscolumn of liquid
consisting of homogeneous sections of water with thickness diesel with thickness
d;, and nally water with thickness d; before reaching the detector array as illustrated
by Fig. 4.7. The thickness of a threat object in this test case d = d; + d, + ds.
This test case also considers the e ect of incoherent scatteringudkground noise on
detection performance. Two sub-test cases that use the saniass con guration of
Case Il will examine Compton scattering and additional photoeledt absorption.
The rst of a nal pair of test cases, Case IVa, examines the detéion performance
with a coded aperture using the same class con guration as CaseThe last test case,
Case IVb, examines the detection performance using the Casedlass con guration.

These test cases are summarized in Table 4.1.
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Table 4.1: Summary of class con guration for each case where mak 1 (M1) is

water and material 2 (M2) is diesel.

Case Non-threat Class Threat Class
I M1, d= xed M2, d=xed
Il M1, dmin d dmax sz dmin d dmax
[l M1, dnin  d  dmax M1, d;=unknown
M2, d,= xed
M1, ds=unknown
lla Same as Case IlI with Same as Case Il with
incoherent scatter incoherent scatter
b Same as Case Ill with Same as Case Ill with
bulk absorption bulk absorption
IVa Same as Case Il with Same as Case Il with
coded aperture coded aperture
IVb Same as Case Ill with Same as Case Ill with

coded aperture

coded aperture

4.3.1 Case I: Fixed Thickness

Shown in Fig. 4.8a are the TSI detection performance bounds wherach material has
a xed object thickness for a selected number of energy bins. Aset object thickness
initially increases fromd = 0 cm there is more contrast between the classes thus
improving detection performance. Betweed = 5 and 15 cm, the two classes are very
distinguishable indicated by a TSI value of nearly unity for a single absation energy
bin. As the object thickness further increases, the number of ptons arriving at the
detector plane decreases, thus, reducing shot-noise limited SNiRtlan turn detection
performance. To illustrate the relationship between the class coitidnal pdfs and TSI
for this case, the Poisson distributed pdfs, for each class and tivockness values are
shown in Figs. 4.9a{4.9b. It can be seen in Fig. 4.9a that fdr= 10 cm there is a large
separation between the two class-conditional pdfs and a small deg@ region resulting
in a large TSI value. Atd =20 cm in Fig. 4.9b, the TSI value decreases which results
from the two pdfs becoming closer together with a growing overlaggion. When

each material is su ciently thick, d 60 cm, then all of the photons are absorbed
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Figure 4.8: Case |: Absorption-only measurement withy = 1000 incident photons
(a) TSI vs. xed object thickness for selected number of absatipn energy bins (b)
TSI vs. number of absorption energy bins for selected object tkizesses.

a

before reaching the detector. Increasing the number of abstigm energy bins to four
and eight as shown in Fig. 4.8a shows minimal improvement throughotlte thickness
range shown and the TSI saturates with a higher number of absdign energy bins.
For small d, however, increasing the number of energy bins has a greater & en
performance. For thin objects wherel 1 cm, the ner measurement resolution of
the energy spectrum of the measured photons allows better diggination between
the two classes. For objects wher@> 30 cm, there is a decrease in photon throughput
so the additional energy resolution provides a smaller bene t. We tethat as the
number of bins increase there is a decrease in the number of phatqrer bin. This
results in reduced SNR which dominates the bene t of spectral dikgty for large d.
Next, the TSI detection performance bounds for the diraction neasurement as
a function of object thicknessd for selected number of ring detector® are shown in
Fig. 4.10a. For a single ring detector, as the object thickness inases fromd = 0
there is an increase in TSI then al 5 there is decrease in TSI before saturating.
Note that a single ring detector simply integrates all scattered phons and discards

spatial information. This decrease in TSI is a direct result of the di eent material
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Figure 4.9: Case I|: Poisson distributed class conditional pdfs for gie absorption
energy bin scalar measurement (aj = 10 cm and (b) d = 20 cm.

speci ¢ attenuation coe cients. The peak in TSI occurs when the lass-conditional
pdfs have the furthest separation, i.e. when the (mean) numbef scattered photons
by each material are most di erent. Because of the speci ¢ abgaiton and scatter-

ing coe cients for these two materials, the mean number of scatted photons for
the non-threat class approaches the number of scattered pbaos for the threat class
as d increases. Alone this e ect will drive TSI to zero for larged; however, from
the previous absorption test case, the number of available phot®mecreases ad

increases. This decreases the number of photons that can bettetad. When each
material is su ciently thick, all incident photons are either absorbel or scattered.
This results in zero output photons in the absorption measuremerfas we've seen)
and saturation in the di racted photons because thicker materialean scatter no ad-
ditional photons. The point at which this happens is clearly material épendent. As
implied by saturation of the di racted photons, the TSI will also satuate as object
thickness continues to increase. We observe that increasing thember of ring detec-
tors (i.e. increasing the spatial resolution) improves detection pfrmance indicated
by the non-decreasing TSI in Fig. 4.10a for these speci c attenuah coe cients.

This trend can be seen in The TSI dependence on the number of singleergy bin
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Figure 4.10: Case I: Di raction-only measurement with a single di ratton energy bin
and Ny = 1000 (a) TSI vs. xed object thickness for selected number ofrrg detectors
(b) TSI vs. number of detector rings for selected object thickmsses.

detectors is shown in Fig. 4.10b for selected thicknesses.

We note that increasing the spatial resolution improves the TSI asié contribution
from di erent scatter angles can be better resolved. For the thimesses shown, we
notice that the TSI is saturating after 12 detectors are used indating that further
increasing the spatial resolution may not be advantageous.

As each individual measurement modality, absorption or di raction provides in-
formation about the characteristics of the object, we seek to gine both components
into a single joint measurement. Using joint measurement informatiothe detection
performance can be improved over that of the individual measuremt types. Because
the measurements are correlated, the TSI is not simply the sum dfe individual mea-
surement TSI values. The measurement vector then consists betnumber of energy
resolved photons from both the absorption detector and the diaction ring detectors
writen asm = mIm?7 .

Shown in Fig. 4.11 are the TSI bounds for a joint absorption and di retion mea-

surement as a function of object thickness. It can be seen thad d increases initially

from d = 0 cm, the TSI value rises to unity sooner and afted = 20 cm decreases
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Figure 4.11: Case I: Joint measurement TSI vs. xed object thicless withNy = 1000.

slower relative to the absorption-only or diraction-only cases. Inparticular, the
benet of a joint measurement can be seen by comparing the joiningle absorption
energy bin detector and single di raction energy bin single ring detémr (Q, = 1;
P =1, Q4 = 1) measurement with the individual absorption-only or di raction-only
measurement TSI. For comparison atl = 30 cm the absorption-only TSI is 0.577
and the di raction-only TSI is 0.635 while the corresponding joint mesurement TSI
is 0.829. This equates to a 44% increase over the absorption-onlyl Bd a 30%
increase over the diraction-only TSI. Whend > 20 cm, the absorption-only mea-
surement TSI decreases until reaching zero TSI & = 60 cm. Again, this is due
to all of the photons being absorbed for largd. In contrast, the joint measurement
TSI doesn't decline as fast as the individual measurements until cgarging to the
di raction-only TSl at d = 60 cm. The diraction measurement is unchanged, how-
ever, the joint measurement bene ts from the information providd by the absorption

measurement.

4.3.2 Case Il: Unknown Thickness

From Eq. (4.1), material thickness is directly related to the numbeof photons trans-

mitted or di racted. When the thickness is unknown, it is possible forone material
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of a given thickness to appear as another material of a di erent tbkness. In other
words, a thick object in one class may appear as thin object in thehar class. In this
section, we use the same system parameters and add a collectionhjécts (columns
of homogeneous liquid) with multiple thickness values to each class dise the pre-
ceding section. We choose a thickness range for the objects df 0 d 4 cm.
Intuitively, this additional nuisance parameter causes the class rditional pdfs to

become broader leading to a reduction in TSI or increase detectiora relative to

the previous case.

As seen in Fig. 4.12a there is indeed a reduction in TSI relative to the ed object
thickness case when the classes consist of multiple objects. Twogpmaeters that can
be used to improve the detection performance when thickness iskaown are source
intensity and spectral resolution. As shown in Fig. 4.12b, a higher sice intensity is
bene cial when more than a single absorption energy bin is used othase spectral
information gained by the increase in number of incident photons is losFor these
materials, we observe that ve absorption energy bins provides abtmt all available
TSI for the selected number of illumination photons shown. As the TSegins to
saturate after ve energy bins, further increasing the number foenergy bins will
provide a small bene t.

Similarly, the di raction measurement TSI also exhibits lower TSI relaive to the
xed object thickness case as shown in Fig. 4.12c. In addition to irgasing the source
intensity and changing the number of di raction energy bins to impree performance,
the number of ring detectors can also be changed for this measuent type. In
Fig. 4.12d, we examine the detection performance as a function betnumber of ring
detectorsP. Increasing the spectral resolutiol®q increases the TSI; however, for the
di raction measurement we nd that increasing the source intensit No or the spatial
resolution P is more bene cial.

Shown in Fig. 4.12e are the joint measurement TSI bounds as a fuiact of energy

bins and parameterized by number of ring detectors. Here we sétetnumber of ab-
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Figure 4.12: Case II: Absorption-only measurement (a) TSI vs. mber of absorption
energy bins andNg = 1000 compared with xed object thickness (b) TSI vs.Q, for
selectedN,. Di raction-only measurement (c) TSI vs. number of ring detectos for
selected number of di raction energy bins andN, = 1000 compared withd = xed

(d) TSI vs. P for selectedQq and Ng. Joint measurement withQ, = Q4 = Q and
No = 1000 (e) TSI vs. number of energy bins for chosdn (f) TSI vs. P for chosenQ.
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Table 4.2: Alternative joint measurement combinations that achiev@SI  0:7 from
Fig. 4.12.

Conguraton Q, P Q4 T TSI
1 8 1 8 16 0.703
2 4 4 4 20 0.725
3 2 6 2 14 0.712
4 1 7 1 8 0.725
5 6 3 6 24 0.724

sorption energy bins equal to the number of di raction energy bins.e. Q. = Qq = Q.
The joint measurement bene ts primarily from an increase in energpins through
the absorption measurement. As before, because both the atpdimn and di raction
measurements are present the TSI is higher than the correspamgl individual mea-
surements. In Fig. 4.12f we examine the joint measurement TSI baas as a function
of the number of ring detectors and parameterized by energy binSimilarly, because
the primary increase in TSI from an increase in energy bins is from trebsorption
part of the measurement, the joint measurement has a correspbng increase.

We note for a reference value of TSI =0 and a source intensity oN, = 2000
that an absorption-only measurement cannot achieve this level performance. A
di raction-only measurement can achieve this TSI using nine ring dettors each
with a single energy bin or with eight ring detectors each with four emgy bins. In
contrast, a joint measurement can use a combination of measurenh types to achieve
this TSI value. For example, using two absorption energy bins for éhabsorption
measurement part and six ring detectors each with two di raction eergy bins for
the diraction measurement part will provide the requested level bperformance.
Alternative measurement combinations that achieve TSI 0:7 from Fig. 4.12 are
summarized in Table 4.2. Other measurement combinations to achieV8l 0:7 are
possible and it should be emphasized that the number of absorptionezgy bins need

not be the same as the number of di raction energy bins.
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4.3.3 Case lll: Random Position and Clutter

In this test case, each class has stochastic unknown thickness hre tsame thickness
range; howeverd, in the threat class is xed and M2 is randomly placed within the
column of M1 as depicted in Fig. 4.7. We choose random thickness valder d; and
ds to be in the followingrange @1 d; 2cmand 01 d; 2 cm. Intuitively for
this case, the class conditional pdfs will become broader from thigickness variation
and decrease in separation distance due to the inclusion of both reaals (i.e. threat
and clutter) in the threat class. Correspondingly, this leads to a daiction in TSI
relative to the previous test case.

Shown in Fig. 4.13a are the TSI bounds for an absorption-only measment with
No = 4000 illumination photons as a function of diesel thickness,. We again choose
a reference value of TSI = & and nd for Q, = 4 and the thickness range shown the
minimum detectable threat thicknessd; in the presence of clutter (i.e. water in the
threat class) is at least 4.5 cm of diesel. As before, this minimum detable thickness
is dependent on the source intensity and number of energy bins.ctieasingQ, or Ng
increases TSI which in turn leads to a lower minimum detectable thickesd;. This
e ect can be seen in Fig. 4.13b which showg; that achieves TSI 0:7 as a function
of Q.. We observe that increasing the number of incident photons yieldbe largest
improvement.

The di raction-only measurement TSI is shown in Fig. 4.13c foNy = 4000 illu-
mination photons as a function ofd,. Here we nd that using a single energy bin and
a single detector (i.e. ignoring spatial information), about 5.6 cm ofiésel is needed
to achieve a TSI 0:7. By increasing the spatial resolution, or measurement dimen-
sionality, the minimum detectable amount of diesel can be decreasegbr example,
an increase to 4 ring detectors requires about 5.4 cm of diesel whifeiacrease to 16
ring detectors decreases the minimum detectable amount of dieselabout d, = 2:6

cm. Similar to the absorption case, increasing or Ng increases TSI which leads to
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Figure 4.13: Case Ill: Absorption-only measurement (a) TSI vs.igsel thickness with
No = 4000 (b) Minimum detectable thickness to achieve TSI 0:7 vs. number
of absorption energy bins for selectetN,. Diraction-only measurement (c) TSI
vs. diesel thickness withNg = 4000 (d) Minimum detectable thickness to achieve
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a lower minimum thickness as shown in Fig. 4.13d.

Finally, the joint measurement TSI shown in Fig. 4.14a are the TSI bowds for
the joint measurement as a function of diesel thickness. The coimhtion of a sin-
gle absorption energy bin with the four ring detector each with a simg di raction
energy bin measurement allows a TSI 0:7 to be achieved for a minimum diesel
thickness of about 4.5 cm. This is nearly a 1 cm reduction in the minimumiesel
thickness required from the di raction-only measurement. An altenative way to re-
fer to the measurement combinations possible with the joint measement type is to
view the sum of the absorption and di raction components as the tal measurement
dimensionality T = Q, + PQq. From Fig. 4.14a there are three combinations with
a measurement dimensionality equal to ve with the combination usinfpur absorp-
tion energy bins having better performance than the other two. Bincreasing the
spectral resolution of the absorption measurement, a furtheeduction in the mini-
mum detectable amount of material required can be achieved. Nalpevhen the four
absorption energy bin absorption measurement is coupled with a sieging detec-
tor single diraction energy bin di raction measurement the minimum thickness of
diesel drops to 2.6 cm. As before, increasing the spectral resautof the di raction
measurement provides little bene t as seen with the eight dimensiohemeasurement
of four absorption energy bins with four ring detectors each with aingle di raction
energy bin where we nd that 2.5 cm of thickness is necessary. As wihe individual
measurements, increasin@,, P or Ny reduces the minimum thickness to achieve a

desired TSI 0:7 as shown in Figs. 4.14b{4.14c.

4.3.4 Case llla: Compton Scattering

In the previous results only Rayleigh scattering was considered; wever, Compton
scattering will also occur. Here, we repeat the Case Il study andclude the e ect of

uniform Compton scattering background. We compute the Comptoscattering using
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Figure 4.15: Case llla: TSI vs. diesel thickness witNy = 4000 and Compton scat-
tering background noise for (a) di raction-only measurement (b)oint measurement.

the same method described for Rayleigh scattering (i.e. scatterioger a series of thin
slices). The total number of photons resulting from Compton sctdring is assumed to
scatter uniformly in all directions and only photons within the solid antg subtended
by the detectors are collected. This uniform background and its ssciated shot noise
is present on both the absorption and di raction measurements.t should be noted
that Compton scattering is also material, thickness, and geometigependent.

For the absorption-only measurement, the number of photonsdim Compton scat-
tering is small relative to the number of transmitted photons throgh the object.
Consequently, the absorption-only measurement TSI is virtually ideical to the case
without Compton scattering shown in Fig. 4.13a. TSI as a function adiesel thick-
ness for the diraction measurement corrupted by Compton sctdring is shown in
Fig. 4.15a. To achieve TSI 0:7 at Ng = 4000 a spatial resolution of 10 ring detectors
each with a single di raction energy bin andd; 8 cm of diesel is required. Using
20 ring detectors each with a single di raction energy bin allows the mimum thick-
ness to be reduced ta, = 3 cm of diesel. In contrast to the case without Compton
scattering,d; =3:6 cm forP =10 and Qg =1 and d; = 2:4 for P =20 and Qq = 1.

As before, increasing the number of illumination photons will also impve the TSI
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performance. Although Compton scattering is also material depdant the addition
of this e ect can be considered background noise. The impact ofishadditional noise
term is seen as a general decrease in TSI or corresponding inaeagietection error.
This decrease is most readily apparent in the single di raction enerdyin single ring
detector diraction measurement TSIl. The e ect of Compton sc#er decreases the
separation between the class conditional pdfs as the diesel thielss increases. The
behavior of the incoherent scatter background noise is oppositeat of the coherent
scatter as shown in Fig. 4.16 fod, = 7 cm and d, = 10 cm. For the coherent compo-
nent, asd, increases the pdf of class 1 shifts to the right and the pdf of classhifts
to the left increasing the separation between the two pdfs and tkuincreasing the
TSI. With the addition of the incoherent component, we note that he pdf for class
2 is now on the right hand side of the pdf for class 1 rather than on ¢hleft hand
side for the coherent component. Ad, increases, the incoherent pdf of class 2 shifts
to the right at a rate faster than the coherent pdf of class 2 sh#tto the left. This
causes the overall pdf of the diraction measurement to increase overlap leading
to a reduction in TSI. Finally, shown in Fig. 4.15b is the joint measuren# TSI as a
function of diesel thickness. Here the joint measurement bene from the una ected

absorption measurement as a minimum thickness df = 3 cm of diesel is required.

4.3.5 Case lllb: Bulk Absorption

In this section, we consider the in uence of a \background" absption component
by placing the object inside a solid cylindrical enclosure illustrated byi§. 4.17. The
dimensions of this enclosure are de ned by, the distance before the objectd, the
distance after the object, andd, the radial extent about the object. Intuitively, more
photons will be lost through photoelectric absorption processeada decrease in TSI
is expected. Here, we examine the e ect of bulk absorption on the mction-only

measurement of Case Ill. For this enclosure, an energy depenidbulk absorption
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Figure 4.16: Case llla: Diraction-only measurement class conditial pdfs with
No = 4000 for the coherent component (ajl, =7 cm (b) d, = 10 cm and incoherent
component (c)d, =7 cm (d) d, =10 cm.



101

—— NI B

v ||
o R Lo O

Figure 4.17: Representative geometry of a cylindrical enclosure.

coe cients are randomly drawn for each ray passing through therelosure. The pdfs
for each energy value of this bulk absorption coe cient are creatkfrom the measure-
ment data of common commercial products. Example products inde dishwashing
detergent, polyester eece, carbonated soft drinks, and apgiuce.

Shown in Fig. 4.18 are the TSI bounds aNy = 4000 photons for a xed size
enclosure with dimensiongl, = 20 cm, d, = 15 cm, and d, = 8 cm. Indeed, with the
additional absorption there is a decrease in TSI as about 10 cm of sk is required
with 16 ring detectors each with a single di raction energy bin to achie TSI 0.7
compared withd, = 2:6 cm without the enclosure. Increasing the spatial resolution to
20 ring detectors reduces the minimum thickness to 7.4 cm. As befpincreasingNg

and P increases TSI and leads to a lower minimum thickness as shown in Fig.8h1

4.3.6 Coded Aperture

Coded apertures are widely used, especially in spectroscopy, to moye sensor through-
put by encoding a source and forming multiplexed measurements. Andar system
that performs this operation and uses pencil beam illumination is codeaperture
x-ray scattering imaging (CAXSI) [92,93]. That system has a geoitng similar to

the system we have been studying (from Fig.4.1a) with the addition @& secondary
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Figure 4.18: Case lllb: Diraction-only measurement with bulk absmption (a) TSI
vs. diesel thickness withNg = 4000 (b) Minimum detectable thickness to achieve
TSI 0:7 vs. number of ring detectors for selecte.

aperture, the coded aperture, placed between the object anketimaging plane and
the use of a square pixel 2D detector array. The goal of a CAXSjstem is the recov-
ery of a volumetric di raction pattern to reconstruct the compostion of an object.
This is accomplished by introducing an angular variation to the scatted photons
on the xed position sensor array. In contrast, common di ractaneters measure a
di raction pattern directly by mechanically changing the detector sition about the
object. Because the composition of the entire object is reconstted, a material
detection task becomes trivial. However, as previously indicatedggonstructing the
composition at each position in the object may not be necessary fdetection task.
Here, we modify our system depicted by Fig. 4.1a by inserting a codagerture
between the object and ring detector array. Consequently, wen@loy a modi ed ring-
wedge detector array for this case. This diers from a typical ringvedge detector
[94] in that the modi ed detector array consists of the ring detedrs divided into
wedges (i.e. each wedge contains segments (arcs) from multiple sings illustrated
by Fig. 4.19a. This detector hadV wedges and® arcs per wedge where each arc has

Qq diraction energy bins. This yields a di raction measurement dimensioality of
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P QgW. It is assumed that the incident illumination is uniformly distributed on each
each wedge.

The coded aperture is described by a projection matriR where each element is
positive and normalized to unity. Physically, each row oP describes a wedge shaped
aperture pattern and the matrix elements are uniformly spaced ded by the radial
extent of the aperture. The value of each matrix element determas the transmission
characteristic of the wedge. AlthougtlP can contain fractional values, manufacturing
limitations may require masks that only consist of binary values. Hele¢we choose a
Hadamard matrix that consists of bipolar values and an example Hadeard matrix of
order 16,H 16, is shown in Fig. 4.19b. Because the coded aperture can only implemen
positive values, a dual-rail [5] scheme is employed whdPe= H ;¢ is separated into
positive and negative components such thad ;6 = Hi; H 4. This yields a total of 32
rows for both matrices. The corresponding coded aperture usiayj rows, denoted as
H 16:32, containing 32 wedges (including the all-zero projection) is shown ind= 4.19c.
Note that it is not necessary to use all available matrix rows and a sabt of W rows
may be selected for the coded aperture.

We examine the TSI performance bounds by repeating the Case hdaCase Il
di raction-only measurement studies with the addition of a Hadamaa coded aperture
and refer to each as Case IVa and Case IVb, respectively. A Hadant coded aperture
permits on average half of the source photons through the aperé. Correspondingly,
we use twice the number of illumination photons relative to the non-cled aperture
case for comparison. We note that the coded aperture only a extthe di raction

measurement leaving the absorption measurement and associalédl unchanged.

4.3.7 Case IVa: Coded Aperture and Unknown Thickness

Shown in Fig. 4.20 are the TSI bounds as a function of the number ahg detectors

per wedge. We choose the rst three rows dl 15 to generate the corresponding six-
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Figure 4.19: (a) Modi ed ring-wedge detector array (b) Hadamardnatrix of order
16, H 16, where white=+1 and black= 1 (c) H 143, (dual-rail) coded aperture where
x-rays pass through the white regions and are blocked by black regs.
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wedge coded aperturéd 155 and select detectors that each have a single di raction
energy bin. We nd that for Ng = 2000 the TSI for the H 156 coded aperture is
about 0.36 for two detectors (arcs) per wedge. This correspatb a measurement
dimensionality of 12 elements. Comparing with the non-coded aperasystem using
the same measurement dimensionality alNy = 1000 with 12 ring detectors (and
1 wedge) we observe a TSI of about 0.62. Increasing the illuminatiornteénsity to
No = 2000 in the non-coded aperture system yields a TSI of about 0.7As the
joint measurement also contains the di raction measurement, angeduction in the

di raction TSI will also cause a reduction in the joint measurement T&

4.3.8 Case IVb: Coded Aperture, Random Position and Clutter

Shown in Fig. 4.21 are the TSI bounds for a di raction-only measureemt using an
H 166 coded aperture. For comparison between the non-coded apegtsystem and
the coded aperture system, the total measurement dimensiongliis again used and
detectors each with a single energy bin are selected. Here a 6-disienal measure-
ment corresponds to Q, = 1;P = 6) in the non-coded aperture system and to

(Qa =1;P =1;W = 6) for the H6 coded aperture system. The 18-dimensional
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Figure 4.21: Case IVb: Diraction-only measurement withH 15.¢ coded aperture TSI
vs. diesel thickness compared with non-coded aperture systeon $electedN.

measurement corresponds toQ; = 1;P = 18) and (Q, = 1;P = 3;W = 6) in the
non-coded aperture system anél 156 coded aperture system, respectively. We nd
that at No = 8000 photons both 6- and 18-dimensional measurements o errapara-
ble performance to a 6-dimensional measurement in the non-codmaerture system
using Ng = 4000 photons. As we have seen before, increasiNg and P improves
performance; however the non-coded aperture system wikhy = 8000 illumination
photons outperforms the coded aperture system at the same illimation level.
Based on the reduction in TSI relative to the system without a codedperture
and the added system complexity resulting from the coded aperey we conclude
that this coded aperture system is not promising for direct use in aetection task.
This result is not surprising as the intent of the coded aperture is teemove angular

ambiguity for the purposes of reconstruction.

4.4 Conclusion

A polychromatic x-ray pencil beam in conjunction with energy resolag detectors
can be used for threat detection. The absorption and di raction reasurements can

supplement each other with appropriate measurement resourcoaation. In this
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system, the absorption measurement bene ts from increasedezgy resolution while
the di raction measurement bene ts from increased spatial resation. Additionally,

increasing the source intensity has a positive e ect on TSI performmce for either
measurement type, which is expected to decrease detection errdt is expected
that independently choosing the source intensity for each measunent type will
further increase the joint measurement TSI performance. In tb study, two liquids
were selected; however, any other materials can be substitutethreat detection by
this approach may be useful in applications where exact threat idggation is not

immediately required.
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Chapter 5

Conclusions and Future Work

The exclusive use of conventional optical design techniques platies sole burden of
image formation on the optical system. Consequently, any procasg required for the
nal system output is performed after the data acquisition procss. Although con-
ventional imaging system designs are widely successful, the availadisign resources
may not be e ciently allocated or distributed because of the disconect between the
data acquisition and post-processing sub-systems. Computatadnmaging (CI) pro-
vides an alternative way to allocate system resources to achievesteyn goals. In the
single pixel camera system example described in chapter 1, the catgpional imag-
ing paradigm allows for the exchange of sensor spatial resolution vibnger temporal
operation in order to yield a nal image. This tradeo can be bene cid for designs
where there is a high cost associated with the electronic sensing gament; for in-
stance, in applications that employ infrared wavelength sensitive d¢al plane arrays.
By providing additional design degrees of freedom, Cl can enables®ym designs that
are impractical or unrealizable using conventional design technicge

One such design where non-traditional measurements are useceitend the eld
of view (FoV) is presented in chapter 2. This superposition imaging bad compu-
tational imager employed multiple beamsplitters and thin Im shuttersto extend
the FoV of a narrow FoV conventional imager. This design eliminatedche need for
mechanical pointing and avoided overly complex optics that are typadly associated
with conventional wide eld of view (WFoV) design methods. Such a dggn may be
bene cial in applications where mechanical robustness is a criticaésign parameter.
A prototype of this optical architecture was constructed and wed to validate the sim-

ulation study and a discussion of practical limitations was provided.nl the system
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presented, the number of measurements needed for a recomstion task is equal to
the number of sub- elds of view. Future work to reduce the numbreof measurements
required relative to the number of sub- elds of view would be beneial. Additionally,
compressive sensing approaches that exploit object priors to teg¢ the number of
required measurements is also of interest. Work to investigate ttieasibility of this
system for other tasks such as object tracking can also be unidden. Lastly, from a
practical design perspective, improved characterization of sgsh imperfections and
e ects on reconstruction performance should be addressed.

Chapter 3 presented an extension to feature-specic imaging (FSfor natural
time-varying scenes by exploiting temporal correlation. When usingarhunen{Laeve
(KL) projections for the read-noise limited measurement case, itas shown that
this space-time compressive imager o ers higher compression ralatto a space-only
compressive imager. In one instance, a space-time compressiveging simulation
for a relative noise strength of 10% and reconstruction error oD% and 8 8 16
spatiotemporal blocks yields about 292 compression compared to a conventional
imager; whereas, space-only compressive imaging provides abadut ompression.
To implement this system three electro-optic space-time comprésgs imaging archi-
tecture classes were discussed: optical processing, charge aionprocessing, and
hybrid optical and charge-domain processing. This Cl approach iebe cial in ap-
plications where reductions in the number of detectors or measuanent bandwidth
are important considerations while providing comparable performae to a conven-
tional imaging system. There are a number of areas that remain tcehinvestigated
in future work with this extension to FSI. The use of alternative prgections that
optimize di erent performance metrics, such as visual quality, shibd be investigated.
Additionally, projections that adapt to the scene is another diregon to investigate
and may also yield further compression. Another related topic is moh compensa-
tion that may also guide projection design. One assumption in this wiris the use

of a xed spatiotemporal block size. While this is convenient to implenm, another
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possibility to enhance performance is the use of variable spatioteorpl block sizes.
This analysis should include non-uniform dynamic block sizes acrosghbepatial and
temporal axes. Because not all parts of the scene will vary at ttsame rate, it may
be advantageous to collect feature measurements in a corresgiag manner through
variable block sizes. This STFSI system was studied for a reconsttion task how-
ever, suitability for other tasks such as object tracking should bpursued. Finally,
further analysis is also required to quantify the e ects of system iperfections and
practical limitations, such as mask refresh time, found in an actuainplementation.
Lastly, a polychromatic x-ray pencil beam imaging system for a detBon task was
investigated in chapter 4. Two liquids were chosen for this study wkee one liquid
was designated as a threat and the other liquid as a non-threat neatal. Absorption
signatures for these objects derived from Beer's law as well as @iation signatures
based on measured x-ray scatter data were created for use i tthetection task. The
detection task performance was investigated for various classdameasurement con-
gurations and quanti ed using the task-speci c information (TSI) metric. While
this model provides basis for analysis, there are a number of asysethat require
further work. To demonstrate system operation, the threat ath non-threat classes
were relatively simple. As such, future work includes analysis to quidfy the detec-
tion performance for more realistic threat and non-threat classecontaining multiple
materials, such as those found in typical commercial products. Fpractical appli-
cations, the assumption that scattered photons continue unimped to the detector
may not necessarily be true for common objects. One example is adage security
screening application in which a potential threat object is surrouretl by non-threat
objects. While a simple clutter model was considered, there will bertber attenua-
tion and re-scattering from other objects. The detection perfmance in the presence
of more realistic clutter should also be examined. The spectrum wassamed to be
generated by an un Itered tungsten source. Because this speah also in uences the

object signatures, spectral shaping may improve detection perfmance for specic
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materials. Detection performance was quanti ed for a single sowcspectrum and
measurement set, i.e. some combination of absorption measuretaeand di raction

measurements. Motivated by the conventional dual energy measment strategy, a
rst step in quantifying the e ect of source spectrum selection isd investigate the
performance of additional measurement sets each using a di etesource spectral

distribution.
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