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Abstract

Imaging satellites that look nadir face a variety of obstacles. In addition to designing the
system for the intense environment that the satellite will be experiencing, there are other
factors to consider: reflections and emissions from the ground, from clouds, and from the
OH-airglow layer. Depending on the desired object, these nuisance signals can
significantly reduce image quality. The ground will have city lights, clouds will reflect
light, and every material will have a different reflectance, some up to 60%. Performing a
tomographic reconstruction can effectively separate a signal from other emissions and
reflections. The Atmospheric Waves Experiment (AWE) is a prime example for use of
tomographic reconstruction techniques from an imaging space platform. AWE is designed
for studying the OH-airglow layer and atmospheric waves (also called gravity waves)
which cause emission changes in the OH-airglow layer. A reconstruction for AWE would
separate signals from the OH-airglow layer from reflected light from clouds and the

ground.

Performing tomographic reconstructions for the Atmospheric Waves Experiment (AWE)
and analyzing them is the primary focus of this dissertation. This work covers an
implementation of MLEM for use in satellite images pointing nadir. The algorithm is fast
enough to be performed in real-time for many applications. This work covers the details
of the reconstruction implementation and the challenges it poses and then a detailed study
of the image quality of the tomographic reconstructions is presented. Some of the useful
tools developed during this study include the construction of a short-wave infrared (SWIR)
model of the atmosphere, methods for projecting simulated models through the imaging
system, performing tomographic reconstructions of the simulations, and using a Hotelling
observer to determine the overall image quality. Tomographic reconstructions are found
to be effective in many applications for space imaging. However, the severely limited

projection angles do provide constraints on the overall reconstructed resolution.
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CHAPTER 1

THE ATMOSPHERIC WAVES EXPERIMENT

1.1 Overview of the Atmospheric Waves Experiment

The Atmospheric Waves Experiment (AWE) is a short-wave infrared (SWIR) telescope
that will be mounted onto the International Space Station (ISS). It will be pointed nadir
and will collect signals from emissions of the OH airglow layer. The OH-Airglow layer is
a region of altitude where atmospheric pressure waves, also called gravity waves (not to be
confused with gravitational waves), deposit portions of their energy. These gravity waves
connect terrestrial weather with space weather. Space weather has been of interest lately
because of its effect on GPS, radio communications, and other technology. AWE’s
purpose of studying the airglow layer will provide key insights to the relationship that
gravity waves play in space weather (AWE 2018, Potter 2020).

1.2 ISS as an Imaging Platform

The ISS is a unique and useful platform for a telescope. Its orbit covers £52° latitudes
(National Aeronautics and Space Administration 2010), and it orbits the earth every 90
minutes (Evans and Robinson n.d.). Moving at 7.66 km/sec, integration times can be
prohibitive for imagers. As is shown in Section 1.6, the MTF correction for ISS movement
becomes dominant. For this reason, the integration time for AWE is to be around one

second.

1.3 AWE Background

There has been research that has looked at the OH-airglow layer from space (Miller et al.
2015, Chandran et al. 2010, Tsuda 2014), and some have even used tomography for 3D
reconstructions of the OH-airglow layer (Song et al. 2017). Many of these satellites that
have looked at the OH-airglow layer have focused on looking sideways into the OH-
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airglow layer (called a limb measurement) to emphasize the differences in the emissions at
different altitudes. SABER (Oberheide et al. 2006) is one of these instruments that makes
limb measurements. What sets AWE apart from these other satellites is its wide
observation coverage of the Earth due to being attached to the ISS, it is looking nadir, and
it has four telescopes simultaneously collecting sufficient data to create temperature maps

of the OH-airglow across these wide swaths.

Some previous groups have looked at the OH-airglow layer from the ground looking up
(Taylor et al. 2010, Pautet et al. 2014, Zhao 2019, Lai et al 2019, Gavrilyeva et al 2018,
Matsuda et al 2014). The Advanced Mesospheric Temperature Mapper (AMTM), used by
Taylor et al. (2010), served as a starting point in designing a telescope for space. There are
differences that had to be considered when designing for space. Ground based imaging
platforms are difficult to move, and therefore have a limitation in how much of the airglow
layer can be studied. To make more of the sky visible, the full field of view of the AMTM
was made to be 120 degrees. Ground-based imaging platforms have also allowed for
longer, heavier telescopes.

1.4 AWE Instrument Overview

In adjusting the AMTM used by Taylor et al. (2010), many minor adjustments had to be
made in the design. This section will briefly discuss some of the design considerations that

went into the AWE instrument.

The mass and volume of the instrument had to be considered. Because the mass of the
AMTM was too high, the lens barrel was shortened, and the lenses had to be lighter. In
addition to lightening lenses, the number of lenses also had to be reduced. In considering
lenses, the AMTM design had some cemented doublets that had to be adjusted because the
thermal properties of cemented doublets were not adequate for the requirements of AWE.
As an effect of these mass and volume considerations, as well as stray light considerations

for space, the full field of view was narrowed to be around 90°.

Smaller and tighter tolerances were required for AWE. As a result of fewer lenses, each
lens had to have a tighter tolerance to meet the design requirements. This led to more

advanced alignment tools and techniques, as well as mounting techniques to ensure the
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telescope could function properly (AWE 2018). The focus adjustment found on the
AMTM had to be abandoned because once AWE was placed on the ISS, no operator could
adjust the focus. This put priority on calibrating the instrument and having a reliable,
athermal design.

The environment of space also led to minor changes. Radiation in space made many glass
types unusable for lenses. Radiation hardened glass was required, especially for the outer
lenses. Other environmental requirements to prepare for were the vibrations in the launch
environment; thermal considerations which included survival and operating temperatures;
and athermal design considerations to enhance the image quality throughout the operating

temperature range.

On the ground, the OH-airglow layer and gravity waves incident on the layer move slow
enough that exposure times could be longer than 10 seconds (Hart et al. 2012). The long
exposure times gave increased signal-to-noise ratio (SNR) for the collected images. On
the ISS, the velocity forces the integration time to be closer to one second. A balance of
integration time and image smear had to be made to get adequate images. With the SNR
sacrificed because of shorter integration times, other methods were considered being used
to bring the SNR up to adequate levels, such as coadding frames and tomographic

reconstructions.

On the ground, three different narrowband filters were used in sequence to get a
temperature map of the OH-airglow layer. With there being limited time to change filters
on orbit, four separate telescopes were made so that the filters could be used
simultaneously. This allowed one extra filter for resiliency. An InGaAs detector was
chosen that had satisfactory noise characteristics. The selected detectors were meant for
high signal applications, but because of price and availability, they were chosen. The noise
was high enough that correlated double sampling (CDS), was used to lower the noise

(White etal. 1974). The detector was also cooled to -15°C to reduce noise and dark current.

Distortion, spectral response, and sensitivity to other signals was part of the calibration
process needed for space. For calibration purposes, the outer 16 pixels on each side of the
detector were masked with metal. This guaranteed that a dark frame measurement could

be taken on orbit. This also helped with measuring the temperature of the detector because
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the dark current is correlated with temperature. More detail on this topic is given in Section
1.6.3.

Figure 1.1: Cross section of AWE: There are four different telescopes. At least three of the four telescopes will have a
different spectral filter. These spectral filters will help to provide images that, when combined, give a temperature
map of the OH-airglow layer.

1.5 OH-Airglow Layer
Between the mesosphere and the thermosphere, at a roughly 87 km altitude, is the OH-
airglow layer. It has a width of roughly 10 km at any given location, and its emissions can

shift from 80-100 km. The temperature in the OH-airglow layer will generally be between
150-240K (Ammosov et al. 2019).
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Figure 1.2: Taken from Liu et al. in 2015. This figure shows the SABER instrument’s data. These are two channels of
mean OH emissions displayed. The red line gives the mean values of temperatures. Used with permission from the
Journal of Geophysical Research: Space Physics.

The airglow layer has emissions in the near infrared due to vibrational-rotational
transitions. In vibrational-rotational transitions, a molecule’s vibrations are analyzed like
a harmonic oscillator with quantized energy states. The wavelengths of the emissions are
due to vibrational energy level transitions combined with a change of total angular
momentum due to rotational transitions, which have a selection rule of AJ=+1 (Libretexts
2020). In this case, these transitions give rise to sharp peaks throughout the near-infrared
spectrum (Oliva 1992, Ramsay 1992). The peak amplitudes are dependent on the
temperature of the airglow layer, following a Boltzmann distribution (Dreier and
Rakestraw 1990, Libretexts 2020). When looking at the ratio between vibrational-
rotational transition band emissions (e.g., P;(2) and P;(4)), an accurate temperature

reading can be performed.

1.6 Gravity Waves

Atmospheric gravity waves, called gravity waves in this document, transport energy
through the atmosphere and are a vital, little understood phenomenon that connect weather
in the troposphere with space weather. Space weather is of interest to many groups because
of communication disruptions and other issues that can occur (Akmaev 2011). Most people

have experienced gravity waves through airplane turbulence, but gravity waves extend far
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beyond those altitudes. If they get high enough, they get to the OH-airglow layer and
beyond. When reaching the airglow layer, the waves begin to break, or in other words,
they deposit energy into the OH molecules. In this way they are similar to waves in the
ocean: they are present under water, but their energy is deposited at the boundary of where
the water meets the air.

Gravity waves start from many sources: storms, other weather, mountains, valleys, islands,
other geographic features, and many more. Nappo (2013) explains that at these events and
locations, buoyancy forces propagate the air up and out, and gravity is the restoring force
that pulls them down, creating a wave. When propagating, they can go almost any
direction. If they go in a direction that increases with altitude, their amplitudes also
increase. Nappo (2013) also explains that gravity waves can also break up into groups of
smaller waves.

When gravity waves are incident on the OH-airglow layer, they cause pressure changes,
which then cause temperature changes in the airglow layer due to the ideal gas law, PV =
nRT, where P is pressure, V is volume, n is the amount of the gas present, R is a constant,
and T is temperature. The temperature changes are related to the emission radiance of the
airglow layer, as mentioned in Section 1.5 of this document. If these emissions across the
airglow layer can be measured with proper precision and resolution, the gravity waves in
the OH-airglow layer can be quantitatively measured as well as the temperatures of OH-

airglow layer.

1.7 AWE Detector Characteristics

1.7.1 Noise Characteristics

The detectors on AWE experience much higher noise than traditional detectors that are
flown in space. Grouping the noise into three dominant groups, there is read noise, dark
noise, and extra noise. The read noise is the dominant noise source. Correlated double
sampling (CDS), first introduced by White et al. (1974), was used to bring this noise down
to acceptable levels. In the low emissions cases, the readings on the detector will be in the
bottom 1-2% of its dynamic range. Because this dark current is present, there is also dark
current noise that is present. This is not as dominant as the read noise, but it is significant.

There is also noise that is labeled ‘extra noise’. This noise (~70e-) comes from the read-
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out integrated circuit (ROIC). Much of this noise comes from suspected ROIC Glow,
which is explained in more detail in Le Goff (2020). The MOSFETS, temperature sensors,
and other components near the focal plane array (FPA) have a glow in the SWIR region.
This glow adds an unwanted signal, similar to dark current, to the detectors. This glow,
unlike the dark noise, is less uniform and more unpredictable. To better control this ROIC

glow, the detector control settings were tuned to give the lowest noise possible.

1.7.2 Correlated Double Sampling

Because the read noise was too high, a method called correlated double sampling (CDS)
was used to bring the read noise down to acceptable levels. The method is given in detail
in White et al. (1974). Read noise is independent of integration time (Janesick 2007). CDS
takes two images: one at near-zero integration time, and one at the desired integration time.
When both images are taken, the zero-integration time image is subtracted from the
standard image. This will subtract off a portion of the read noise and still result in an image

with the desired integration time.

1.7.3 Low Light Imaging

The AWE detectors will mostly be operating in the bottom 5% of their operating ranges.
The detectors are 320x256 FPAs. Imaging in a low-light environment presents many
challenges for detectors. Challenges to consider include noise, dark current gradients,
temperature, and detector linear response. These are all related to each other and must be
carefully tuned. AWE is keeping the temperature at roughly -15°C, which will have a

higher dark signal and a higher noise than at lower temperatures.

When controlling detector temperatures, there is a chance for temperature gradients.
Temperature gradients will create dark current gradients on the detector, further
complicating calibration. One method is to mask the outer 16 rows of pixels on each side
so that they only give a dark current reading. These dark current readings act as
thermometers to guide the calibration of the images so that temperature gradients can be
detected and are not an issue. As a result, the usable pixels on each detector will be the
middle 256x256 pixel grid.
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1.7.4 MTF Correction

The modulation transfer function is important because of the desired gravity wave
wavelength range of 30-300km. An MTF analysis calculates how much of these
frequencies will get through (Barrett and Myers 2004). The main items that will affect the
MTF are the optical design, detector optical crosstalk, detector electric crosstalk, ISS jitter,
ISS speed, pixel size, and possibly coadding. Their contributions to the MTF are shown in

Figure 1.3 with ISS smearing and pixel size being combined on the same image.
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Figure 1.3: Components of the Overall MTF. The left vertical line on each graph corresponds to visibility for 300km
waves and the rightmost vertical line corresponds to visibility for 30km waves. It is important to note that the electric
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] Optical CrossTalk MTF

The overall 2-dimensional MTF is given in Figure 1.4.

19

('8
£ o099 N\
= R
2 N,
N 0.98 N
-4 ™,
€ oo7 AN
= \x‘_.
0.96
0.1 0.2 0.3
km-1
; CoAdd Pixel MTF
-
\
=08 N
@ ™,
- AN
E 0.6 ™,
.6 \'\
= “
Y
0.4 -
0 0.1 0.2 0.3
km-1
Smearing MTF
T
=
5 \
- \\
Bos
L= N
E
= M P
i .
0 /" ™\
0 0.1 0.2 0.3
km-1



Overall MTF

109

08

H07

06

s
=1
o

05

Frequency {1/km)
[=]

o
[=]
=

04

o
o

03

=
=
o

02

0.2
01

0.25

-0.25 0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2 0.25
Frequency (1/km)

Figure 1.4: The overall MTF for the AWE system. It is asymmetric due to the ISS smearing and electric crosstalk being
in only one direction.

For a 30km wave, the current best estimate is for 90% of the signal visibility to make it
through. For a 300km wave, it is >99%. If the optical PSF, optical crosstalk, or jitter were
to get worse, the amount of 30km signal visibility that gets through could go down to as
little as 80%. For the desired wavelength range, the MTF shows that there will be adequate

amounts of visibility.

1.8 Reflections in Nadir Imaging

In observing the OH-Airglow layer, it is important to account for reflections. Different
surface types will have different reflectivity. Different surfaces may also have different
scattering properties. Some reflective surfaces have been reported to be as high as 60% for
SWIR wavelengths (Tian and Philpot 2015, Curcio et al. 2013). For AWE, there are three
different wavelengths that will have to be accounted for: 1400nm, 1524nm, and 1543nm.
The atmospheric transmission of a range of wavelengths taken from MODTRAN software
is shown in Figure 1.5 (Kaushal et al. 2017). For the 1400nm band, there will be almost
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no reflection from the ground because that wavelength will not transmit well through the

atmosphere.
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Figure 1.5: MODTRAN analysis of transmittance through the atmosphere. This image is in the public domain.

Another potential issue for nadir imagers is city lights. AWE is designed to gather night
images, which is when city lights will be interfering. AWE’s ultra-narrow bandpass filters
(~1 nm wide) will provide some protection against this issue. Another help for AWE is
that its background filter and processing will help to filter out the city lights. City lights

are therefore not a primary issue that AWE will be facing.

The reflections and city lights will be superimposed with the emissions from the OH-
airglow layer. The resulting images will have these nuisance reflections that will degrade
image quality. The cloud reflections will most likely correlate with the emission values of
the OH-airglow layer immediately above them, with some of the signal possibly scattering

to other areas.

With the ISS moving over a region, the ground, clouds, and emissions will have different
altitudes and different viewing angles. In other words, the same spot in XY space with
different amplitudes will show up in different pixels on the detector depending on the ISS
position. This is shown in Figure 1.6. With the gravity waves being roughly stationary
compared with the speed of the ISS, and with the FOV being so wide, tomographic
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reconstructions are a practical and straightforward method of separating the desired

emissions of the OH-airglow layer from the undesired reflections closer to the ground.

Satellite

Satellite Trajectory

OH Airglow Layer (~10km thick)

Clouds

Ground

Figure 1.6: This shows a satellite’s trajectory around the Earth. As it goes along its trajectory, it has many different
viewing angles of the OH-airglow layer. Each viewing angle will have different background emissions. For example,
the point in the center of the OH-airglow layer in this figure will have different background emissions contributing to
the imaging pixels depending on the viewing angle of the ISS.

The tomographic reconstructions used for this imaging will be slightly different in nature
compared to typical reconstructions found in research. They will be severely limited on
projection angles. A 90° FFOV, though wide for optical imaging, may not give enough of
an altitude-axis presence to completely separate out the reflections from the emissions.
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CHAPTER 2

PRINCIPLES AND APPLICATIONS OF TOMOGRAPHY

2.1 Algorithms in Tomography

There are many algorithms for tomographic reconstruction. One way to categorize them
is by separating them into three main groups: analytical (FDK, FBP, Katsevich, etc),
algebraic (ART, MLEM, etc.), and statistical (MBIR, etc.) (Zhang et al. 2018). Different
papers will have many different meanings for these terms, but to clarify for this document,
algebraic algorithms have no regularization terms added, but statistical algorithms can.
Algebraic algorithms, which are iterative, have been shown to produce better image quality
than analytical algorithms in certain cases (Nam et al. 2019, Vaniqui et al. 2019). They

require no prior knowledge about the object.

A statistical algorithm would be best for many situations, but this requires prior information
about the object and background being imaged. Industry groups have currently
implemented model based iterative reconstruction (MBIR) algorithms, which require prior
information. These algorithms have different acronyms but are similar in that they use
MAP estimations. These estimations have been shown to give higher image quality than
some of their statistical iterative reconstruction (SIR) algorithm counterparts (Chang et al.
2019). One group has successfully integrated an MBIR algorithm with iterated coordinate
descent (ICD) onto a GPU (Sabne et al. 2017). Another group has shown a separate
algorithm with MBIR (stochastic group coordinate ascent (SGCA)) and compared it to

OSEM and other common reconstruction algorithms (Mcgaffin and Fessler 2015).

When choosing an algorithm for reconstruction, the best algorithm for an imaging task is

dependent on the object being imaged, the background, and the task to be performed.

One of the factors that led to iterative algorithms receiving more attention in research is
the harm of X-ray radiation (De Gonzalez et al. 2009, Domina et al. 2014, Gilbert 2009,
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Kuefner 2015). Many groups have explored strategies of lessening the effect of X-ray and
gamma ray radiation in humans (Brink and Boice 2012, Caceres et al. 2011, Carsten 2008,
Cinkilic et al. 2013, Das et al. 2011, Jelveh et al. 2013, Kalpana et al. 2010, Mohammad et
al. 2014, Nishimura et al. 2014, Pei et al. 2014, Prasad 2005, Smith et al. 2017, Stehli et al.
2014, Velauthapillai et al. 2017). The most practical way to keep people safe long term,
though, is to simply lower the amount of X-rays going into a person who is getting imaged.

With a lower radiation dose, iterative algorithms tend to perform better (Nam et al. 2019).

2.2 MLEM

2.2.1 Implementation of MLEM

The Maximum-Likelihood Expectation Maximization (MLEM) algorithm, which was
presented by Richardson (1972) and Lucy (1974), has been used in tomography for many
years (Shepp and Vardi 1982).

The formula for MLEM, with a change in variables, is as follows (Barrett and Myers 2004):

05 g
pl+l = 20 Z H,. (2.1)

Where 8% is the current reconstruction solution; H,,,,, is the MxN system H-matrix; S,,is a
sensitivity function which is an N-dimensional vector; and g,, is the measurement data,

which is an M-dimensional vector.

In practical systems, a system matrix, H, is generally not known, or is too big to be useful

(Matenine et al. 2018). To use this equation in CT, it is helpful to realize the following:
Sp = Z%Hmn (2.2)

This shows that S,, is a backprojection of ones. Next:
BP = ImHmn (2.3)

P = HO* (2.4)
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where BP is the backprojection of the data and P is a projection of the current

reconstruction solution.

Putting this together, it forms the equation below (Zeng 2010):

Measurement }
Projection(6%)
Backprojection{1}

Backprojection{
9k+1 — Bk

(2.5)

2.2.2 Current State of MLEM

MLEM is popular in emission tomography reconstruction, but not as much in x-ray CT
without regularizations (Zeng 2010). Still, there have been some uses of its pure form as
well as applications for which it has been shown to be especially useful. MLEM has been
popular with low dose and incomplete data sets, but these have mainly used alternative
forms of the MLEM method, such as Penalized ML (PML) and a particular type of PML
called MLEM-TV. Other methods use modified MLEM techniques for applications such
as motion correction (Fotouhi et al. 2017). Other applications include Wang et al. (2016),

who describe an ML algorithm that is used for the purpose of spectral CT.

There have been large amounts of research performed using MLEM with PET and SPECT
image reconstruction and evaluating its noise properties (Liew et al 1993, Qi 2003, Li
2011). Much of this research has been done for low dose images with the hope of getting
better image quality (Chavez-Rivera et al. 2015). Some research has combined CT and

SPECT to obtain more data for a imaging task (Damle et al. 2011).

In addition to image quality, there has been interest in finding accelerated methods of
MLEM. Because of long convergence times, different algorithms have been developed
and tested (Van Slambrouck and Nuyts 2014, De Pierro 1995). Some of these, such as
ordered subset expectation maximization (OSEM) and weighted least squares with
conjugate gradient (WLS-CG), have a trade off with time and image quality (Tsui et al.
1991). Other research has gone into finding algorithms that minimize some of the bias that
is present in MLEM (Van Slambrouck et al. 2014).

2.2.3 Penalized Maximum Likelihood (PML)

PML is a subclass of maximum likelihood which uses the equation (Fessler 2000):
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Q) = L(w) — BR(W) (2.6)

Where @ is a penalized objective function, L is the log-likelihood, R is a regularization
term (also called a penalty function), and u is the vector of voxel attenuation values
(Makeev et al. 2016). The penalty function, R, must be chosen carefully. For example, it
can be separable to keep the algorithm’s complexity mostly the same. Also, the penalty
function should be chosen such that it does not take away valuable information from the

image just to see a desired result.

Most implementations of MLEM have an addition of a penalty function, making them PML
algorithms. In other applications, PML algorithms can be used by joint CT/PET scanners
to get a joint image reconstruction and attenuation map (Bousse et al. 2015, Rezaei et al
2016). PML algorithms have been reported to outperform OSEM in a CT/PET image
reconstruction (Otani et al. 2019). PML algorithms have also given good image quality in
breast CT image reconstructions (Makeev et al. 2016). Penalty functions are useful for
applying certain constraints, such as sparsity. These algorithms were found to outperform
FDK and Katsevich reconstruction image quality for helical CT (Nam et al. 2019). As
mentioned before, total variation (TV) regularization for MLEM is a popular modification
to the MLEM algorithm and will be discussed in section 2.2.6.

To apply a regularization term to MLEM, the method given in Appendix B is applied
(Clarkson 2020), which results in:

w_ (S £ @
fie )=( )ZHmnl(Hf(k)) -5 RGF®) (2.7)

Where f,, () js the ki reconstruction of the data, s, Is the sensitivity vector, H,,, is the H-
matrix, g,, iS the measured data vector, 7 is a regularization constant that can be chosen
by the user, and R is the regularization function. The first part of this equation is the MLEM

algorithm, while the second term in the equation is the regularization term.
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2.2.4 Implementation of PML

To implement PML, a proper penalty function must be chosen. This should be
representative of the properties of the imaging system and the reconstructed image. For

example, in Makeev et al. (2016), the penalty function is implemented as:

p
1
R(w) = E;ZkENjok(P(Hj — ) (2.8)

Where wj,’s are the weights of each voxel, and ¢ is an implementation of the total variation

norm (TV):

<PTV(ﬂi,j,k) = |.Ui,j,k - Mi—1,j,k| + |.Ui,j,k - Mi+1,j,k| + |.ui,j,k - Hi,j—1,k| +
|ije = Bijenr] + e = -] + |Bijr — Bl (2.9)

There are many other penalty functions (regularization techniques) that target different
qualities (Zhang et al. 2018). One group proposes using trainable convolutional neural

networks as the penalty function in medical imaging (Wu et al. 2019).
2.2.5 Current State of PML

PML is used in research and has shown better image quality than FBP (Makeev et al. 2016).
Certain studies have tried to better predict the qualities of penalty functions in cone-beam
CT (CBCT) systems, such as spatial resolution and noise (Wang et al. 2019). Currently,
PML tends to be used more than pure MLEM because if anything is known about the
imaging system or the object being imaged, it can be applied to the penalty function to

enhance the image reconstruction.

Because the MLEM algorithm can be implemented on a GPU, the penalty function is much

easier to work with if it can also be implemented on a GPU.
2.2.6 MLEM-Total Variation (MLEM-TV)

The total variation (TV) penalty function has been used to reduce noise and blurring
(Chévez-Rivera 2015). TV algorithms are used for data that have a sparsity constraint

(Sidky and Pan 2008). It can allow edge preservation (Chavez-Rivera 2015).
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The TV technique works in more than just MLEM, with Sun and Hayakawa (2018)
applying TV regularization to the algebraic reconstruction technique (ART) and it gave
better image quality than ART alone. Sanchez et al. (2015) explores the noise properties

of TV regularization for any iterative reconstruction algorithm.

As shown in section 2.2.3, total variation in the format given above is given in Eq. 2.6
(Fessler 2000). In that equation, L is the likelihood, @ is the function to minimize, g is the

regularization factor, and R is given as:

TV(W) = R() = f Vu (2.10)

RM

In this document, the TV regularization function is applied as shown in Panin et al. (1999),

Zhang et al. (2018), and many others. It is given as follows:

RsuTV(Fk) = J(E‘ﬂ,k,l - ijl)2 + (Fj,k+1,l - ijl)z + (P}',k,l+1 - ijl)z +¢& (2.11)

Where ¢ is a small number that helps with computations. To apply this to MLEM, the

derivative must be used in the regularization portion of the algorithm.

d Fisipn + Firrn + Fipren = 3F

ORsp. (FF) —
orv \/(F}'+1,k,z - F}',k,z)z + (Fj,k+1,z - Fj,k,l)z + (F}',k,l+1 - F}',k,l)z + &
Fiki — Fi—1
\/(F}',k,l - F}'—Lk,l)z + (Fj—1,k,z+1 - F}'—Lk,l)z + (F}'—1,k+1,l - F}'—Lk,l)z +e€
N Fiki — Fir-1,1
\/(F}',k,l - F}',k—1,z)2 + (Fj+1,k—1,l - F}',k—1,z)2 + (F}',k—1,l+1 - F}',k—1,l)2 +e€

Fixg = Fjri-1

+
\/(F}',k,l - j,k,l—l)z + (Fj+1,k,z—1 - j,k,l—l)z + (Fj,k+1,l—1 - j,k,l—l)z +e€

+

(2.12)

There are other ways to implement Rsp, 1, (F¥), such as the method shown in section 2.2.4

of this document. The general form for LP-norm TV regularizations has a similar form:
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(Fjyop1 — ijl)p P
R3DTVGeneral (Fk) = +(Fi;k+1,l - Fikl)p (213)
+(Fj,k,l+1 - ijz)p

Applying it to MLEM, its derivative is:

a —
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2.3 GPU programming and Iterative Techniques

Because of the amount of time and computations that iterative reconstructions require,
computation times can be prohibitive. Even analytical reconstruction techniques,
computation times can be long (Ni et al. 2006). With GPU programming becoming so
powerful, it is now necessary to perform reconstruction techniques mostly on a GPU. In
this way, the projections and back-projections required to perform these algorithms can be
done fast enough to achieve acceptable wait times (Chen et al. 2018). Many groups
continue to implement MLEM and other iterative algorithms on a GPU (Vazquez et al.
2014). Chapter 3 of this document gives strategies and methods for writing these

algorithms on a GPU.

General purpose GPU computing is still rapidly evolving and improving, and many
languages currently do not support the data structures and strategies that traditional
programming offers. Despite these limitations, clever programming practices and
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optimizations help to bring the tomographic reconstruction times down to near real-time
(Cui et al. 2013). Using only a CPU, the reconstruction times would go up over 100x in

SOme cases.

2.4 Image Quality

2.4.1 Developing Figures of Merit

Figures of merit are important for quantitatively comparing results. When using different
tomographic reconstruction techniques, a figure of merit is desirable to objectively state
which method is best for a particular application. This section will discuss how figures of
merit will be constructed for this document. Much of what is discussed can be obtained

from Barrett & Myers (2004) Foundations of Image Science Chapter 13.
2.4.2 Classification Tasks

A classification task separates images into different groups, such as signal present and
signal absent (Barrett and Myers 2004). One method for binary classification is to have a
set of Ns/2 signal-free images, Ns/2 signal-present images, and run an observer to see how
effective the observer is. Observers are discussed in more detail in section 2.4.4. The
signal used for this document is a simulated gravity wave. In a classification task, an
observer’s output is called a test statistic, which is a value. A collection of test statistics
can be used to assess the observer’s performance. Based on the mean values of the
observer’s test statistics and the noise in the test statistics, a signal to noise ratio can be
calculated from the observer as shown below (Barrett and Myers (2004), pg. 819):

t —(t
SNRt — ( )Pzesent ( )Absent (2-15)

2
\/UAbsent + Opresent
2 2

Where (t) presen: aNd (t) apsen: are the average values given by the observer when a
signal is present and absent, respectively. 62,csens aNd 62,c.¢ are the average variance

values from the observer when a signal is present and absent, respectively.

Plotting a receiver operating characteristic (ROC) curve is instructive to determining an

imaging system’s effectiveness in performing a task. The area under the ROC curve (AUC)
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and SNR, are both related and effective figures of merit. SNR; is chosen as a figure of
merit in this case because of its range and ability to not saturate at high values. SNR;
ranges from 0 to infinity while the AUC ranges only from .5 to 1. In comparing different
reconstruction or processing methods, comparing SNR; with the different methods can

then aid in design decisions.
2.4.3 Estimation Tasks

For estimation tasks, such as finding the amplitude of a wave, there are a few options to
consider. For a tomographic reconstruction, it may be insightful to find the bias or the
variance of the pixels values in the reconstructions. The bias and the variance can be

combined into one number, the mean-square error, as shown below:
PN 2
MSE(6) = (|6 — 6] ) g0 (2.16)

where @ is the true value, 8 is the estimated value, and g is the image vector. MSE is
commonly used and is convenient. In practice, MSE can be a flawed metric for images if
used exclusively, as shown in Figure 2.1, which shows six different images, all of which
have the same MSE.

(C)

Figure 2.1 : Each image in this progression has the same mean-square error value. (a) Original image with the signal
marked by the arrow (b) White noise added (c) Blurred (d) Structured noise added (e) Quantized (f) Shifted. Image
credit: Matthew Kupinski
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For other estimation tasks, such as finding an amplitude or phase of a gravity wave, to get
a single value that can be used as a figure of merit for estimation tasks, the ensemble
mean-square error (EMSE) can be used. It is useful if 8 is a random vector. Its formula

is given below:
EMSE = (|6 — 6" )g0) (2.17)

For an image, or set of images to be evaluated, EMSE gives a single value, which is
convenient for a figure of merit. EMSE will have similar weaknesses to MSE. One
weakness of EMSE is that it gives no information as to where incorrect values are located.
If an imaging system is accurate at the center of the image, but inaccurate at the edges, the
EMSE will not detect this tendency. Because tomographic reconstruction techniques can

be scaled to fit data, an estimation task will not be heavily relied on as an imaging task.
2.4.4 Developing Observers for Detection Tasks

2.4.4.1 Hotelling Observers

A Hotelling observer is a practical and effective candidate for many imaging applications
(Barrett et al. 1993). It is practical because it only requires first and second order statistical
data from an imaging system. It is effective because in gaussian noise, it is the ideal linear

observer. It takes the form
t=s'K;'g (2.18)

Where s the signal to detect, g is the image vector, and Kg‘1 is the inverse of the covariance
matrix of the image vector. To apply this to an ROC curve, if the test statistic, t, is higher
than a chosen threshold, it is labeled as a signal-present image, otherwise, it is a signal-

absent image.

Some research has gone further and looked into Channelized Hotelling Observers (CHO)
for assessing image quality because it is more representative of the human visual system
(Fessler and Yendiki 2002, Yao and Barrett 1992). They can also reduce the amount of
data that is needed to produce an adequate image quality measurement (Tseng, Fan, and
Kupinski 2016).
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2.4.4.1.1 Calculating and storing a covariance matrix and its inverse

Calculating a covariance matrix for a Hotelling observer is resource intense. For a simpler
image that is 256x256 pixels, the covariance matrix is a 65536x65536 matrix. For a
covariance matrix with a much larger image plane or a full 3D reconstruction, inverting it

becomes a time-consuming task.

To address this problem, matrix-inversion lemma, found in Barrett and Myers (2004)
Chapter 14.3.2 is useful to invert the covariance matrix for use in the Hotelling observer.
It gives the covariance matrix, K, as:

K, =Ko+ K; =K, + Ww* (2.19)

Where K, is the noise covariance matrix and is diagonal, K; is the covariance matrix of

the noise-free background, and W is a set of sample background image vectors.

1
W= —[6g1,692 ..,69n] (2.20)
VN5
Using matrix-inversion lemma:
(K, + WW8 =K1 — K;*W[L+ WK W] tw ikt (2.21)

By using matrix-inversion lemma, an N; x N; matrix can be inverted instead of the entire
M x M covariance matrix. Using as few as 300 noise free images, the calculated covariance

matrix inverse is effective in the Hotelling observer.
2.4.4.1.2 Signal-Known-Exactly, Signal-Known-Statistically, Fourier Methods

For a Hotelling observer to be as effective as possible, the signal vector, s, needs to be
known exactly (SKE). This means size, location, and possibly phase need to be known. If
s is only known statistically (SKS) and its location is unknown, the Hotelling observer
loses its effectiveness. This is readily seen when s is a sine wave. If the location and phase

are not known exactly, the test statistic will have lower values than an image with no signal.

Because gravity waves are so important for this work and are SKS, a proper
implementation, or offshoot, of the Hotelling observer is required. This method will

primarily be done in the Fourier domain to simplify the computations.
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The method for the modified Fourier Hotelling Observer is as follows:

1- Choose a wavelength of interest for a gravity wave (e.g., 100 km).

2- Calculate K;'g: Use matrix inversion lemma with noise-free images. Multiply
this with the image data.

3- Take the absolute value of the Fast Fourier Transform of K;'g.

4- For the wavelength of interest, make a filter in the Fourier domain that only chooses
this wavelength within an acceptable range. This will be a ring around the origin
that corresponds with the desired frequency. The ring will have values of one,
every other value will be zero.

5- Multiply the filter in step 4 by the Fourier Transform found in step 3.

6- Take the sum of the resulting image to get the test statistic.

Looking at this method in a Hotelling point of view, the observer looks as follows:
Lrourier = FT(SJEilter)lFT(Kg_lg)l (2.22)

Where FT() is the Fourier transform.
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CHAPTER 3

IMPLEMENTATION OF MLEM ON A GPU

3.1 Implementation Overview

As shown in section 2.2, a readable formula for MLEM is given by:

Measurement }
Projection(6%)
Backprojection{1}

Backprojection {
pktl = gk

(3.1)

Where 6° is usually set as a vector of ones. The measurement data will be a set number of

projection images.

The MLEM algorithm will perform best when run primarily on a GPU. When performing
an algorithm on a GPU, after each iteration of the algorithm, the resulting 8%** can, and in
some instances should, be returned to host memory. This is the only time in MLEM that a

vector needs to be read from GPU to host memory, which is advantageous for speed.

As can be seen from the above equation, back-projections and projections are the building
blocks of MLEM. Back-projection and projection implementations need to have a certain
measure of accuracy and speed to be effective. The projection especially needs to be
accurate. If Projection(8%) = Measurement, then the equation goes to a BP{1}/BP{1},
which provides somewhat of a safeguard for the back-projection. The projection does not
have that same safeguard. If itis in error, the algorithm will eventually converge to a wrong

solution.

In many algorithms, the projection and back-projection operators assume the source - or
telescope in the case of tomography from space - to be a single point. The algorithms
assume that an infinitely thin line goes from the source to a desired pixel or voxel. Some
algorithms have tried to use a solid angle from the source to a desired pixel or voxel, but
the computation time is generally too high (Fu et al. 2018).
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3.2 GPU and code discussions

3.2.1 Software implementation and commentary of MLEM

Good coding practices are required to make an adequately fast MLEM implementation.
When considering implementation, it is important to consider the basis to be used, namely:
delta basis, pixel basis, or a Fourier basis. A Fourier basis may apply for certain
reconstruction algorithms where filtering is applied but will not have further consideration
in this section. The example code in this paper will be primarily done with both pixels and
voxels being in a delta basis. More information on this subject is given in section 3.3.

Note that there are many ways to think about and write projection and back-projection code
and the methods given in this paper are just a small sample. Many developers have used
GPUs through MATLAB code to perform MLEM and those implementations are available
for download. This code will be written in C++. There are many ways to access GPU’s
for general purpose use (OpenCL, CUDA, Metal, DirectX, etc.), and the code given will
use a general pseudocode that can be applied to many of these GPU languages. This code
will also use a thread-based GPU structure, instead of using GPU-eligible for-loops that

libraries, such as ArrayFire, use.

3.2.2 GPU Programming in Tomography

GPUs have been used for some time to aid in tomographic reconstructions. There is
expected growth in the GPU industry in the coming years, primarily due to smart phones
(GPU Market Size, Share & Forecast by 2027: Graphics Processing Unit, 2020). The
current speed of the best GPUs is in the tens of trillions of floating-point operations per
second (TFLOPS). Current trends have GPUs doubling the number of FLOPS every 3-4
years. In the coming years, it is expected to continue to improve. With GPUs continually
improving, the trade-off between accuracy and speed in tomographic applications will be
minimized. The speed-up in using GPU’s instead of CPUs will also continue to increase.
In addition to hardware developments, there are also libraries developed that work with the

GPUs and give accelerated performance, such as ray tracing libraries in Nvidia and Metal.
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3.3 Basis Background for imaging simulations

The basis for a projection or back-projection algorithm affects the quality of the result. For
this purpose, an overview of these bases will be presented here. This overview will assume

that a thin ray, not a solid angle, is coming from the source.

A delta basis is representing a pixel, or voxel, by a single point. If a projection or back-
projection is going to be performed in an entirely delta basis, it will look something like

the top illustration in Figure 3.1.

A pixel basis is representing a pixel, or voxel, as having certain boundaries. They can be
square, cube, spherical, etc. In algorithms, pixels for the pixel basis have three traditional

ways of being calculated.

1) Each pixel can be subsampled into a grid of delta functions
2) Each pixel is a function with the edges being boundaries
3) Each pixel can be subsampled in Monte Carlo fashion.

Each method has its strengths.

There are many projection and back-projection algorithms, each with a different way to
think about the problem. Each algorithm also aims to find a way around a speed/accuracy
tradeoff for these operations. Many algorithms that are currently being researched use

method 2 from above and use clever algorithms to reduce the computation speed.
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Source Voxels Pixels

Source Voxels Pixels

Figure 3.1: Here a point source is projected through the center of a voxel and onto the detector of pixels. Top: Delta
basis: Each pixel and voxel are represented by a delta function. Bottom: Pixel basis: Each pixel and voxel are defined

by a boundary.

A common algorithm for projections was presented by Siddon (1985). This algorithm uses
detector pixels in a delta basis, and voxels in a pixel basis. Itis also explained in Thompson
and Lionheart (Thompson and Lionheart 2014) and Jacobs (Jacobs et al. 1998). Other
well-known algorithms for projections are Joseph’s algorithm (Joseph 1983) and Jacob’s
algorithm (Jacobs et al. 1998), the latter being an extension of Siddon’s algorithm.
Joseph’s algorithm, though older, is still used because it is parallelizable (Dittmann et al.
2017).
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3.4 Projection Algorithms (Sphere Voxels, standard delta basis projection)

3.4.1 Common methods for forward and back projections

Recently, there has been interest in Distance Driven (DD) algorithms and Separable
Footprint (SF) algorithms, which have gained popularity because they are fast, accurate,

and provide matched methods for forward and back-projection methods (Fu et al. 2018).
3.4.1.1 Distance Driven (DD) Approach

As detailed in De Man and Basu (2002, 2004, and 2006) and Fu et al. (2018), the DD
algorithm is performed in two steps: 1) projection onto a common axis, and 2) Applying
an overlap kernel to calculate how much an image voxel overlaps a detector pixel. To give
more detail, the edges of the image pixels (or voxels), are projected onto the x-axis (or any
chosen axis). The detector pixel edges are projected onto that same axis. At this point,
there will be two arrays stored, one with the locations of a row of pixels projected onto the
reference axis, and one with the locations of the detector elements’ locations projected on
the reference axis. The overlap kernel is then applied. This kernel determines how much
of the image voxel is being overlapped onto the detector pixel. A higher number correlates
with more overlap. This kernel can become extremely involved. Liu et al. (2017) show
that the overlap kernel is parallelizable when DD is branchless, making the DD algorithm

much faster. This branchless method is on GitHub and has a CUDA version available.
3.4.1.2 Separable Footprint (SF) Approach

The SF approach takes the shadow of a voxel and projects it onto the detector (Long et al.
2010). The ‘function’, or shape, of this shadow, is separable in the x and y directions.
There are a variety of ways to calculate this function, and it is shown to be accurate (Zheng
et al. 2017). Because the function is separable, it makes the computation time reasonable.
It is generally more accurate than DD algorithms and can be roughly comparable in speed.

Research has been done to make the algorithm work in parallel (Xie et al. 2017).
3.4.2 Delta Basis Projection Algorithm

A realization of a delta basis projection algorithm is detailed in section 4.3.1, and the code

shown in Appendix A.2. This algorithm has similarities to the DD algorithm with some
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key differences. Because it makes certain assumptions about the voxels, its accuracy will
not be ideal. One major setback with this algorithm is that it requires atomic functions,
which are functions where the GPU will write serially to a location. The atomic functions
help to avoid a race condition but have potential to slow a GPU kernel down. Another
issue with atomic functions is that Metal 2.0 GPU language does not support floating-point

atomic functions.
3.4.3 Sphere Voxels Projection Algorithm

To avoid doing atomic functions, which slow down GPU algorithms, an alternative
algorithm is presented in this section. This new projection algorithm avoids race
conditions, which exist when at least two threads try to write to the same location at the
same time. The device code for this algorithm has a 3D loop that iterates through all voxels.
Each thread iterates through the entire voxel space. Code for the algorithm is given in

Appendix A.3. The accuracy of this algorithm will be analyzed in section 3.6.

A simulated ray is produced between the detector’s pixel position and the source’s position
(both assumed to be points). If the ray connected to the detector pixel gets close enough
to a particular voxel, that voxel will contribute to the detector pixel’s value in the
projection. A question for implementing this algorithm is how to account for a ray’s value
when it gets close to a voxel. If it is within the sphere’s radius, should the entire value of
the sphere be added to the projection result, or should a value proportional to the length of

the ray within the sphere voxel be added. This is also explored in section 3.6.
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Sphere Voxel Projection Algorithm

Sphere Voxels

| | | | | Detector

Figure 3.2: Above is an illustration of the sphere voxel projection algorithm. A ray is drawn from the source to a
detector pixel. If the ray comes within a voxel’s radius, that voxel’s value will contribute to the detector pixel’s
projection value. A decision kernel can be added to determine if the amount that a voxel contributes to a detector is
dependent on the how close a ray gets to the center of a voxel. The ray’s distance to the center of a voxel is related to
the length of a ray that is within a voxel.

3.5 Back-projection Algorithms

A sample back-projection algorithm that is delta based is shown in Appendix A.1. This
back-projection algorithm is the same algorithm that is used for the delta-based projection
algorithm in section 3.4.2. The difference is that the back-projection algorithm does not
require an atomic function and therefore has slightly better performance.

3.6 Testing of Projection Operators
Testing this projection was done with two gquestions in mind,

1) What is the optimum size of the sphere voxels?
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and

2) Should the projection algorithm weight the voxels’ values that contribute to the
projection by the length of the rays that are within each sphere voxel, or not? In

other words, does the projection algorithm work better with:

Detector(Opixer)+= Voxels(Oyoxer) * lengthOf RayWithinSphere (3.2)
or
Detector (Opixer)+= Voxels(Oyoxer) (3.3)

Objects that could be computed analytically were needed to analyze the projection’s

accuracy. To this end, a projection was done with two 3D objects:
1) A reference sphere object that has values of one within the sphere and zero outside.
2) A reference object that fills the voxel space with all ones.

To determine the optimum size of a sphere voxel, there were 10 different radii tested along
with the distance driven algorithm. For this test, the full field of view of the simulated
source was 19.29°.

It is worth noting that for a given radius of a sphere voxel, a bigger sphere voxel size can
blur out high frequencies. For a small sphere size, some rays will miss the voxels
altogether.

42



Table 3.1: Gives a name, description, and formula for different simulated sizes of sphere voxels.

Sphere Radius

Description of Sphere Radius

Radius Formula

Tested
Ideal Shadow Varies by distance from Source. R
Overlap Each voxel in the voxel space _ Pixel Width

will have a shadow on the

detector.

2
distance(source to voxel)

*
distance(source to Detector)

2X ldeal Shadow
Overlap

Twice the ‘Ideal Shadow

Overlap’ value.

R
= Pixel Width

distance(source to voxel)
*
distance(source to Detector)

Center Voxel

Shadow Overlap

The center of the voxel space
has a shadow that is calculated

and used as the radius.

R
= Pixel Width

distance(source to center voxel)
distance(source to Detector)

2x Center Voxel Twice the ‘Center Voxel R
Shadow Overlap Shadow Overlap’ value. _ Pixel Width
2
distance(source to center voxel)
distance(source to Detector)

Cube Area The radius chosen creates a . (3 « (cubic voxel length)3>1/3

sphere with equal volume to the 41

cubic voxel it is representing.
Sqrt(2)/2*cube The distance from the center of R sqrt(2) x cubic voxel length
voxel length: an edge of the cubic voxel to 2

the center of the voxel.
No Overlap The sphere voxels touch each __cubic voxel length

other but do not overlap with - 2

each other.
Sqrt(3)/2*cube The distance from one corner of R = sqrt(3) * cubic voxel length
voxel length: the cubic voxel to the center of 2

the voxel.

Cube Voxel Length
Overlap:

The length of a cubic voxel.

R = cubic voxel length

2x Cube Voxel
Length Overlap:

Twice the length of a cubic

voxel.

R = 2 * cubic voxel length
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3.6.1 Images and Commentary of Overall Projections

Below are images of the error of a projected reference voxel space of all ones, and a
projected reference sphere. The images below are for the first projection, which
corresponds to 0°. The images are not shaded relative to each other and are only meant to
give a general, qualitative idea of what is happening with each voxel radius. The error was

calculated by the following:

projectionDatali] Referenceli]

2
error[i] = sqrt < ) (3.4)

mean(projectionData) bestFitValue

For each of these images, brighter values correspond to higher errors, and darker pixels

correspond to lower errors.

Projection of Ones: No Line Weights

2x Center Voxel Shadow Overlap 2x Ideal Shadow Overlap No Overlap \/f/Z Voxel Length Overlap

V3/2 * Voxel Length Overlap 2x Voxel Length Overlap Cube Area Center Voxel Shadow Overlap

Voxel Length Overlap Ideal Shadow Overlap

Figure 3.3: Projections of a voxel space made up of all ones onto a 512 x 512 grid. These images were taken at a 0°
projection angle. In each image, there is a different radius for the sphere voxels being used. This implementation of
the algorithm was written so that if a source-to-detector ray propagated within the sphere voxel radius, the whole
weight of the ray was be counted. It can be seen qualitatively that when there is potential for double counting a voxel,
such as the center pixels, there will be errors.

44



Projection of Ones: With Line Weights

2x Center Voxel Shadow Overlap 2x Ideal Shadow Overlap No Overlap V2 /2 Voxel Length Overlap

V3/2 + Voxel Length Overlap 2x Voxel Length Overlap Cube Area Center Voxel Shadow Overlap

Voxel Length Overlap Ideal Shadow Overlap

Figure 3.4: Projections of a voxel space made up of all ones onto a 512 x 512 grid. These images were taken at a 0°
projection angle. In each image, there is a different radius for the sphere voxels being used. If a ray entered within a
voxel’s radius, the whole weight of the voxel was projected to the detector pixel that was pointed to by the ray. The
result is similar to figure 3.3 in that there are errors when there is potential for double counting voxels.

Projection of Ones: Distance Driven

DD: Angle 0 DD: Angle 10

DD: Angle 20 DD: Angle 30
DD: Angle 45 DD: Angle 50

Figure 3.5: Projections taken from the distance driven algorithm at different angles onto a 512 x 512 grid. Although
strictly qualitative, it is obvious that at 45 degrees, the projection has bigger errors.
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Projection of Sphere: No Line Weights

2x Center Voxel Shadow Overlap 2x Ideal Shadow Overlap No Overlap V2/2 Voxel Length Overlap

V3/2 + Voxel Length Overlap 2x Voxel Length Overlap Cube Area Center Voxel Shadow Overlap

Voxel Length Overlap Ideal Shadow Overlap

Figure 3.6: Projections of a voxel space made up of a reference sphere onto a 512 x 512 grid. These images were
taken at a 0° projection angle. In each image, there is a different radius for the sphere voxels being used. Line weights
are not used in these projections.

Projection of Sphere: With Line Weights

2x Center Voxel Shadow Overlap 2x Ideal Shadow Overlap No Overlap V2/2 Voxel Length Overlap
\@/2 * Voxel Length Overlap 2x Voxel Length Overlap Cube Area Center Voxel Shadow Overlap

Voxel Length Overlap Ideal Shadow Overlap

Figure 3.7: Projections of a voxel space made up of a reference sphere onto a 512 x 512 grid. These images were
taken at a 0° projection angle. In each image, there is a different radius for the sphere voxels being used. Line weights
are used in this projection.
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Projection of Sphere: Distance Driven

DD: Angle 0 DD: Angle 10

DD: Angle 20 DD: Angle 30
DD: Angle 45 DD: Angle 50

Figure 3.8: The distance driven algorithm used for projecting a reference sphere onto a 512 x 512 grid. The edges are
especially poor in accuracy.

3.6.2 Discussion of Projection Error Images

From the previous figures, some conclusions can be drawn about the sphere voxels

projection algorithm:

1) The areas with the most error are those where the rays have the biggest chance
of being double counted.

2) When line weights are added, there is higher potential for fringe patterns to
occur if the voxel radius size is too small.

3) The error seems to be somewhat constant with respect to distance from the

center pixel

The figures also show that the distance driven algorithm gets worse with distance from the

center voxel.
3.6.3 Preliminary Decisions with Sphere Voxel Radius’

After running preliminary tests for accuracy, it was clear that the sphere voxel sizes that

V2 V3

perform best are the no overlap, equivalent cube area, TRy

and the voxel length radius’.
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Sphere voxel radius’ that are bigger produced lower error, to a point, but the cost in
resolution was not worth pursuing. When a sphere voxel radius became too small, other
errors would show up that made it undesirable to explore further. The best voxel radius
sizes provided a range where a trade-off occurs with lower error and good resolution.

3.6.4 Overall Comparison to Distance Driven Projector

When comparing accuracy of the sphere voxels and the distance driven algorithm, they
behave differently. The accuracy of the distance driven projection tends to get off when
the shadow of the voxels onto the detector is not a perfect rectangle. Accuracy of both
projection algorithms seems to be similar, but the best sphere radius’ performances are

much better than distance driven as shown in Figure 3.9 and Figure 3.10.

Average Error Per Projection Angle
T T T T

0‘ 03 T T T

No Overlap
Sqrt(2)/2 Length
Cube Area

b Sqrt(3)/2 Length
0.025 VoxelLength i
Distance Driven
\

0.02

0.015

Average Error

0.01

0.005 -

0 20 40 60 80 100 120 140 160 180
Projection Angle in Degrees

Figure 3.9: This plot shows the relative average projection error on the y-axis. On the x-axis are different projection
angles that were tested. There were 180 projection angles in all, going from 0-180 degrees. The voxel space that was
projected was a 512x512x512 grid of all ones. The detector was a 512x512 pixel detector. The full field of view was
19.29°. The distance driven algorithm struggled when the angles were higher than about 20 degrees relative to
normal. The sphere voxel algorithm showed decent consistency throughout the projection angles. The jumps in error
for the sphere voxels are when there are the highest chances for double counting a voxel’s value in a projection. The
best sphere voxel radii far exceed the performance of the distance driven algorithm, except in cases of almost 0-
degree projection angles. The sphere voxel algorithm was implemented with weighting the amount of a ray that is
within a voxel.
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Figure 3.10: The plot above shows the relative average projection error on the y-axis. The x-axis is the distance that a
pixel is from the center of the detector. The voxel space that was projected was a 512x512x512 grid of all ones. The
detector was a 512x512 pixel detector. The full field of view was 19.29°. The distance driven approach gives little error
for the pixels near the center of the detector, but as the pixels get further from the detector, the error increases. The
sphere voxel projections tend to have poor performance near the center pixel, due to double counting voxels. As the
distance from the center increases, the error becomes much smaller. The sphere voxel algorithm was implemented
with weighting the amount of a ray that is within a voxel.

With accuracy favoring the sphere voxel approach, the speed of the algorithm is also
informative. Currently the distance driven method is much faster than the sphere voxel
method by about 10x. While assumptions can be made to speed up the sphere voxel
algorithm, the overall speed will still likely favor the distance driven method. Depending
on the application, the accuracy of the distance driven method could be acceptable given

the right conditions, tasks, and computer hardware being used.

More can be done to explore faster methods for the sphere voxel algorithm. Currently, it
is launched on a GPU, with each thread corresponding to a detector pixel. In each kernel,
the voxel space is iterated through, using a nested while-loops. Much has been done to
exclude unneeded voxels from being iterated through, but it is still a great time constraint

to iterate through so many voxels. GPUs are not currently optimized to use loops within
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the kernel, and therefore the performance hit is largely due to the presence of the nested

while-loops.

The delta basis projection algorithm described in Section 3.4.2 uses a GPU differently.
Each thread corresponds to a voxel in the voxel space. It then determines which detector
pixel the voxel will come closest to, given the source-to-voxel ray direction. When a full
set of voxels is done computing, the next detector position is assumed, and the algorithm
is run again. This algorithm has much better speed and if the sphere voxel algorithm
incorporated this strategy, it may not be quite as fast due to the extra calculations required,

but it could still be much faster than the current while-loop method.
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CHAPTER 4

TOMOGRAPHY FROM SPACE: TECHNIQUES AND LIMITATIONS

4.1 Introduction to Tomography from Space

Imaging objects on the Earth from a satellite above the Earth poses some challenges.
Design of the instrument is only part of the difficulty. The atmosphere limits and blocks
certain wavelengths. Clouds can block objects on the ground or reflect onto objects of
interest above them. If an object is above the ground, the ground will have a certain
reflectance depending on if it is soil, water, ice, snow, vegetation, etc. If the object of
interest is on the ground and an imaging satellite has an altitude higher than ~85 km, the
OH-airglow layer emits in certain wavelengths that need to be accounted for. These
complications make it difficult to get effective quantitative results for regions or objects of

interest.

If an imaging satellite is moving across the region of interest, a tomographic reconstruction
can be possible that can separate out the unwanted signal layers and provide more accurate

information about a desired object.

MLEM has been discussed in Chapter 2 and Chapter 3 and has been shown to be effective
in low dose (Chavez-Rivera et al. 2015) and limited projection angle reconstructions
(Elbakri and Fessler 2002, Dempster et al. 1977). These two limitations are common in
space imaging, and therefore MLEM is a good candidate for tomographic reconstructions

in images from a space platform.

4.2 Limited-Angle Tomography from Space

In tomographic reconstruction applications, complete reconstruction data from many
angles is desired. Tuy’s condition (Tuy 1983) plays an important role in design
considerations. However, in space, many satellites look nadir and do not focus on a region

of interest, which severely limits the altitude-axis resolution of tomographic
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reconstructions. For nadir imaging, there are trade-offs between reconstruction speed, field
of view, altitude-axis resolution (z-axis), and XY -axis resolution. Some satellites will have
large fields of view, such as the Atmospheric Waves Experiment (AWE), which has a
roughly 90° FFOV. When the field of view is large, the XY-axis resolution will decrease
due to each detector pixel capturing a larger area. To increase its resolution, a detector
with more pixels could be used, but that would make the reconstructions go proportionally

slower.

With altitude-axis resolution decreased, there are certain processing and reconstruction
strategies that can be used to help with the limited-angle scenarios. None of these strategies
will be ideal for every situation. Knowing when to use these strategies can serve as a
toolbox for different situations that are encountered when imaging in a limited projection-

angle environment.
4.2.1 Increase the Number of Iterations

As outlined in Alenius, Ruotsalainen, and Astola (1998), when there are many projections
and higher frequencies to reconstruct, more iterations will be required. They also explain
how using only a few iterations of the MLEM algorithm is basically using a low-pass filter
for the reconstruction. The space applications of tomography will get better image quality
with more iterations, but the computational cost may be prohibitive.

4.2.2 Adding More Detector Pixels

One way to increase the resolution of a reconstruction is to increase the resolution of the
detector. If a design does not allow for changing detectors to get better reconstruction
resolution, sometimes interpolation can be performed to get an approximation for smaller
pixels. Many times, an imager will not be able to circle a region of interest but will just be
flying by in a straight line. In this case, the projection operation can give intense artifacts
as part of the reconstruction, which greatly diminishes image quality if there are too many
pixels. While adding more pixels will not dramatically increase the altitude-axis
resolution, it does allow for a finer reconstruction which can give an observer more

information.
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4.2.3 Initializing Voxel Space in Altitude-Axis

When prior knowledge can be obtained about the voxel space, it can improve the
reconstruction. Hart 11 (2012) shows its usefulness in limited-angle tomography and how
initializing voxels at a chosen altitude range can help place signals at that altitude. By
knowing the altitude of the signals, the signals can be better placed and more accurate in

the reconstructions.

It is worth noting that initializing voxels will not necessarily improve altitude-axis
resolution. It just controls the resolution problem by placing the signals at a correct altitude
or XY location. Initializing voxels will not help to resolve two close objects separated by

a small altitude.
4.2.4 Total Variation (TV) Regularization

Using TV regularization is common in medical CT, which is explained in section 2.2.6. It
is also reportedly an effective method for getting better reconstructions in noisy and
limited-angle applications (Islam 2013, Yan et al. 2014). There is a large body of research
that covers the strengths of TV regularization. Some research has looked at 0<L<1 norms

for TV regularization to get better reconstruction quality (Zhang et al. 2018).

Much of the research has not dealt with severely limiting projection angles. For an
instrument like AWE, which has a 90° full field of view, projection angles are very

restricting, even for TV regularization.
4.2.5 Adding More Projections

While adding more projections - or in this case images - and angles is the best way to
improve resolution, it is not always possible in space applications because there are only
so many quality images that can be obtained as a satellite flies by a region of interest.
Generally, a satellite does not fly around the region of interest, but over it, which limits the
usefulness of excessive images. Obtaining images of a moving target will pose yet another
limitation on obtaining more useful data. If an object is moving quickly enough, it can
potentially blur the reconstruction. Another limitation for adding more images is longer
reconstruction times. The number of images play a large role in reconstruction times,

especially if it is desirable to reconstruct a collection of images in a reasonable timeframe.
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4.2.6 Different Iterative Techniques

While MLEM has been shown to be effective for limited angle, low SNR situations, other
algorithms are also effective and have been attempted (Hart 2012). PCART and the
Landweber reconstruction techniques were used for comparisons. There are many other

techniques that were not explored for this section.

These two algorithms did not obtain better results with limited iterations, but they are
important to consider for certain applications because they are additive algorithms and not
multiplicative. This means that negative numbers are allowed, and that initialization of
voxels and regularization techniques can be performed with different strategies. With
MLEM, when a voxel is set to zero, it stays at zero because MLEM is multiplicative. That
is not the case for PCART and Landweber.

The formula used for PCART (Hart 2012) is:

(pm - prin)wm,n
Ni

fm,n = fm—l,n + 1 (4.1)

Where f is the reconstructed volume, p,,, is the measured data, p?, is the projected data of
the i iteration, N, is a sensitivity matrix, and wy, , is the system matrix. This is almost
identical to MLEM except for substituting an addition and a subtraction for a multiplication

and a division.

The formula used for the Landweber algorithm is:

fert = (1= mFk + HY(§ — HFY) (4.2)

Where f is the reconstructed volume, HT is a back-projection operator, g is the measured

data, Hf" is a projection of the k" guess of the volume, and 7 is a small number that can
be tuned to give the best results. If n is tuned correctly, this is almost identical to PCART,

except that the right side of the operation is not divided by the sensitivity matrix.

If a reconstruction application does not have intense time constraints, these additive
algorithms can give superior reconstructions, but it can take many more iterations to

converge to an adequate solution (Luo et al. 2018).
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4.2.7 Point Spread Function

Finding a point spread function (PSF), or an average point spread function, for a
reconstruction would appear to be effective for giving better resolution. Unfortunately, not
all situations will give a stable result. If the application allows, though, it can be an
effective way to get some resolution back (Feng et al. 2018).

A PSF is meant for linear, spatially invariant systems. A reconstruction, especially in
limited-angle circumstances, will generally not be spatially invariant. Each voxel will have
its own unique point response function. This makes using a PSF computationally intense.
If the whole reconstruction is not being used and there is a much smaller region of interest,
a local PSF could be calculated and applied for that region. A PSF needs to be applied
carefully because it can negatively affect resolution in all axes if it is applied carelessly.

4.2.8 Focusing on a Region of Interest

If the situation allows, having a satellite tilt to focus on a region of interest as it is moving
past is an effective way to get better altitude-axis resolution. This is intuitive because the
detector pixels in the center of the image for optical instruments will generally be higher
quality data than those on the edges. Focusing on a region of interest is also effective
because it is more projections with the region of interest in the field of view, with
potentially more projection angles. This is an intuitive improvement to resolution for
imagers with a limited field of view. With a large field of view, the benefit of focusing on
aregion is diminished because there is less information that is stored for that region. It can

still have benefits, though, as is shown in Table 4.1.
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Table 4.1: Summary of Methods to Improve Altitude-Axis Resolution

Summary of Methods to Improve Altitude-Axis Resolution

Method

Optimal Conditions for Use

Reconstruction
Time Cost

Increase Iterations

When computation times allow

Moderate to Severe

Increase Detector Pixels When computation times allow Minimal to
Moderate

Initializing Voxel Space in Known signal locations, XY- | No effect

Altitude-Axis axis visibility is less important.

TV Regularization Sparsity constraint Minimal

Adding More Projections

Stationary, or slow-moving,

object

Moderate to Severe

Different Iterative Techniques
(Besides MLEM)

No positivity constraint

Moderate to Severe

Point Spread Function

Stable PSF, or local region of

interest

Moderate: varies
by method

Focusing on a Region of

Interest

When circumstances allow,

narrow FOV

No effect

4.3

Implementation of Tomographic Reconstructions from Space

4.3.1 Projection Algorithm

Implementing the MLEM algorithm is highly dependent on the projection and back-
projection algorithms. Each iteration requires one projection and at least one back-
projection. They must have reasonable accuracy for reliable solutions and be quick enough
for practicality. An algorithm was developed, similar to the distance driven algorithm

discussed in Basu and De Man (2006).

For a back-projection, the image scene pixels and each voxel were taken to be points in
space. The imager point has rays connecting it to each voxel point and extending to the
detector plane. The detector plane is projected to the voxel being evaluated for the back-
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projection. A decision kernel is then applied which splits the weight of the four closest

detector pixels and adds those values to the voxel being evaluated.

For projections, this same algorithm was used, but the decision kernel had each of the four
detector pixels being added to instead of the voxel. This required an atomic addition to be
used in the GPU. While atomic operations tend to slow down GPU kernels, the projection

time is still quick. Pseudo-code is given in Figure 4.1.

//GPU block and thread indices
threadval = short3(blockIdx.x, blockIdx.y, threadIdx.x)
bufferIdx = threadval.x + numberOfVoxelsInX * threadval.y + numberOfvoxelsInX * numberOfvoxelsInY * threadval.z

N Wb

3 //Check to see if the ray from source to detector is going to hit the right side of the detector
6 check = dot (detectorNormalVector, detectorPosition - sourcePosition) /dot(detectorNormalVector, sourceDirection)
7 if (dot(detectorNormalVector, sourceDirection) < )
return

end
11 if (check < 0)
12 return
13 end
14
15 //Find intersection point in space
16 intersection = sourcePosition + check * sourceDirection.x
18 //Find the intersection point relative to the detector
1 ®yPosition.x = dot((intersection - detPosition),float3(detectorNormalVector.z, 0, -detectorNormalVector.x))
2 xyPosition.y = dot((intersection - detPosition) ,cross(detNormal,xHat))
22 //If the intersection point is not on the detector, return
23 if (xyPosition < -detectorWidth || xyPosition > detectorWidth)
24 return
25 end
27 //Find the pixel number on the detector where the intersection point is
28 detectorX¥YPixelPos = (xyPosition + detectorWidth)/(2 * detectorWidth)*numPixInDetectorRow
29 pixel = floor (normxYPos)
30 fractX = detectorXYPixelPos.x - pixel.x
31 fractY = detectorXYPixelPos.y - pixel.y
33 //Get the index for the pixzel
34 projIndex = pixel.x + pixel.x * numPixInDetectorRow + numImage * numPixInDetectorRow * numPixInDetectorRow

3 //If it is a back-projection, add to the volumeBuffer with an adjustmentFactor to account for ray angle.

3 //If it is a projection, use an atomic operation to add the values to the detectors

3 detectorBuffer[projIndex] = atomicAdd(( -fractX)* (! -fract¥)*volumeBuffer[bufferIidx])

BE detectorBuffer[projIndex + 1] = atomicRdd((fractX)*(.-fract¥)*volumeBuffer[bufferIdx])

40 detectorBuffer[projIndex + numPixInDetectorRow] = atomicAdd( (! -fractX)*(fract¥)*volumeBuffer[bufferIidx])
41 detectorBuffer[projIndex + + numPixInDetectorRow] = atomicAdd((fractX)*(fract¥)*volumeBuffer[bufferIidx])

Figure 4.1: Pseudo code for the projection algorithm discussed above. The back-projection algorithm that can be
made from this algorithm makes changes after line 25 so that the code will write to volumeBuffer instead of
detectorBuffer.

To check for accuracy, a projection was performed on a volume of all ones and compared
to an analytical solution. A normal projection algorithm analysis would determine the
projection accuracy for many projection angles. The distance driven algorithm, which is
most similar to this algorithm, has worse accuracy as the voxels can no longer be assumed
as rectangular. This condition is obvious when a projection angle is at a 45° angle in
relation to the voxel space. In the case of applications from space, especially nadir imagers,

that problem will generally not exist except potentially at the edge of the field of view. As
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it is currently being used for a wide FOV application, a test for the error as the angle

increases was also performed. The accuracy results are shown in Figure 4.2.

Delta Projection Error / Mean(Delta Projection) Delta Projection Average Error: Radius from Center
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Figure 4.2: The conditions for these images was for a 72-degree full field of view. Left Image: Shows the error of
each pixel of the projection operation. The middle pixels of each axis give the most error. Right Image: The average
error of the projection image given a pixel’s distance from the center pixel. As the distance from the center increases,

the average error decreases.

4.3.2 MLEM Parameters and Speed

An MLEM reconstruction with no regularization factors was run with the following

conditions:

Table 4.2: Reconstruction Parameters

Condition Value

Detector Pixels 256x256

Voxel Space 256x256x64

Iterations 8

Number of Projection Images 80

GPU NVIDIA Quadro P3200

CPU Intel Core i5-7200U CPU @2.5 GHz
FFOV 72°
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Given the conditions in Table 2, the final reconstruction speed for this MLEM algorithm
was 14 seconds. This includes the back-projection taking ~.75 seconds and the projection
taking slightly less than one second. At this speed, real-time 3D reconstruction of groups
of image data is possible.

AWE, which is explained in detail in chapter 1, has a one second integration time. With a
roughly 600 km x 600 km FFOV on the OH-airglow layer (~820 km x 820 km on the
ground), and an ISS velocity of 7.66 km/sec, at least 78 images will be taken before the
imager has passed by a region. A one second integration time with the current MLEM
algorithm implementation means that every 14 images, a new 3D reconstruction can be
performed, which will overlap significantly with previous 3D reconstructions. It would
likely not be desirable to overlap reconstructions so often, which means that for the

purposes of AWE, real-time 3D reconstructions can be performed.

4.4 Results and Discussion

4.4.1 Initial Images

Using a simplified model of the atmosphere which included the OH-Airglow layer, basic
reflections from clouds, and basic reflections from ground and water, a 3D reconstruction
was realized. In this case, it is the OH-airglow layer that is of most interest and getting
good altitude-axis resolution in that 20 km region. The other regions are still important
enough to include, especially the reflection layer, but they are not stressed as much. Figure
4.3 shows images of the simulated OH-Airglow layer. Figure 4.4 shows an image taken

of the airglow layer with a gravity wave present (Eckermann et al. 2016).
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Figure 4.3: Left: A top-down image of the simulated model, which is mainly the OH-airglow layer. In the top left
corner is a simulated atmospheric gravity wave. There are other background structures throughout the image. Right:
A cross-section of the model. At the bottom of the image is the reflection layer, which represents reflections from the
ground and clouds. The band of green, near the top of the image, is the OH-airglow layer.

(b) Airglow Temperature 0700 UTC: z=78 km
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Figure 4.4: Image of the OH-airglow layer taken by Eckermann et al. 2016. Eckermann, Stephen D., et al. "Dynamics
of orographic gravity waves observed in the mesosphere over the Auckland Islands during the Deep Propagating
Gravity Wave Experiment (DEEPWAVE)." Journal of the Atmospheric Sciences 73.10 (2016): 3855-3876. © American

Meteorological Society. Used with permission.
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Standard Reconstruction

20 40 60 80 100 120 140 160 180

Figure 4.5: A slice of the reconstruction, which corresponds to an 87 km altitude. There are artifacts from the P/BP
operations, due to the direction of propagation being only in the y-direction. The right part of the image has a green
mass that is a bright reflection from 10 km that is not completely filtered out. The left of the image has a barely
noticeable wave pattern that are the faint atmospheric gravity waves.

4.4.2 Altitude-Axis Resolution

The limited-angle constraints of performing tomographic reconstructions from space were
discussed in section 4.2 and were seen in these reconstructions. While there was no single
method that significantly helped resolution, some methods stood out as effective. The
model that was reconstructed was also given the addition of two bright 3D boxes right on
top of each other, but vertically spaced by about 20 km. This was done because the OH-
airglow layer was difficult to see in the reconstructions, which was due to the restrictions
in projection angles. Having these two boxes on top of each other highlighted the altitude-

axis resolution constraints that exist.

The MLEM method with eight iterations was indeed effective and one of the better
performers. PCART and Landweber algorithms did not perform as well, but this could be
due to only eight iterations being performed. Generally, many more iterations are
performed for these additive algorithms. Focusing on the center voxel of the reconstruction
space, rather than looking nadir, provided some separation in the boxes, but did not provide
significant improvement of altitude-axis resolution. TV-regularization did provide some
benefit, especially in making the top box more visible. Increasing the number of pixels in
the detector did minimal benefit for this case. Changing the FOV changed the resolution
of the reconstructions significantly. The 50° FFOV reconstruction barely had any
separation, while the 90° FFOV provided a slight increase in the resolution. Combining
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TV and increased detector pixels did not significantly change the result from just using TV
regularization. The best results came from using 50 iterations of the MLEM algorithm.
By doing more iterations, even the OH-airglow layer with the image values only slightly
higher, was barely visible, as shown in Figure 4.8 and Figure 4.9.

Another area to be explored is the implementation of the MLEM algorithm. The projection
and back-projection operators in this application are designed for speed, with some error
permitted. As GPUs continue to provide greater speed, the trade-offs between accuracy
and speed begin to go away. In Figure 4.6 and Figure 4.7, there are clear artifacts from
reconstruction that can diminish image quality. Algorithms such as the separable footprint
(SF) and distance driven (DD) techniques provide matched projection and back-projection

techniques that could keep the speed high and reduce the overall error.

Reconstruction Slices of 72 degree FFOV Imager
Simulation Model MLEM Landweber

MLEM: Focus On Center Voxel MLEM + TV Regularization

km

km

Figure 4.6: Slices of the reconstruction, with the image plane parallel to the direction of propagation. Top Left: The
model which is reconstructed in the other five images. The SWIR model has the addition of two bright rectangular
boxes. These boxes are not reconstructed properly in the reconstructions. Top Middle: Standard MLEM
reconstruction. The two boxes barely have enough separation to be visible and their smear is affecting other altitudes
of the reconstruction. There is some edge formation to the two boxes that make them distinguishable. Top Right:
The Landweber reconstruction. The upper rectangle can be seen better than that of MLEM, but it is still muddled.
Bottom Left: Similar to the standard MLEM reconstruction, but the edge distinctions are not as amplified. Bottom
Middle: This is the MLEM algorithm, with the same field of view, but no longer nadir and focusing on the center voxel
of the reconstruction space. There are fewer reconstruction artifacts, but the two boxes are still smearing each other.
Bottom Right: MLEM with TV regularization. The top and bottom boxes have their edges more pronounced, which is
the effect of the TV regularization.
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Reconstruction Slices: 72 degree FFOV, Varying Strategies
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Figure 4.7: Using the same model as figure 4.6, different conditions were attempted with the detector pixels. Top
Left: MLEM and 512x512 pixel detector. At the middle right of this image, there are clear artifacts that will affect the
overall quality of the image. If there is an effect on the altitude-axis resolution, it is lost in the artifacts present. Top
Middle: MLEM with initialized voxels set to amplify the OH-airglow layer and reflection layer. This does not have the
bottom box in the initialized portion, so it is not visible in the reconstruction. The top box is barely visible in the 80km
layer, but still smears into the layers below. Top Right: MLEM and 512x256 Pixel detector. There are 512 pixels in the
direction of propagation. The artifacts from the 512x512 pixel images are gone. There is decent resolution,
comparable to 256x256 pixel MLEM. Bottom Left: MLEM with 90-degree FFOV: The resolution is better, but there are
streak artifacts due to the wide FOV. Bottom Middle: 50-degree FFOV. There are many artifacts in this image, with a
poor resolution. It is interesting to note, though, that the two boxes are still distinguishable. Bottom Right: MLEM
with 512x256 detector and TV regularization. This image shows the boxes brighter in the center, something not seen
in the other MLEM images.
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8 iterations
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Figure 4.8: Eight iterations of MLEM were performed on the same model that was used in Figure 4.6. Top Left:
Looking at a plane that is parallel to the y-direction, and slightly off-center. The rectangles look blended. Top Right:
Looking at a plane that is parallel to the x-direction. The two rectangles are separated, though the top one is faint.
Bottom Left: The same as the top left image, except that the image is perfectly centered in the voxel space. Bottom
Right: Same as the top right, except that the image is perfectly centered in the voxel space. In this image, the smears
from both the top and bottom rectangles combine and form what looks like another rectangle near the ~64 km
altitude.
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Figure 4.9: Fifty iterations of MLEM were performed on the same mode that was used in Figure 4.6. Top Left: Looking
at a plane that is parallel to the y-direction, and slightly off-center. The rectangles have some separation. Top Right:
Looking at a plane that is parallel to the x-direction. The two rectangles are separated, though the top one is still
faint. Bottom Left: The same as the top left image, except that the image is perfectly centered in the voxel space.
Bottom Right: Same as the top right, except that the image is perfectly centered in the voxel space. In this image, the
smears from both the top and bottom rectangles combine and form what looks like another rectangle near the ~64 km
altitude. There are also extra smear artifacts at ~100 km and ~30 km.

With a 72° FFOV and voxels that are roughly cubic, the best z-axis resolution that would
occur for a back-projection ray would be slightly more than one pixel, but as most rays will
not be at the outer angles, the expected z-axis resolution of a reconstruction would be far
worse. If an object is bright, the reconstruction will also smear the object into altitudes
above and beneath it, which degrades those altitudes’ image quality. While this may not
seem to be great altitude-axis resolution, it is still enough to effectively separate a reflection
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in a cloud from an emission in the OH-airglow layer, which have around 30 to 40 pixels of

separation in the current model used above.

Each of the methods in section 4.2, apart from a PSF, was attempted to help increase image
quality, but there was no ideal solution to improve altitude-axis image quality. The
techniques to be used will be dependent on the object or region of interest and its qualities,

the imager being used, and the imaging path being taken.

4.5 Conclusion

Limited-angle tomography from space presents a unique set of challenges and
opportunities. While each situation is unique, a common goal for tomography from space
is finding ways to deal with poor altitude-axis resolution. Despite this setback,
implementing real-time MLEM reconstructions is possible and helpful for many situations.
As GPUs continue to progress, the applications for using tomography from space will
continue to grow and more computing resources can be dedicated to overcoming resolution

issues.
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CHAPTER 5

3D TOMOGRAPHIC RECONSTRUCTIONS OF SWIR OH-AIRGLOW
MODEL

5.1 Introduction

In Chapter 4, the implementation of 3D tomographic reconstructions from space was
detailed. Testing the image quality of the reconstructions is important to determine if
efforts of perfecting tomography from space are worth investigating. A model was
developed to test the tomographic reconstruction algorithm. A figure of merit was then

developed and used to determine the effectiveness of the reconstructions.

5.2 Models

5.2.1 Objects and Imaging

A model of the OH-airglow layer is detailed in this section. This is not a comprehensive
model of the OH-airglow layer, but a simplified model based on images taken from

previous studies from the 1520 nm — 1550nm range.
5.2.2 SWIR Model

The 1550nm OH-Airglow model is based on the altitude and width of the airglow layer,
average temperatures of the airglow layer, and the reflections from clouds and ground. It

has been simplified to emphasize separating cloud reflections and the OH-Airglow layer.
5.2.2.1 Temperature Model

Using data from SABER reported by Marsh et al. (2006), the temperature in the OH
airglow layer ranges between 150 — 240°K. The average temperature is roughly 195K.
The temperature is related to the emissions of the OH airglow layer by the equation below
(Pautet et al. 2014).
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259.58

In (2.644 * %)

T, = (5.1)

Where P, (2) and P; (4) are the brightness of those bands. This makes temperature a good
beginning for the backgrounds in a model. If emissions were used, there would be
nonlinearities in the reconstructions: the radiance of an individual band does not
necessarily increase linearly with temperature. This method is used in AWE to create
temperature maps of the OH-airglow layer, which can then be reconstructed using

tomography.

Temperature vs Emission Radiance Quotient Model
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Figure 5.1: This image shows the temperature, in Kelvin, of the OH airglow layer given the radiance quotient of the
P1(2) band and P1(4) band. This model is for temperatures between roughly 150-240 K. Using this model, a
temperature map can be created from raw images.

The data from SABER also shows that the OH airglow layer is generally only about 10 km
wide, but that this width can shift to altitudes between 80-100 km (Marsh et al. 2006,
Makhlouf, Picard, and Winick 1995). This means that for a model, a conservative estimate
could be made where a gaussian distribution of emissions is centered at ~90km and goes
to 10 km in both directions. This simplifies the emissions, but still gives the main, brightest
emissions to be between 87 — 93 km, which is accurate with previous data reported in
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Marsh et al. (2006). By broadening the OH-Airglow layer in this model, it will also help

to evaluate the altitude-axis resolution more clearly.

5.2.2.2 Gravity Wave Model

Gravity waves in the OH-airglow layer are generally lower amplitude, but some can have
amplitudes of £20°C or greater. Gravity waves in practice will not be perfect sine waves,
but many will be close enough that they can be modeled as sine waves, as shown below in
Figure 5.2. Eckerman et al. (2016) also shows a variety of images of gravity waves that

appear to be close to sine waves.

Figure 5.2: Image Credit: NASA/GSFC/MODIS Land Rapid Response Team and Jeff Schmaltz. Image taken from
https://www.nasa.gov/multimedia/imageqallery/image feature 484.html. The image shows gravity waves in the
atmosphere. They are not quite sinusoidal, but they are close enough that for a simple model, a sinusoid could work
well. This image is in the public domain.
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One characteristic of gravity waves is that other minor gravity waves will come and deposit
energy at the OH airglow layer. It is assumed that there is a significant number of these
minor gravity waves on any given image, and therefore the central limit theorem applies.
In other words, this collection of minor gravity waves will look like gaussian distributions
on the OH airglow layer. A proper background, then, would be to use a lumpy object
model used by Rolland (1990). The formula for this lumpy object model, given in Rolland
and Barrett (1992) is as follows:

b —
b(r) = ZH_:DZe b (5.2)

Rolland and Barrett (1992) have performed research in creating and assessing observers

looking for signals within the lumpy object background.
5.2.2.3 Reflection Model

A reflection model for cloud and ground surfaces is difficult to consider fully. Clouds can
range from 0 — 18 km. The reflectivity of clouds can be difficult to simulate as well, as
low clouds will have significantly less reflectivity than high clouds. As shown in MODIS
images, the Earth is going to be cloudy for the majority of the time (King et al. 2013).

The Earth’s surface will have a variety of reflectances because soil, vegetation, liquid
water, ice, and snow all have different reflectances (Wang et al. 2017; Park, Lee, and Jung
2012; Huete 2004). Even within each of these categories, there will be differences. For
example, there are key characteristics of soil that affect reflectances in the SWIR range
(Jiang 2016).

Because it is difficult to even give educated guesses of how reflections will look, the
experience from a previous SWIR imaging satellite, NIRAC, gives insight. Figure 5.3 is

an image captured by NIRAC. It shows that the ground reflections come back sharp.
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Figure 5.3: Image from NIRAC, taken from https.//aerospace.orq/press-release/novel-camera-gives-scientists-night-

vision-iss. The image is of Wallops Island, Virginia. Photo Credit: The Aerospace Corporation
To put this information into a simple model, the following steps were taken:

1) High clouds were simulated. This included adding together many 2D gaussian
distributions. If the values on the resultant grid were greater than a threshold,
those values were kept.

2) Low clouds were simulated. The process of simulating low clouds was similar to
the process of simulating high clouds, except that if there were high clouds
already on a spot where there was already a low cloud, the high cloud had
precedence and would be kept.

3) Soil was simulated. This was the same as step 2 except that low clouds and high
clouds had precedence.

4) Water was simulated. This was every pixel that was not cloud or soil.

5) These grids were combined to make a single grid. This was put into one single
altitude, 10 km.
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While this model does not consider intricacies of clouds, soil, vegetation, and the altitude
differences of these reflectances, it does provide significant insight into how a tomographic

reconstruction could perform for a task that involves these nuisance reflections.
5.2.2.4 Combining the Models

These models were combined by inserting the simulated gravity waves within the
simulated OH airglow layer. To finish the reflection layer, the sum of the values of the
airglow layer at each XY location was taken and multiplied by the reflectance of the
material directly below it, as shown in Figure 5.4. This allowed for sharp edges to be seen,

as given in image from NIRAC, and for different reflecting surfaces to be simulated.
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Figure 5.4: An example of the reflection layer in the simulation. There are some sharper edges between water (dark
blue), low clouds (dark blue), and high clouds (yellow). This reflection pattern will be present in the projection images
generated. The higher values mean that reflectivity is higher, not that emissions are higher.
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SWIR Model - OH-Airglow Layer With No GWs
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Figure 5.5: An example of the model OH-Airglow layer without any obvious atmospheric gravity waves. The gravity
waves are inserted into the model and given an amplitude. These minor disturbances in the OH-Airglow layer are
modeled as low frequency fluctuations. When gravity waves are present, these small disturbances are barely visible,
but they still affect the image quality.

5.3 Image Quality

With a model defined, tomographic reconstructions were performed. This section details

what methods were used to determine how effective the 3D reconstructions were.
5.3.1 Defining a Task for Detecting Gravity Waves

When performing a 3D reconstruction of the SWIR model, a reasonable task is to determine
if the detectability of the gravity waves in the OH-airglow layer increases. Higher
detectability will show that a 3D reconstruction is effective. A task that was considered
was to measure the altitude-axis resolution. Such a task, though, would be dependent on
location in the reconstruction and on the object being reconstructed. Because of the

uncertainty around this task, it was not pursued with an observer.
5.3.2 Figures of Merit

Section 2.4.4.1.2 describes a process for obtaining a figure of merit for a signal-known-
statistically (SKS) case. It takes the Hotelling Observer:
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trourier = §tKg_19 (5.3)

And modifies it to:
tfourier = FT(§;ilter) |FT(K£1§)| (5'4)

In the case of detecting gravity waves in the SWIR model, the slice corresponding to an
altitude of 87 km is taken from the 3D reconstructions, and that will be g. The inverse
covariance matrix, K, *, is calculated using 300 noise-free images and using the method
described in Barrett and Myers (2004) Ch 14.3.2. 5., is a 2D bandpass filter that
chooses a desired frequency in the image. In this case, it is a ring around the origin: one
where the desired frequency is, and zero where it is not.

A collection of these test statistics, tf,yricr are then used to create an overall figure of merit
for simulations. The equation for the overall figure of merit used is given in Section 2.4.2
but is given below with a change of variables. In the plots given in Section 5.4, SNR; is

described as the detectability of a signal.

(tfourier)Present - <tfourier)Absent

SNR, =
o 2 o 2
Absent | Present

(5.5)

2 2

(trourier)present 1S test statistic for the signal-present case, and (tfoyrier) apsent i the test

statistic for the signal-absent case. 6Z.sene aNd 04pc.n, are the variance of the signal-

present and signal-absent test statistics, respectively.

5.4 Simulation Results

Each simulation involved taking 300 noise-free backgrounds, five sets of 50 simulations,
and modified Hotelling observers to get a test statistic. Different parameters were
simulated to find the most effective conditions for detectability. Most of the simulations
used a 256x256 detector, a 256x256x64 reconstruction space, 80 projection images, and a
72° FFOV which corresponds to a 600 km x 600 km area.
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5.4.1 Amplitude, Method, and Detectability

A test was performed where the MLEM, PCART, and Landweber algorithms were all
tested with gravity wave (GW) amplitudes of 2°C, 3°C, 5°C, and 10°C. The results of the

test are shown in Figure 5.6.
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Figure 5.6: For 100 km GWs and eight iterations, this plot shows the relationship between the amplitude of GWs and
the detectability of the GWs. Three different reconstruction methods were attempted to test which is most effective.
MLEM is shown to be the best for low amplitude signals. The error bars are the standard deviation of each data point.

The simulation shows the effectiveness of MLEM at low signal amplitudes. While PCART
and Landweber algorithms perform very well at high amplitudes, they are not as effective
at low amplitudes in the current conditions. This is probably due to the multiplicative
nature of MLEM, which helps it to converge to a solution faster than the additive PCART
and Landweber algorithms. While not shown in the graph above, each of these algorithms
is far more effective than looking at one projection image. MLEM’s effectiveness in low
signal scenarios shows the possibility of detecting gravity waves with amplitudes of even

less than 2°C in tomographic reconstructions.
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5.4.2 Reconstruction Algorithm Iterations and Detectability

In space applications, speed may be a priority. A straightforward way to cut time from the
reconstruction algorithm is to try to minimize the number of iterations that are run. The
optimal number of iterations will vary by object and reconstruction parameters, but it is

informative to see what it is for a simple case with somewhat lower frequencies.

A simulation was run to test 2, 8, and 12 iterations for resulting image quality. The results

are shown in Figure 5.7.
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Figure 5.7: This figure shows the detectability of GWs given their amplitude and given the number of iterations run.
The error bars are the standard deviation of each data point.

Figure 5.7 shows that for a higher amplitude signal, MLEM with two iterations is adequate.
For lower amplitude signals, there is a need for more iterations. Figure 5.7 also shows that
there is not much difference between 8 and 12 iterations in this model. This is promising
because it shows that optimal image quality can be obtained quick enough that a full
reconstruction can be completed before another reconstruction needs to occur for real-time

data processing. While there is a slight increase in detectability for 12 iterations instead of
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8, the results are still well within the standard deviation and the benefit of extra iterations

with detectability appears to approach a limit.

While this approach shows that the detectability of GWs is not improved within OH-
airglow layer, it is important to determine the overall imaging tasks at hand when deciding
about the number of iterations. Section 5.5 and Section 4.2.1 discuss the relationship
between iterations and the frequencies that are retained. If there are higher frequencies that

are desired in the final reconstruction, going far beyond 12 iterations may be needed.

5.4.3 Frequency and Detectability

With there being a range of gravity waves that are present in the OH-airglow layer, it is
worth investigating if there will be detectability issues with some of these gravity wave
wavelengths. Most of the gravity waves that are of concern for AWE are within 30-300
km. Other applications for tomographic reconstructions could have applications for much

higher frequencies, so those were investigated as well.
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Figure 5.8: The detectability of 5°C amplitude GWs with varying wavelengths. The error bars are the standard
deviation. The reconstruction space is 600 x 600 x 128 km, and the image covers a 600 x 600 km swath. With a 256 x
256 detector, to satisfy Nyquist sampling the smallest detectable wavelengths will be about 4.7 km. The error bars are
the standard deviation of each data point.

77



In Figure 5.8, the higher frequency terms have higher detectability. This could be the result
of the background structures having lower frequencies and will be explored further in
Section 5.5.2.

The detectability of higher frequencies has a much broader impact than gravity waves.
Other imagers will have applications that involve smaller phenomenon, which correspond
to high spatial frequencies, such as objects on the ground, in the sky, or details within
clouds. With higher spatial frequencies giving better detectability, the design of future
imaging systems where tomographic reconstructions are performed can try to focus on that

sweet spot of detectability.
5.4.4 SNR and Detectability

In MLEM, noise in the reconstruction is dependent on noise in the projections, and is
carried through each iteration (Barrett, Wilson, and Tsui 1994; Wilson, Tsui, and Barrett
1994). For this reason, a simulation was run where the noise was set to high values to see
how it would affect detectability.

This simulation is especially relevant for the case of AWE, where the lower portion of the
detector wells will be primarily used. AWE’s detectors are mainly meant for high signal
applications, with more noise than most detectors that are used in space, which means that
for the lower portion of the detector wells, there will be much higher noise than is normal
for a space application. The results for the relationship between SNR and detectability are

found in Figure 5.9.
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SNR and Detectability
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Figure 5.9: This plot, which reconstructs 100 km GWs, shows the relationship between the SNR of images and their
reconstruction detectability. There are not many changes for SNR 10 and above, and above SNR 2 for GWs that have
an amplitude of at least 3°C. The error bars are the standard deviation of each data point.

The results in Figure 5.9 show that for low signal, and low SNR, there can be a performance
hit in detectability. This performance decrease does not completely take away the
detectability though. It also shows that for an SNR of 10 and above, there is really no
difference between them at lower signal levels. This is a beneficial result for AWE, where
the worst-case scenario for one of the detectors will be an SNR of 10. Most cases will be

much higher.
5.4.5 Projections and Detectability

Using fewer projections will have effects on altitude-axis resolution, but for AWE, it may
be necessary. Some gravity waves will be moving up to 180 m/s. This may not be fast
compared to the ISS moving at 7.66 km/s, but it is fast enough that GWs could begin
moving out of phase. Simulations were run for 30 and 80 projections to compare image
quality. It is expected that performance will decrease, because if the SNR is calculated,

the signal will be proportional to the number of images that are used. For the noise, it will
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be the variances that add, not the standard deviations, which means that using fewer

projections will result in an SNR loss. Figure 5.10 shows the results.
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Figure 5.10: This plot shows the relationship between the number of projections that are reconstructed and the
detectability of 100 km gravity waves. The x-axis is the amplitude of the GWs being reconstructed and the y-axis is the
detectability. The error bars are the standard deviation of each data point.

Even at high amplitudes, the detectability is diminished. For nadir space imaging
applications, using as many projections as possible for the region or object of interest is

desired for maximum detectability.
5.4.6 Nadir Imaging and Focused Imaging

While AWE is facing nadir, other applications may have the opportunity to focus on a
region of interest. This will give better altitude-axis resolution in some cases, as discussed
in section 4.2.8, but the question remains for how this will affect XY -axis image quality.
A simulation was run for a low signal case. The result was no discernible change from
nadir facing imagers. This is a desirable because it shows a way to get better altitude-axis
resolution, in certain cases, without sacrificing XY-axis resolution. For the given case,

though, the field of view is large enough that focusing on a region of interest does not
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provide much altitude-axis benefit. Future research could focus on narrowing the field of

view and repeating the experiment.
5.4.7 Field of View and Detectability

In designing telescopes for use in tomographic applications, it would be beneficial to know
the effects of the field of view on the design. If the field of view is too wide, the XY -axis
resolution will suffer. If the field of view is too narrow, the altitude-axis resolution suffers
unless the satellite is focusing on a region of interest. To better understand the trade-off,
particularly in the XY-axis, a simulation was run testing different fields of view and the
detectability of 100 km gravity waves. As shown in Section 5.4.3, if the GWSs have a
wavelength above the Nyquist sampling rate, there should be decent detectability.

In running the simulation, the 90° field of view imager had a 15% increase in detectability
over the 72° field of view imager. This is consistent with Figure 5.8, which shows higher
detectability for higher frequencies, to a certain point. The wider FOV imager in this case
will have 100 km GWs as higher frequencies, increasing its detectability. The trade-off is

that each pixel covers over 3 km instead of 2.5 km.
5.4.8 TV Regularization and Initializing Voxels

Past research has used initialization of voxels, and TV regularizations to attempt to increase
image quality. Low signal simulations were run to see if either of these methods provided

an improvement to detectability in the XY -axis.

When initializing voxels to only have values for the OH-airglow layer and the reflection
layer, the XY-axis detectability decreased by 14% compared to having an initial voxel
space guess of all ones. This is an interesting result, as most of the signal is placed in the
correct altitudes. For future research, it would be interesting to go more than eight
iterations and to try different initialization strategies to determine the cause for the decrease
in detectability.

In using TV-regularization, the L-.9 norm was used, due to reports that the .8 <p <1 Lp-
norm perform the best for TV-regularization (Zhang et al. 2018). The result was that TV-

regularization did not contribute to increased detectability of GWSs. This could be because
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of the already low frequency of GWs being used and the relatively simple task of detecting

sine-like waves.

5.5 Discussion and Looking Forward

The previous sections give a framework for approaching questions in reconstruction
effectiveness and in system design. Some of the main findings for these simulations were

as follows:

1) MLEM is an effective method for low signal cases
2) Higher frequencies have better detectability than low frequencies
3) Performing more than about 8 iterations is not useful for the SWIR model

Each of these findings will be investigated here.
55.1 MLEM Discussion

What characteristics about MLEM makes it effective for low signal cases? Of the three
algorithms tested, MLEM is the only multiplicative algorithm. This can help to achieve a
better convergence time, although MLEM convergence times have been criticized by
others and modifications have been taken to speed up the convergence of the MLEM
algorithm (Slambrouck and Nuyts 2014, De Pierro 1995). Other algorithms, such as
OSEM could be tested to compare. In looking at research given in section 2.2, one of the
reasons why MLEM and regularizations of MLEM are so popular is because of their
performance in low signal, high noise situations. These simulations further show the

effectiveness of using MLEM in these strained imaging environments.
5.5.2 Wavelength Discussion

Why do higher spatial frequencies have higher detectability? The SWIR model includes a
background that is comparable to the lumpy object model discussed in section 5.2.1.2.
These resulting structures in the background tend to have lower frequencies. Some of the
models will have higher frequency components, but these will be more rare than common

in the airglow layer.

In looking at the characteristics of the model, there will be interference in the lower
frequencies of the model and the lower frequencies of GWSs, which will bring the
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detectability down. The higher frequencies of GWs will not have the same interference
with the model. For future models, a higher frequency background could be tested to check

if the detectability of the GWs is lower for a higher frequency background.
5.5.3 Discussion on the Number of Iterations

Why does the benefit of more iterations stop at around 8 iterations? The SWIR model has
many low frequency components. Even the high frequency gravity waves, at 30 km
wavelengths, are low frequency compared to ~4 km Nyquist wavelength of the given
imaging system. The reflections have outlines that are sharp, but these outlines are only in
certain parts of the reflections. Most of the reflections are smooth. Because there are
relatively few projections to reconstruct, and the objects, background, and reflections are
lower frequencies, the number of iterations needed will decrease (Alenius, Ruotsalainen,
and Astola 1998). If the gravity waves that were of interest had shorter wavelengths, such
as 10 km, it would be worth investigating how more iterations change the image quality
for the XY -axis.

A determining factor for the number of iterations needed in a limited-angle space
application will be the desired altitude-axis resolution. Because there are fewer angles,
there will need to be more iterations run to get adequate altitude-axis image quality. The
number of iterations can be prohibitive, so it is important that the reconstruction algorithm
be fast and that the trade-off between speed and accuracy is explored for the desired

application.

5.6 Conclusion

Many parameters were simulated and discussed in this chapter. This work focused on
determining the image quality of the XY-axis. Future work could objectively test the
altitude-axis resolution. While this chapter was just a beginning of the analysis that can be
performed for limited-angle tomographic reconstructions from space, it showed the
effectiveness of MLEM, the decision of how many iterations to do, and how the frequency
of the object of interest-in combination with the background- can affect the detectability of

a desired signal.
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CHAPTER 6

Conclusion and Future Work

6.1 Review and Conclusions

In chapter 1, the Atmospheric Waves Experiment (AWE) was detailed. The mission’s
purpose is to investigate atmospheric gravity waves in the OH-airglow layer. There is
current interest in the connection of terrestrial weather and space weather, and GWs are a
clear link between the two. The emissions of the OH-airglow layer are dim enough that
the AWE instrument will mainly operate in the bottom 5% of its detectors’ capacities.
Working in the bottom of the detectors’ capacity will lead to greater noise, but the SNR
will be adequate to effectively image GWs. The MTF of the system also allows for

detection of the desired wavelength range.

In chapter 2, the MLEM algorithm was discussed. The formula and current state of MLEM
was given in detail. Penalized methods were also discussed. Practical implementation was
briefly discussed, as well as the total variation (TV) regularization technique. Image
quality of tomographic reconstructions was investigated and a method for creating an

observer using Fourier methods was put forward.

Chapter 3 focused on implementing MLEM. Projection and back-projection algorithms
were reviewed. A projection algorithm where each voxel was assumed to be a sphere was
created and tested. The algorithm’s accuracy was found to be superior to the distance
driven algorithm in many cases, but the speed of the algorithm was prohibitive for fast
reconstructions. A quick algorithm for a back-projection was also reviewed. The code for

these algorithms is found in Appendix A.

Performing a tomographic reconstruction from space was the purpose of chapter 4. The
limitations and implementation of MLEM from space were explained. A projection
algorithm that is similar to the distance driven approach was explored and evaluated for
use in nadir image reconstruction. A main theme in reconstructions was the limitation of

altitude-axis resolution. With a nadir facing imager, there will be a trade-off between XY
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axis resolution and altitude-axis resolution. One of the more promising methods for
increasing the resolution of both XY and altitude-axis resolution is to perform more
iterations, at the cost of reconstruction time. The speed of the MLEM algorithm made

continuous real-time 3D reconstructions possible in certain situations.

Chapter 5 focused on an objective assessment of image quality for the tomographic
reconstructions. A model of the OH-airglow layer, clouds, and ground was presented.
While it was a simplified model, it proved effective in determining the strengths and
weaknesses of reconstruction techniques reconstructing certain characteristics, such as low
signal images. MLEM was shown to be the most effective reconstruction technique for
low signal imaging. Another finding was that higher frequency signals tended to have
better detectability in the SWIR model that was reconstructed. Other simulations were
performed which showed the use of the TV algorithm, number of iterations for effective
reconstruction, the effectiveness of reconstructing noisy images, reducing the number of
images used for reconstructions, focusing on a region of interest, and initializing the voxel

space to ones in the OH-airglow layer and zeros outside of it.

6.2 Future Work

There are several items that can be investigated further. These include investigating
altitude-axis resolution, comparing the AWE model to real AWE data, and finding ways to

increase the speed and accuracy of the MLEM algorithm.
6.2.1 Altitude-Axis Resolution

The altitude-axis limitations of tomographic reconstructions from space are detailed in
chapter 4. There are ways that the resolution can be increased, but the most effective
methods, such as a full PSF correction for a shift-variant system or increasing the number
of iterations, tend to be the most computationally complex. Other methods, such as TV
regularization, can show some improvement, but in this document the TV regularization
techniques did not show significant enough improvement to focus solely on that method.
If the fundamental limit for altitude-axis resolution can be resolved in a practical way, the
use of tomographic reconstructions from space can be expanded to applications beyond

filtering out high reflectance clouds from the OH-airglow layer emissions.
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6.2.2 AWE Model and Real AWE Data

The model used in chapter 5 is a simplified model designed to help determine image quality
for tomographic reconstructions. While this model proved to be useful, getting real data
from the AWE mission, which launches roughly August 2022, will be instructive for
modifying the model for future simulations. One of the main corrections to be accounted
for is the amount of reflection that is detected by AWE. An accurate SWIR model can then

be expanded for use in other applications besides signals in the OH-airglow layer.
6.2.3 Increasing the Speed and Accuracy of MLEM

Currently, the speed for the AWE reconstructions is about 14 seconds for 8 iterations. A
trade-off in projection accuracy and projection speed is seen in the current implementation
of MLEM. The sphere voxel projection algorithm is more accurate in many applications
but is also up to 10x slower. With better GPUs, the difference in speed could go down, or
the overall speed of both algorithms could decrease enough that choosing between the two

algorithms will not be as important for real-time imaging.

Further research could also make a projection and back-projection algorithm more specific
to the problem at hand. The code given in Appendix A is meant to be general code used
for many applications. Making certain assumptions, which makes the code less general,
can speed up the code for a specific application. It would be beneficial to resolve some of
the bottlenecks in the projection and back-projection algorithms.

6.3 Future of Tomography in Space

While the current limits of speed, accuracy, and resolution tend to restrict the applications
of tomography in space, as computing power continues to increase, these barriers can be
overcome. There is a large body of research dedicated to projection and back-projection
algorithms and their improvement. Even with incremental improvement, it translates into

better reconstructions and better image quality.
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Appendix A: GPU Code

A.1 Back Projection Code
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Summary: This code gives a C++ implementation of a back-projection function that
iz run on the GPU. It doss not contain a complete, compilakle code,
but res a commented,straightforward implementatio
iz done in C++ also, but sewery API that connects
different. It is alsc of note that the Host code is not comg
Calling threads and loading buffers is also different for many API's.

Revision History

Buthor Date Rewvision

Matthew Kupinski Bpr 14 2015 COriginal Cuo

Farrstt nton May 30 2015 Commented and Revised

v

Host Code

backProjection: Thi=z is the host code that the preparses the device and ths
buffers for the dewice. It loops through every projection

and reads back the wvoxels from device to host.
DarameTers:
float *voxsls: The womels array that will be transfered to the dewvice,
and which will store the final projection
float *projectionbata: The projection data
Jutput:
float *wvoxels
v
wold kbackProjection({float *wvoxels,
float *projectionDatal

{
// Transfer the projection data, voxel array, reconstruction parameters, etc.
/S to the device memory.
/f Most of the time, a GPU will not be able hold all data, so some of the
/S memory may have to be pinned, or set in such a way &s to increass transfer
ff time of the data from host to device.
transferBuffersTolREU() ;
I
for(int i = 0; i € numProjectcions; i++)
{
S/ This is a call to prepare any buffers and other functiom called to
S/ prepars the EFU so that the threads can be called
preplhreads () ;
S/Call the kernel
backProject(*d_wolumeBuffer, // Where to store the waonel wvalues
*d wvolumeInfoBuffer,// Position, size, and number of wvozels
L be used in the reconstruction image
*d projectionBuffer,// Projection data
*d sourceBuffer, /4 Position (x,v,=) and cone angle of the
/f source
*d detectorBuffer); // Position, orientation, height, width,
/! and pixel numbers for
detectoz
}
/S Bead the voxels from Device memory to Host memory
DeviceToHost (voxels, wolumeBuffer);
}
Fi
Daevice Code:

backProject: This kernel performs a back-projection onto a set of woxels.
Hote that there is no information about the angle of the
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tors as well as the source's position and direction
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DarameTers:

device float *wvolumeBuffer: The woxel data is stored hers.

device VolumeInfo *wvolumeInfoBuffer: Position, size, and number of woxsls to
be used in the reconstruction image

device float *projectionBuffer: Projection data to be backprojected

const dewvice Source *sourceBuffer: Position (x,v,z) and cone angle of the
sourcs

const dewvice Detector *detectorBuffer: Position, orientation, height, width,
and pixel numbers for detector
uint3d id: Thread position in grid. Depending on
the languages, this can somstimss be
called from the kernsl instead of
435 & paramster.

Qutput:

device float *wvolumeBuffer

woid backProject( device float *volumeBuffer,

device VolumeInfo *wolumeInfoBuffer,
device float *projectionBuffer,

const device Source *sourceBuffer,
const device Detector *detectorBuffer,
uint3d id)

/f Position of the woxel

floatd woxelPos = ((float3) (Z * (intd)id -
{int3)volumeInfoBuffer-»*numVoxels + 1) f
{{(£loatd) (volumeInfoBuffer->numWVoxsls) * 2.0)) *
volumeInfoBuffer-»size + volumeInfoBuffer->position;

/f Thread index

int bufferldx = id_ x + id.v * volumeInfoBuffer->numVoxels x +
id.z * volumeInfoBuffer-»numVoxels.x *
volumeInfoBuffer->numiVoxels. v;

4 This is always set to [ becauss =sach buffer has an offset
4f when it is called into the kernsl
int idx = 0;

4 Source position and the direction of propagation
floatl3 sourcePosition = sourceBuffer[id=x] .posicion;
floatd sourcelirection = normalize (voxelPos - sourcePosition) s

/f Position Vector and Mormal Vector of the detector.
/f The normal wvector is pointing towards the source
floatd detPosition = detectorBufferl[idx].position;
floatld detlormal = detectorBuffer[id=] .normal;

/f By performing the dot products (dot (detMormal, sourcelirection)

4f  and dot {detHormal,detPosition - sourcePositio they give information

rri gbout the directiom of the xrays with respect to the detector's orientation.
float denom = dot (detWormal,sourcelDirection);

float numer = dot (detMNormal ,detPosition - sourcePosition);

if (abs (denom) < l=-g£)

i

return;

is negative, it means that the detector is not oriented
PV~ ectly to receiwe any photons from the source.
float check = numer f denom;

if (check < C.0)
{

return;
}
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138

39 S Fives the point where the source rays will intersect the detector plans
140 floatd iIntersection = sourcePosition + check * sourcelirection;

141

142 ff 1) Computes the cross product of {(0,1,0) with the detector normal.

143 ff Vector (0,1,0) is used because it is always orthogonal to the

144 ff source-to-detector line

145 ff 2} Computes the cross product of the detector normal wi

l4e Jf Togetcher, x=Hat and yHat are wvectors that define a rela

147 /S coordinate system on the detector.

149 float3d =Hat = cross(floatc3(C,1,0) ,decHormal);

143 floatd wvHat = cross({detWormal, xHat);

150

151 /S Giwves a wector that points from the detector position to the
152 /f  intersection point.

153 float3d inPlane = intersection - detPosition;

154

155 /S Projects the point (where the ray hits the detector plans} onto
156 /f the new relative coordinates.

157 float xPos = dot{inPFlane, xHat);

158 float yPos = dot{inPlane,yHat);

155

1&0 /S These are the dimensions of the detector, giving the edges of the desector.
1l float xMin = -detectorBuffer[id=] width S Z.0;

12 float xMax = detectorBuffer[idx] .widch f 2.0;

1s3 float yMin = —-detectorBuffer[idx].height / 2.0;

lg4 float yMax = detectorBuffer[idx] .height / 2.0;

1€5

leg /f If the point where the ray hits is not on the detector, return
187 if ((=xPos < xMin) 1| (xPos 2= zMa=x) || (yPos <= yMMin) || (yPos > yMax))
1&8 {

19 return;

170 }

171

172 /f At this point, a pixel from the current projection is going to
173 /f rcontribute to the solution

174

175 /f Gives the pixel location that will contribute to the woxel.
176 float norm¥{Pos = {(xPos - =Min) / detectorBuffer[idx] .widch *
177 (float)detectorBuffer[id=] . numPix¥;

178 float norm¥Pos = (vMax - vPos) / detectorBuffer[idx] .height *
179 (float)detectorBuffer[id=] . numPixY;

81 /S Returns the pixel walus (a whole number) in X and ¥ for the

g2 HF ixel that will contribute to the wo=el.

83 float pizel¥ = floor (normXPos);

= float pixelY = floor (norm¥FPos);

=12 /S Beturns the fractional part of normXPos and normYpos that is

=7 /f between O and 1.

g8 float fract¥ = normiPos - pixell;

89 float fract¥ = norm¥Pos - pizelY¥;

a1 /f This give the index of the pixel in the projection image

52 int projlndex = pixel¥ + pixelY * detectorBuffer[idx] .numPixX;
53

=
57
9

ff walll, wall?, walll, and walZ2 are the pixel wvalues that will

/f  contribute to the wvoxel which corresponds with the current thread.
/f Because the pixel waluss are whole numbers and the fractional pars

/f of them was remowved, an interpolation needs to be done to gt a mors
/f  accurate wvalue.

15 float walll = projectionBuffer[projIndex];

20 float wall? = 0.0;

2 float wvalZl = 0.0;

z float wal2? = 0.0;

2 S These if statements ensure that the pixels ars not on an sdges,

2 Jf and if they are, they set the pixel that is off of the detector to 0.
21 if ((pixel¥ + 1) >»= detectorBuffer[idx] .numPixX)
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fractX = 0.0;
walZl = 0_0;
wvalzz = 0.0;
}
elze
{
valzl = projectionBuffer[projIndex + 1];
}
if ({pixelY + 1) »= detectorBuffer[idx].numlixY¥)

fractY = 0.0;
wallz = 0_0;
walZz = 0_0;

}
elze
{
vall? = projectionBuffer[projIndex + detectorBuffer[idx] .numPixX];
}

J/f The other control statements eff
ff If they
if ((fractX

ed fractX and fract¥.
is adjusted.

J.0))
{
valZ? = projectionBuffer[projIndex + detectorBuffer[idx] .numPixX + 1]
}
ff Th ctor from the source to the wvomel.

fiaat& vroxelBelPos = voxelPos - sourcePosition;

/f Object's relative position: The we
ff of the woxels.
floatd cbjsctRelPos = volumeInfoBuffer-»>position - sourcePosition;

from source to the ce

/f Length of the object's relative position
= length {cbhjsctRelPos) ;

/f Projection of the current woxel's position relatiwve to
/S the wvomels.
float factor? = dot{voxslRelPos,normalize (objectRelPos));

8 ff Update wolumsBuffer:
9 ff 1) The first part takes th pine 11 of inmteresc
0 rr and interpolates

Fr2) Takes & ratic of the

Jf Togethsr, thess update the wvomel

1 f {length to the woxel] .
2 rolumeBuffer [bufferldx].

3 wolumeBuffer [bufferldx]l += ((l.0-fractX) * (l.0-fract¥) * walll +

4 (fraccX)* (1. 0-fract¥) *valzl + (L.0-fractX)*
E

fract¥*vallZz + fractX*fracti*valil) *
(factorl*factorl)f (factor2*factorl);

LRI T A I T ST A I S S I S U I A I SR
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A.2 Projection Code

A projection algorithm is given below where both the voxels and pixels are in the delta
basis. The projection algorithm presented in this paper is very similar to the back-

projection code, with the last few lines differing as follows:

ne attentuatlon o the

:E*fac:c:Z}H(f;c;;:;;Es

projectionBuffer [proj

dx] * attenRatic);

mEix¥] =

nBuffer[projIndex],
*

projectionBuffer [pro

0

mPiz¥ + 1] =

252 projectionBuffer[
3 nmBuffer [projIndex],

ol
H

Eé; fracti * L *
volumeBuffer[bufferIdx]l * attenRatic);

For the projection code, atomic functions are required. Some methods may use locks or
semaphores to do the same task. Some GPU languages, such as Metal 2 (as of 2019), do
not have atomic functions for floating point values, which eliminates the usefulness of this

program as a general projection operator.
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A.3 Projection Using Sphere VVoxels

1 i*
2 projeccl: This kernel performs a projection onto a set of projections.
3 MNote that there is no information about the angle of the
2 projection. This is bscausse the desector's iti and
5 normal wectors as well as the source's position and dirsction
& vectors take this into account. There are different data
7 types used in this ronel (VolumeInfo, Source, and Detector)
B that ars simple structs.
9 Paramsters:
10 dew float *wvolumeBuffer: The 22l data 1s stored hers.
11 dew VolumeInfo *wolumeInfoBuffer: Position, size, and number of woxels to be
used in the reconstruction image
1z device float *projectionBuffer: Projection data to be backprojected
13 const dewi *zourceBuifer: Positcion (=,v,z) and cone angle of the source
14 ‘detectorBuffer: Position, or ation, height, width, and
detector
15 *adjustmentFactor Denominator that the projection will ke
divided by.
1e 1intd id: Thread position im grid. Depending on the
language, this can sometimes be called from
the kernsl instead of as a params
17 -
B device float *pro
13 v
20 kernel woid projectl( device float *volumeBuffer [[buffer(C)]1],
21 const device VolumeInfo *wolumeInfoBuffer [[buffer(l)]],
22 device float *projectionBuffer [[buffer(Z)]],
23 device Scurce *sourceBuffer [[buffer(i)]],
24 device Detector *detectorBuffer [[buffer(4)]]1,
25 device float *adjustmentFactor [[buffer{:}l],
26 const uint? id [[ thread position in grid 1])
27 {
28 /f detectorMumPix: aid to calculating pi=elPos
29 /f PimelPos: Position of the pixel with respect to the first detector position
30 intd detectorMumPix = int3(detectorBuffer[l] .numPix¥, detectorBuffer[C].numPix¥, 0);
31 floatd pixelPos = ((floatd) (2 * (incd)id - detectorNumPix + 1) /
3z {{floatl3) (detectorMumPix) * Z_0)) *

floatd (detectorBuffer[l] .width, detectorBuffer[(].height, 1) +
detectorBuffer[(] .position;

/f Thread index
uint bufferldx = id.x + id.y * detectorBuffer[l] .numPixX +
id.z * detectorBuffer[C] . numPixX * detectorBuffer[0].numPixY;

/f To map the old detector pixel location to the new one, new (xHat, yHat, zHat)
vectors must be defined.
33 /f The normal wector of the detector will
4 // The detector and source will always be {0,1,0), which
is the axis of rotation. This is the old and new yHat. The y-wector crossed with the
detector's normal wector will always give the correct reference for the new xHat.

41 floatd =Hat = cross(fleoat3{C.0,L.C0,0.0),floatd (detectorBuffer[id.z] .nomal));
4z
43 /f To continue mapping the old detector pixel position onto the new reference, take

and z coordinates and multiply them by the new xHat, vHat, and =zHat

44 2 the positions of each cartesian directciomn

45 floatd =Pos = xHat * pimelPos.x;

4g floatd =zPos = (detectorBuffer[id.z].normal * pixelPos.z);

47

48 /f Bum these walues up and get a new position wvector.

45 floatd detectorPos = xPos + float3((0.0,pixelPos.y,0.0) + =zPos;
50

51 /f The wector from the source positiom to the detector positiom.
52 floatd sourcelirection = {(detectorPos — sourceBuffer[id.z].position);
53

54 /f Iteration wvariables

55 int3 index = imu3{0,0,0);

1

57 /f The distance from the woxel to the rawv.
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o

=1 float distToRay = LO0D0D.0;
59
[0 S/ B ratio used to help calculate distToRay. Calculated ocutside of ¢
time. The z-axis nseds no scaling. The y-axis nseds to be scalesd
auss that is & distance from of ter of a sguare to the corn
nzeds To be scalsd by sgro (3] becauss 12t is the distance from the center of a cube To
EY The nested while loops coming up are oriented with = on the outside, y in
t and  in the inside.
gl float3d realVoxelSideLength = float3(0.0,0.0,0.0);
82 realVonxelSidelength.x =
{float)volumeInfoBuffer-»size.mf (floact)volumeIlnfoBuffer->numVoxels . x*1 75,
63 realVoxelSidelength.y =
(float)volumelInfoBuffer—2size. v/ (float)volumelnfoBuffer-—>numVoxels. y*1 . 45;
o4 realVoxelSidelength.z =
{float)wvolumeInfoBuffer-»size_zf (float)volumeInfoBuffer-»numVoxsls . =;
oo
(1 S5 The real sizs of ch wvoxel (mm} divided bw 2.0.
67 floatd sizePerVoxel Pos = volumeInfoBuffer—»size f (2.0 *
(float3) (volumeInfoBuffer->numVozxels));
©od
L3 /f The current wvoxel's position

floatd voxelPos = 0;

/f The length of the source-to-pixel wvector
float lengthSocurceDlirection = length({sourcelirsction):

te the bounds for the loop
the detector pixel positions to wvoxel minMax iterations in esach dimension

81 /f The slope of the ray for this thread. Source-to-detector-pizel wector

g2 floatd slope = normalize (sourcelirectiom);

83

=4 /f This is wvital for narrowing down the loop min and max. From the scurce to the

r of the wvoxels is & certain length, x. If the size of the voxsls in mm ¥,
then we can find the ray"s position at = + v, and x - v tion of where thes
ray i1s right before it enters the voxsl spacs, and where iiately after. Once
that is obtained, the position can be conwverted to a voxel number, which will ke an
edge of the loop.
/i farBEdge is =z + ¥
float3d farEdge = slope * (length(volumeInfoBuffer->position -
sourceBuffer[id.z].position) + (sgrt(3.0) * volumeInfoBuffer-»size.xf2.0)) +
ourceBuffer[id.z] .posicion;

[
@ En

/¢ nearEdge is = - ¥

float3 nearEdge = slope * (length(volumeInfoBuffer->position -
sourceBuffer[id.z].position) - (sgrt(3.0) * volumeInfoBuffer-»size.xf2.0)) +
sourceBuffer[id.z] .position;

geVoxIndex = farZdge/(sizePerVoxelForlos
floatd lowBEdgeVoxIndex = nearEdge/(sizePerVoxelForPos

ts farEdge and nearEdge from a position to a wvoxel position
*
*

2.0}
2.0}

CTRE

S5 // Temporary wariable for sorting
=1 float tempEdgeVal = 0.0;
=l /¢ Bort through highEdgeVoxIndex and lowEdgeVoxIndex. If highEdgeVorIndex.a is
smaller than lowEdgeVoxIndex.a, switch them. The while loop increments from low to
high, so this is necessary for a working while loop.
99 if (highEdgeVoxIndex.x < lowEdgeVoxIndex.x)
{

tempEdgeVal = highEdgeVoxIndex.x;
highEdgeVoxIndex.x = lowEdgeVoxIndex.x;
lowEdgeVoxIndex . x = tempEdgeVal;

}
5 if (highEdgeVoxIndex.v < lowEdgeVozInde=.y)
Q E {

o
[ER

93



tempEdgeVal = highEdgeVoxIndex.vy;
highEdgeVoxlIndex.y = lowEdgeVoxlndex.y;
lowEdgeVoxIndex . v = tempEdgeVal;

}
if(highEdgeVoxIndex .z < lowEdgeVoxIndex.z)
i

tempEdgeVal = highEdgeVoxIndex.=;
highEdgeVoxIndex .z = lowEdgeVoxIndex.z;
lowEdgeVoxIndex .z = tcempEdgeVal;

}

/S Thess ars the actual paramsters
evaluate if the loop will be continued or not. The low index is subtracted by 3 as a
safety measure to ensure a wvoxel is not lost from the soclution. The high index is
added by 3 for the sams reason, just a safety measurs.

valX =int2{ lowEdgeVoxlndex.z + volumeInfoBuffer->numiVoxels.xf2 - 32,
highEdgeVoxIndex = + volumeInfoBuffer-»numioxels =/ + ;

valY =inc2({ lowEdgeVoxIndex.y + wvolumeInfoBuffer->numVoxels._ yfZ - 32,
highEdgeVeoxIndex.v + wolumeInfoBuffer—>numVoxels.v/2 + 2);

valZ =int2({ lowEdgeVoxIndex. = + volumeInfoBuffer-»numVoxels . =f2 -
highEdgeVoxIndex = + wolumeInfoBuffer-»numVoxels._zf2 + 2);

/S Checks to make sure that the bounds of the loop ars the bounds of the

voxel array

if(vali.x € OM{vali.x = 0;}
if(valY.x € Oy {val¥ . x = 0;}
if(vali.x € (¥ {valZ.x = 0;}
if(valf .y € Oy{val¥.yv = 0;}
if(valY.y € 0y {wal¥ . v = 0;}
if(vali.y € 0y{wali.v = 0;}
if(vali¥.¥ > (int)volumeInfoBuffer->numVoxels. x) {vall.y =

wvolumeInfoBuffer-»numWoxels x;}

if(valY.y > (int)volumeInfoBuffer->numVoxels _y){valY.y =
volumeInfoBuffer->numVoxels _y;}

if(vali.y > ( volumeInfoBuffer->numioxels_z) {valZ.y =
volumeInfoBuffer->num els.=;}

if(val¥.x > (int)volumelnfoBuffer-PnumVoxels_x){vall.x =
wvolumeInfoBuffer-»numWoxels x;}

if(valY.x > (int)volumeInfoBuffer->numVoxels.y) {vali.x =
wvolumeInfoBuffer-»numi el=_v;i}

if(vali.xz > ( wolumeInfoBuffer->»numiWoxels_=z) {wvalZ . x =
volumeInfoBuffer->nunVoxels. =z}

/f This is part of the calculation to give the exact wvoxel position. Because this
part of the calcul xel pos on, it is out of the loop
to optimize for speed.

float3d posTemp = (({(float3)volumeInfoBuffer-PnumVoxels + 1) * sizePerVoxelForPos);

on is not dependant on the

{/f This wvariable is being adjusted to be the size of a woxel, instead of half the

oxelForPos = I.0 * sizePerVoxelForPos;

ffvoxel wolume
float woxWVolume = sizePexVoxslForPos.x * sizePerVomelFfo

Fos.y * sizsPerVoxelforPos.

/S This i=s the radius of the spherical woxels. Currently the same area as a cubs
voxel.

float decisionThreshold = pow(voxVolume®3 0

/f Other possibilicies for decisi

* 3_14158265) ,(1.0F3.00);

on}

irection;
H¥sgrt{2.0}/2.0;

/f This is used by the ¥ and ¥ dimensicon
far ahead, to jump in the loop
float? closest = floatZ {10000, L000_0);

the while loop to know when, and how

/S The array location of the woxel walue needed
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158 uint loopID = J;

1559

180 /¥ This is used in the loop in commection to the 'closest' wariable abowve to Jjump
shead in the loop.

161 int3 temp = int3(0,0,0);

162

183 /f The starting index, or x-min for the z-dimension

1c4 index . x = vall_ x;

165 f

16k Loop ugh every voxel. If the ray is within a certain distance from a wvoxel, it
will contribute to the pixel on the detector. If it is t wit that certain
distance woxels, add the iteration wariabls in the Z-dimsnsion the distance to the

ide some speedup. BAfter the I-dimension has been iterated through, if a ray
ibuted to & pixel in that line, a jump in the y-direction will be

proportion to the clossst distance that a ray was to that line. If, in the entire
Y¥Z plane, no ray was hit, a jump in the X-direction will be pro ional to the closest
distance that a ray was to hicting that plamse. If a ray was hit in the z-dimension, no
jumps are made in the ¥ or ¥ dimension.

17 =

168 while (indsxz.x < wvalX.y)

1c53 {

170 S/ Bet ths v-min

171 index.¥v = wval¥.x;

172

173 S/ Bet the closest =-value to a high number so that it can be replaced with
smaller waluess._

174 closest.x = 10000,

175 while (index.y < val¥.v)

176 {

177 ff Setc the z-min

178 index.z = wali.x;

-

130 ff Set the closest yv—valus to a high number so that it can be replaced with
smaller waluess._

151 closest.y = 1000.0;

152 i

133 Do the calculations for index 511 in order to get complete data. IE£ this
is not dones, a hole in the closest.y and closest.x data occurs and a jump can be made
that is bigger than expected.

154 vy

185 ff Get the current woxel's position im £loatd (mm,mm, mm})

156 vorelPos = (float3(index.=,index.v,volumeInfoBuffer->numVoxsls.z - L) *

sizePerVoxelForPos - posTeamp);

-1

=
]
o

{f Calculate the closest distance to the ray. The shortest distance to the
ray will be magn[ (detectorPos - sourcePos) x (voxelPos -

SourcePos) ] /magn[detectorPos-sourcePos] . Where -—-> Sourcelirsction = (detectorFos -
SourcePos)

189 distToRay = lengthicross(sourceDirection, woxelPos —
sourceBuffer [id. el . position)) f lengthSourceDirection;

150

151 {//Ideal decisionThreshold for Sphere woxel: HNot currently used

152 ionThreshold =

t/ {float)detectorBuffer [0] .numPix¥ * length{vomelPos -
.position) /lengthSourcelirection;

15

154 ff If the distance to the ray is within a certain distance, add the woxel
wvalus To ths pizesl.

155 if{distToRay € decisionThreshold)

156 {

137 S Get the array ID for the wvaoxsl.

158 loopIDl = wvolumeInfoBuffer->numVoxels.x - 1 +

{volumeInfoBuffer->numiVoxels.®x — index.vy) * volumselnfoBuffer->numVoxels.x + (index.z) *
volumeInfoBuffer->numVoxels .y * volumeInfoBuffer-»numVomels. x;

S/ Rdd the woxel wvalus to the pixsl valus
projectionBuffer [bufferIdx] 4=
volumeBuffer [loopID]l fadjustmentFactor[0];

Fi*¥(2%sgrt (decisionThreshold *
decisionThreshold - distToRay*distToRay] )7/ /2.74;
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}

else
{
f4 If the distance to a ray is not close enough to count toward a
pixel, find out if it is smaller than the previous clossst wvaluss to a ray, and kssp
the smallesst valus.
closest.y = min({discToRay,closest. vl
closest.x = min({distToRay,closest.x);

}

while (indsxz.z < wvall.y)
{
f/ Current position of the womel
wvoxelPos = ((floaci)index * sizePerVoxelForPos - posTemp) +
volumeInfoBuffer-»posicion;

f/Ideal decisionThreshold for Sphere wvoxel: Not currently used
fldeeis
detectorBuffer (0] .hei

h
sourceBuffer[id.z] .position) /lengthSourcelirection;

{{float)detectorBufifez [0] .numPixK * length (vozxelPos -

S/ CZaloulate the clossst distance to the ray. The shortsst distance to
the ray will be magn[ (detectorPos - sourcePos) x (voxslPos —
SourcePos) ] /magn[dectectorPos-sourcePos] . Where --> Sourcelirection = (detectorPos -
Sourcelfos)

distToRay = lengthicross(sourcelirscticn, voxelPos -
sourceBuffer[id.z]l.position)) / lengthSourceDirection;

f/increment the counter by how far away the normal line is. If it is
l=2ss than 1 woxel, add it to the solution and then incremsnt by 1.

ff If the distance to the ray is within a certain distance, add the
woxel wvalus to the pixel.
if(distToRay < decisionThreshold) s/ (realVoxelSidelength.=/1.414))
{
ff et the array ID for the vozel.
looplD = index.=x + (volumsInfoBuffer-»numVoxels.x - index.y) *
volumeInfoBuffer->numVoxels . x + (index.z) * volumeInfcBuffer->numVoxels.y *
wolumelnfoBuffer->numVoxels . x;

S Bdd the wvoxel walus to the pixel wvalus
projectionBuffer [bufferIda] +=
wolumeBuffer [loopIDlfadjustmentFactor[0];//* (2¥sgrt (decisionThreshold *
decisionThreshold - distToRay*distToRay) )i/ /2.74;

// Becauss & ray i1s close, only 2
This is bscause & ray will be close to other voxels
contribute to the solution.

index . =++;

crement in the z-direction by 1.
in this arss and thevy may

}

elae
{

/f If the distance to & ray is not close enough to count toward a
pixel, find out if it is smaller than the previous clossst valuss to a ray, and kessp
the smallest valus.

closest.y = min(distToRay,closest.y);

closest.x = min(discToRay,clossst. x);

/f Temp.z is an int that will be added to the current =-dimension
iterator. It is the final woxel walus that the =z-dimension will jump. If the dist
to & ray is less than a wvonsl's size, only increment the iterator by 1, otherwise, add
the itsrator by the distance the voxel is from the ray. The farther from a2 ray a
is, the bigger the jump.

temp.z = (distToRay Jf realVoxelSidelength.z) - 1;

/f Be sure that the loop index is added by at least 1 so that it
does not get stuck.
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if (temp.z <= C){temp.z = 1;}
index.z += temp.z;

253 ff Jump in the y-direction by the closest distance from a ray.

Z54 cemp .y = closest_y/frealVozelSidelength. vy

255

256 f/ Be sure that the loop index is added by at least 1 so that it does not

if(cemp.y == 0}{ temp.v = L; }
index.y += temp.y;

-]
Ze }
2el
22 J4 Jump in the x-direction by the closest distance from a ray.
263 temp.x = closest.xfrealVoxelSidelength._x;
Lo
28k S/ Be sure that the loop index is added by at least 1 so that it doss not gst
stuck.
ZEE ifl(temp.x = 0} temp.x = 1; }
2e7 index.x += Temp.x;
}
}
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Appendix B: Regularization Technique for MLEM

This is taken from OPTI 637 Class Notes at the University of Arizona, taught by Dr. Eric

Clarkson:

Using cross entropy, which is also called the Kullback Leibler divergence, for the data

agreement term and regularizer:

M

o= ), (P = g + g In [ 775~

|} + e

Minimize f:

M

aan(f 9) = ;1{ mn = G (Eﬁ]} afn(f)—O

Another way to write this equation is:

M M
Z Hmn = Z Honn [(Hf)m] afn (f) =0

M=1 m=1

The sensitivity vector, s, is defined as follows:

Putting it in vector form:
s—HT (Hif) +nVeR(f) =0
Multiply both sides component-wise by f:
fs = £|ut ()| - nfosR(D
Hf
Component-wise division by s:

/=Ll (2] L
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Convert to an iterative algorithm:

k) k)
e = fs ! (H}goc)) - ”f ViR(f©)

Written in component form:

k)M

R i
R = ey, m”I(Hf“‘)) ~1 o R0
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