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Abstract

Implementation of Compressed Sensing Theory on Acquisition of Optical Coherence
Tomography @ Image Volume Data

Diego M. Song Cho

In breast cancer assessment, tissue removed during biopsy or susgeityto a pathology
lab for analysis. To achieve high sensitivity for detecting disease, the diagnostic gold standard
requires submission of a substantial portion of the resected specimen, whighirresldbor and
time-intensive process to obtain a diagnosis. There is an unmet need to identify regions o
diagnostic interest in breast tissue samples to increase the efficiency of the clinical pathology
workflow. al coherence tomograpl{fOCT), a noninvasive imaging modality capable of depth
resolved, higkresolution, andn vivo imaging of tissue at large fields of view, enables effective
assessment of this tissue. However, thieeetwaofold problem the largesize of resected tissue to
be imaged within clinical time constraints, and the high density of-aiuiensional OCT image
data. An approach that enables comprehensive imaging by reducing both imaging time and data
density iscompressed sensing (CS), a theory that enables ung#isg far below the Nyquist
sampling rate and guarantees high accuracy image recovergfdreetheobjective of this work

Is to demonstrate that compressed sensing techniques can be ap@€d tmagingto revise



current optical hardware and improve the efficiencyinohge acquisitionCSOCT has high
potential for significantly altering theresently establishegorkflow for breast cancer assessment

In this work, weprovethat current OCT systems require further reduction of data sampling
rate to enable effective integration die systemsnto the clinical pathology workflow. In
addition, we identif challenges associated with the matching of OCT and histologic data that may
be important to consider in the contexiroiivoimaging.

Further we demonstrateghe application of a novel and improved compressed sensing
algorithmcapable ofeconstruahg OCT volumesfrom highly undersampled imaging dawe
showthat these reconstructions preserve high spatial resolutiokegnidnagefeatures and we
illustrateits improvedperformance over traditional reconstructimethods.

Lastly, we integrate oucompressed sensing techniques to physical OCT hardware. We
demonstratea pilot OCT system that integratesfficient undersampling schemes with
subsequelyt successful B image reconstructiondVe evaluate acquisition patterns that take
advantage of the typical forward and backwseencycle of OCT systemt accomplismative
subsamphg of target data to vging degrees of compression. Using @8-OCT algorithm, we
successfully reconstruct OCT image volunesd demonstrat@ualitative and quantitative

preservation of image quality down to compression levels of 5% of total data.
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Chapter 1: Introduction and Background

Many works prior to this have investigated the use of optical imaging for breast cancer
assessment and for improvements in the clinical workflow. This dissertation primarily focuses on
the application of computational techniques for streamlining and imprdvingnage acquisition
and subsequent processing of imaging data in optical coherence tomographysy®€ins for
the purpose of breast cancer tissue assessment. Before diving deep into the investigative endeavors
detailed in this work, we first review the motivation and background behind this dissertation. This
section will describe the standard of csebreast canceffom screening and initial staging of
the diseas# the treatment of earistage cancer. We will also describe the biological, operational,
and physical challenges faced by clinicians treating this disease, which further motivadekthe w
described in the rest of this dissertation. Furthermore, we also review past works in optical imaging
that describe the accomplishments and the challenges of OCT imaging when applied to human
breast cancer imaging within the constraints of clinicalkwbmally, there is a brief overview of

the overarching goal and coming chapters of this dissertation.

1.1 Motivation

Breast cancer is the most common cancer found in women, and the second leading cause
of death from cancer in womé¢f] in the United States alone, there are over 310,000 new cases
and over 42,000 deaths each ygjr As with most malignancies, early detection is the most
effective way to manage patients who suffer from the disease. New diagnostic methods are actively
in development to improve detection of breast cancer at an early stage, when it is treatable, and for
survival rates to remain as high as possible.

Clinical imaging is important for the early diagnosis and treatment of breast carregr. X

mammography is a standard screening method for reducing breast cancer nigjtalitigen a
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suspicious mass is found, clinicians perform tests to confirm and stage the disease. Among these
tests, biopsies have proven to be the most reliable to determine whether a mass is cancerous. While
biopsies are diagnostic and can be comfortably performidntiavenous sedation and localized
anesthesia, they are invasive. Once diagnosed, patients undergo lumpectomy or mastectomy to
resect the tumor, while attempting to minimally remove normal tissue. A traditional intraoperative
assessment method that ha®ained attractive to clinicians is that of frozen secfiéys]. During

an operation, tissue is resected and transferred to the pathology lab directly from the operating
room. There, it is placed on a freezing microtome machine where the bottom of the sample is
frozen within seconds. Slices of tissue are extracted finenfirozen section, prepared on a slide,

and placed under the microscope for review by pathologists. In many medical centers, the full
process can take at least 24 hours to comf@gtd he clinical pathology workflow from screening

to histology slide creation is depictedrigurel.

Specimens excised
(a) (b) & sent to pathology (C)

Block generation

YV L=
; (LA

\\\\- "ﬁ:’ - l

Gross examination of specimen Sectioning & Staining

\ Histology slide review
o

Histology cassettes

Patient with suspicious
mammogram undergoes

biopsy ROIs

T
B

Figure 1. Clinical pathology workflow for patients suspected of breast cancer. (a) A patient with
a suspicious mammogram undergoes a core needle or surgical biopsy, from which tissue is
removed. (b) Specimens are excised in serial sections {lo@f@aty) and examied grossly
(visual and by palpation) for regions of interest to be placed in histology cassettes. (c) Cassettes
are sent for block processing, sectioning, and staining to create H&E microscopy slides.



As breast cancer screening rates have increased thanks to procedural refinements, smaller
and more numerous lesions have been identified earlier. In many cases-sfaggalgreast cancer,
breastconserving surgery (BQSs the treatment of choice. BCS involves the local removal of
tumors and surrounding, disedsee or negative marginf7]. BCS not only preserves the
appearance of the breast, but also offers a shorter recovery time for g&jedjtsAfter the
procedure, excised tumors are sent for pathological assessment to determine margin status. Under
the current standard of care, positive margins are still frequently identified during pathological
examination, requiring repeat surgeries to ctearmargin. Rexcision can also be prompted by
the appearance of ductal carcinoma in situ (DC#h earlystage, localized condition of the
cancer. DCIS unfortunately does not have a clinical correlation and is underestimated and may
remain undetected radiologica[l%0, 11]. Overall, this leads to increased healthcare costs as well
as both physical and psychological stress for patigti?s13].

High re-excision rate in the treatment of eashage breast cancer candi&ibuted to a
lack of adequate intraoperative tools that can accurately detect the presence of residual cancers at
the marging14-20]. Tumor margin assessment is thus a crucial concern in the consideration of
breastconserving surgery, in order to avoid margiereision and to reduce the risks of localized
recurrence of breast carcinomas. While postoperative histopathology is tretagldrd method
to detect residual cancers on excision specimens, it can take -Updays to process and does not
assist intraoperative clinical decistomaking.

There are no redgime and nordestructive intraoperative tools that can quickly assess the
microscopic state of tumor resection margins, but many techniques have been studied in recent
years to evaluate the tumor margin so that it can be cleared erRieglypgraphy and ultrasound

arereadily availabletools, but they have not been implemented extensively in BCS due to low



accuracy and operational difficulties. Radiography has the lowest diagnostic performance for
intraoperative margin assessment, with difficulty separating tumor and normal surrounding breast
tissue in cases with high breast dengti+25]. Ultrasound, despite higher performance levels, is
limited by its high dependence on operator techn[j@6g difficulty in detecting DCIF21, 27],

and the risk of false positive findin¢28]. Blot cytology is timeconsuming and cannot identify
lesions close to the surface of the excisj@f, 30]. Similarly, frozen section analysis is not
recommended due to extensive time, organization, and accuracy cdB&e3dl despite its high
resolution. Raman spectroscopy, a chemical analysis technique, is also not suitable due to slow
collection times and the inability to sample entire madi8b, 36]. Fluorescence imaging
techniques have limited field of view and depth, making them difficult to apply for deep tissue
localization[37]. Diffuse reflectance spectroscopy, a method used to collect scattered infrared
energy from fine structures, has limited resolution to detect miekai lesiong38]. Reflectance
confocal microscopy (RCM) is nenvasive and reaime-able, with high reproducibility and
resolution close to histological standaf@9], but it lacks penetration depth (typically between
0.2-0.3mm). Because of this, RCM cannot be used to determine deeper margins and more distant
tumors[40, 41]. All these mentioned technologies are unsuitable for margin assessment in breast
conserving surgery, due to lack of either sufficiently high resolution, deptived information,

or speed of acquisition and processing, all of which are important factoosigmer jointly for

effective cancer margin assessment.
1.2 Imaging Applications for Breast Cancer

Imaging is now an essential technique to identify breast tumors and to accompany breast
cancer therapy. Imaging is also increasingly used for breast biopsies. Adopted since the-1970s, X

ray mammography is one of the most important advancements in thee2@tiny in the clinical



detection of cancer, and remains the method of choice to screen women who show no signs or
symptoms of the disease (preventative imagiff)]. Additional imaging methods such as
ultrasonography and magnetic resonance imaging MiR# frequently used in adjunct to
mammography. In the past few decades, many other approaches have been attempted to improve
breast cancer diagnosis and treatment outcomes. These imahmles types obptical imaging,
thermography43], and elastographi#4]. In seeking guidance methods to improve outcomes for
breast cancer diagnosisnaging methodsvith distinct advantages have been used for breast
cancer studies over the years. Generally, they seek to detect tissue abnormalities with good
accuracy, and provide a viable alternative to intraoperative pathology studies foityissue
discrimination ad breast cancer diagnosis.

Radiographic approaches exploiD2x-ray projections to image tissue and depict contrast
based on the attenuation of the beam passing through the tissue. Standard of care involves using
x-ray projections to guide placement of surgical wires to localieecémter of apparent lesions
and to verify that the lesion is contained within specimens of interest. A study has found that
intraoperative digital specimen mammography did not reduce operation times compared to
conventional specimen mammography, butdtldad to a significant reduction in positive margins
[45]. Multiple radiographic images are acquired in orthogondd Riews to obtain D
information. Intraoperative specimen radiography has yielded a sensitivity of 41% and a specificity
of 78% with 2D imaging, and a sensitivity of 47% and a specificity of 7@ 3-D imaging for
positive marging46]. While specimen radiography can reduce the numbereXaisions, it can
also generate many false positive findings, leading to excessive tissue removal. Another study has
shown that digital breast tomosynthesis was better at identifying regions aveéncascer. In

tomosynthesis,xay projections are used at different angles fbriBformation to create an image



stack of crossectional images rather than orthogonal imadg|. X-ray imaging is
conventionally accepted and used ifowvivo breast imaging, as it provides volumetric data with
good fat vs. tissue contrast that can be readily interpr8idutleties in radiological readirage

also now welldeveloped, and radiology consults are available at most medicakceitetations

to radiography, however, include lack of specificity for tumor versus dense fibroglandular tissue,
which lead to diminished accuracy for cancer margin asses§f@nt

Another form of radiographic projection imaging is mi€®. Micro-CT uses xay
projections simildy to conventional CT, but has higher resolution in the micrometer scale, making
it useful for margin and microcalcification assessment. Its primary advantage -Overrdy
projection imaging is high sefissue contrast, but it is still limited in discrimaiting tumor and
fibroglandular tissue. Micr&€T has been used to image resected tumor tissue, shaved cavity
margins, and auxiliary lymph nodes in breestserving surgerj4852]. It has also been
combined with other imaging systems, such as spatial frequency domain imaging[&FDI)

Spatial frequency domain imaging (SFd)so known as structured light imaging, projects
patterns of light at different spatial frequencies to assess the surface of speidietecs obtained
through it include attenuation coefficients, reduced scatter coefficient, oxygenated and
deoxygenated hemoglobin concentratipp3. The primary advantagef SFDI is its widefield
process with rapid acquisition and ceffectiveness. It can distinguish benign from malignant
samples with great specificity to pathology subtypes (fibrocystic disease, fibroadenoma, ductal
carcinoma in situ, and invasive cancg¥4]. While it is a powerful tool, SFDI is limiteby its
surfacelevel sampling (hence not volumetric) and a lack of chemical or molecular information.

Fluorescence imaging is the process of recording the light emitted by molecules that have

absorbed energy from another source. In the context of breast cancer imaging, this type of imaging



usually involves the injection of a fluorophore, followed by imaging (during surgery or after
resection). In a small sampdéze study, neanfrared fluorescence imaging was performed using
methylene blue based on the observation that methylene blaeguefitly taken up by malignant
cells more prominently and washed out more quickly in benign t[&&lieAnother fluorophore
commonly used for sentinel lymph node tracing is indocyanine ¢&&nThere also have been
labelfree fluorescence imaging techniques, such as autofluorescence imaging, which involve
capturing light emitted by natural sources in the b§&dy. Fluorescence lifetime imaging (FLIM)

iIs another form of labdlee fluorescence imaging that measures emissions over time post
excitation of fluorophores and distinguishes them based on their emission lifetime. FLIM has
achieved high sensitivity and sjifexty in identifying cancerous, fibrous, and adipose tissue from
breast cancer specimgfis8]. Combining FLIM with monitoring of intrinsic fluorophores such as
nicotinamideadenine dinucleotideith hydrogen(NADH) andflavin adenine dinucleotidg-AD)

have proven potent for cancer metabolism monitoring, with even more sensitive applications in
cases of glucose depravatifs9, 60]. Fluorescence imaging shows promise in posithargin
reduction due to its high selectivity for targeting tumor cells and its ability to dameaimaging.
However, it also poses gootential for invasigness inprocedures involving injection of
fluorophores, as well as potential toxicity of certain organic fluorophores, and imaging depth
limitationsdepending on absorbance disadvantages among fluorophores.

Magnetic resonance imaging (MRI) achieves high resolution and high sensitivity relative
to mammography. Though recommended as a supplement to mammography for screening high
risk women with very dense breast tis§6&], MRI has a high falspositive ratd62]. Contrast
enhanced digital mammography has also proven useful, but is not typically used in surgery due to

limited usability and availability63]. Ultrasound imaging is wedtstablished for guiding needle



biopsies for lymph node and breast lesion assessfédht It has also been proposed for
intraoperative tumor margin assessniéb}. However, ultrasound is not suitable in all situations,
as it cannot detect microcalcifications in cases sftu breast cancer. There have also been many
recent developments in the manufacturing of portable andctsiv optical imaging devices
capable of providing valuable structural and functional information necessary for integad
assessment of breast cand@ther applicable optical imaging techniques include diffuse optical
tomography[66], diffuse optical spectroscopp67], photoacoustic tomographj68], optical
coherence elastographg9-79], and optical coherence tomogragB{].

Optical coherence tomography (OCT) is an imaging modality that achieves a resolution
high enough to resolve down to micrometric structures, and imaging depths of up to a few
millimeters into tissug81]. In addition, it can reach retine acquisition speeds and can be
compatible with miniature imaging probes. It is a modality with commercial and clinical uses well
established in ophthalmolog82] and cardiology83]. The potential of OCT as an intraoperative
margin assessment tool for breast cancer has been increasingly inveg3igs3é@7]. Moreover,
ultrahigh resolution (UHROCT has been shown to differentiate diseased breast tissue from
healthy tissue and has been used to identify important tissue features, as can bEigaesin
It has also shown promise to be accurate in deep learning and convolutional neuralhasgdrk

studieq88-90].
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(TDLU). Malignant features include a subtype of invasive ductal carcinoma (IDC), known as
mucinous carcinoma. Insets are zoorrediews of the adipose region and canogls Insets
cover 0.3mm x 0.33mm area. Scale ba

Studies to first establish the connection between OCT imaging and breast tissue structure
focused on assessing visible features in normal and malignant breast tissue, as well as lymph nodes,
with validation by histology.

In 2004, Boppart and colleaguéd, 92] first demonstrated the feasibility of OCT imaging
for basic research of breast cancer, when they performed imaging of mammary tissue in a
carcinogerAnduced rat mammary tumor model and successfully distinguished subtypes in normal
and pathological breagssue microarchitecture, such as adipose, glandular or solid tumor mass,
ducts, and tumor margins. They also demonstratesirong correlation with corresponding
histopathology.

Subsequently, rapid development of novel computational analysis and acquisition methods
for OCT-based imaging of breast tissue ensued in following \@&987]. Furthermore, studies
transitioned from the animal model to the study of human breast tissue, by comparing normal tissue

to benign and malignant lesions through OGEdan image§80], inspectingen face(x-y plane)
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images from optical coherence microscopy (O@8%], and performing fuifield OCT (FFOCT)
[85]. The high resolution of OCT images allowed identification of microarchitecture features, with
distinguishing of structures like lobules and ducts.

A study in 2007 by Hsiung et al. qualitatively investigated histological features of breast
cancer tissue with respect to the intensity encoded in OCT imji@ges$n this study, the authors
performed 3D OCT imaging on freshly excised breast tissue specimens without contact with the
tissue. Normal tissue imaging depicted adipose, fibrous stroma, and mammary glands and lobules.
Analysis of OCT images showed thatidi-filled adipocytes appeared with low scattering with
well-defined, andhighly scatteringoorders. On the other hand, fibrous stroma, the connective
tissue containing collagen in the breast, exhibited higher scattering levels with intensity variations
proportional to collagen fiber density. Mammary glands appeared with medium levels of
scatteing, between that of adipose and fibrous stroma. While glands were difficult to distinguish
from singular 2D images, @D volumes elucidated the structure of a terahiductal lobular unit
(TLDU). In malignant tissue, collections of malignant cells within ducts and lobnle#l) also
exhibited lower scattering than fibrous stroma. Overall, this study demonstrated the first, large
sample visualization of normal and pathologic human breast tissue via OCT imaging, with
resolution as small as 204

Additional studies further described the appearance of breast carcinomas under OCT
imaging. Zhou et al. showed thatsitu carcinomas distorted the normal appearance of ducts and
lobules by expanding and occluding luminal spa@4. In infiltrating cancer, tumor tissue
exhibited higher scattering than for thesitu case, due to its infiltrative behavior triggering a
dense fibrous stromal reaction known as desmoplasia. The joint tumor and fibrous structures

significantly distorted the normal appearance of adipose and glandular tissue; this change was
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shown using fulfield OCT by Assayag et §85]. In this study, FFOCT combined a wide field

of view (FOV) and the inherent high spatial resolution provided by OCT. A wide FOV was
accomplished by scanning samples on a mechanical platform that allowed the creation of mosaics
of en faceimages that were subsequently stitched to display a large area. This system, however,
required an ampl€0-minute warm up time for proper field illumination and function of the
mechanical system, as well as an additioralr@inutes for sample positioning and 7 minutes for
acquisition and stitching of images.

Other functional extensions of OCT have been investigated, such as polaisesisaie
OCT [98-105 and optical coherence elastograpiig, 73-79]. Polarizatiorsensitive OCT (PS
OCT) uses the measurement of deptholved polarization states of backscattered light. It can
guantify tissue birefringence, which is the o
with changes in the polarization state of an incident lighanyibiological tissues exhibit this
phenomenon, particularly with dense, organized, and colegetaining connective tissue.
Verma et al.[10q found that healthy breast tissue exhibits higher birefringence compared to
malignant tissue. Subsequent studies have demonstrated the potenti @GRS a higtspeed
imaging system that can differentiate birefringence properties of human breastirtissath
normal and pathological conditiof$9, 101-103.

These applications have been supplemented further with machine learning and automated
image analysis to improve diagnostic accuracy and achieve faster processing speeds to be suitable
for intraoperative applicationgl04, 105. Optical coherence elastography (OQiobes and
measures the mechanical properties in tissue. With OCE, it has been found that it is possible to
identify the denser, and more stiff tissue regions, which were conversely poorly differentiated in

OCT along75]. OCE-enabled needle probing has also been demonséatedoon human tissue,
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extending its potential as a surgical tpal]. An improved form of OCE, named optical coherence
microelastography (OCM): has also been recently preserté?l 106-11(0. OCME has shown

the ability to identify invasive tumors with enhanced contrast compared to OCT, in addition to
differentiation of typical breast tissue subtypes and structures.

These studies provide important background for this dissertation, by showcasing the
potential of OCT for routine use in breast cancer imaging, the importance of high resolution for
differentiation of normal versus cancerous and among different tissugeslaiyd structures, and
the need for regtime, large field of view, volumetric imaging. Despite these studies demonstrating
said potential, the technology still may still take several minutes to scan small tissue samples and
cannot scan entire excised tors within the stringent time constraints of the pathology clinical

workflow.

1.3 Purpose of this Work

Current OCT technology is neither fast nor efficient enough for rapid, intraoperative
acquisition and pathology assessment. Even coupled with automated OCT image interpretation
[97, 111-117) the strict time constraints prevent these systems from being deployed in the clinical
environment. While studies have demonstrated the potential of OCT to beiemesaiethod for
intraoperative work, current systems are not quick enough to scan andspentee excised
tumors within the workflow.

The work in this document builds upon previous developments in compressed sensing
theory, a signal processing technique that enables reconstruction of highly undersampled images
at full resolution and highccuracy and@onjoins it with available higlspeed and highesolution
OCT imaging technology in order for OCT to become a viable pathology assessment tool.

Compressed sensing can greatly reduce imaging time, by enabling undersampling far below the
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Nyquist sampling rate. This approach can enable fast and comprehensive OCT imaging of large

surgical specimens that captures subcellular features and overall tissue architecture.

1.4 Dissertation Overview

The dissertation is organized into various chapters relevant to aspects of the projects to
fulfill the goal of this work.

Chapter 2 is dedicated to describing the fundamentals of OCT imaging, with an overview
of the modality, its types and implementations, as well as the technical context and characteristics
of spectraldomain OCT, the type of system that was used througheutvestigative endeavors
covered in this dissertation. The chapter further describes the formation of the interference signal,
as well as the optical characteristics that
chapter then delves mthe basics of compressed sensing theory, which is a necessary foundation
for subsequent Chapters 4 and 5, which describe the application of this theory to make
undersampling below the NyquiShannon sampling criterion possible and thus enabling
acquisiton schemes that can drastically reduce the amount of data required in the formation of
OCT image data.

Chapter 3 describes a clinical study focused on imaging clinical pathology specimens,
primarily breast lumpectomies, with a statiethe-art OCT system that enables large field of view
imaging at high resolution and high speed. Such an imaging expeisnestded to prove the
hypothesis that current OCT systems require further reduction of rate of OCT data sampling, in
order to accomplish effective integration of OCT into the clinical pathology workflow. In addition,
the chapter evaluates the speed andoguisition time required of our OCT system for imaging
all cassettes with surgical tissue specimens. The chapter also analyzes texture features and their

relations to pathologhased image annotations and categorization of tissue by risk.
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Chapter 4 describes the application of a compressed sensing algorithm developed in our
lab to reconstruct prexisting OCT volumes of human normal breast and breast cancer tissue. This
study aims to prove that compressed sensing techniques can be dyfapiphed to synthetically
undersampled OCT image volumes and fully reconstruct them. The study demonstrates that these
reconstructions preserve high spatial resolution and quantitative texture features, and show
improved performance over traditional das@mpling and interpolatiebased reconstruction.

Chapter 5 describes the design and testing
compressed sensing techniques to highly undersampled imaging data. Thisf{o@udept
system makes use of customized scan patterns to fulfill the sparsityi@on@iguired for
successful compressed sendoaged image reconstruction, and we compare the resulting
reconstructed images tolly sampleddata.

Chapter 6 concludes the dissertation and provides a brief overview of the future directions

of this work.
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Chapter 2: Fundamentals of Optical Coherence Tomography

In this chapter, we review fundamentals of optical coherence tomography (OCT) and
include an overview of variants within this imaging modality, and develop an understanding of
image acquisition, with specific focus on algorithms and methods forléwgh and mult
dimensional processing of OCT image data. OCT was first demonstrated in 1991 by Huang et al
[8]]. It has since been demonstrated amanvocapable optical imaging modality, with imaging
performed at microfevel resolution and a large field of view several times that of traditional
microscopy, volumetric scanning at depths & @m[11§, and videerate imaging speed 19.

These characteristics of OGTits in vivo capability, its resolution, and its large field of viéw

have warranted its recognition as a valuable research and clinical application tool.

2.1 Overview

Optical coherence tomography is a thdemensional, nofestructive, nofinvasive, and
micrometesresolution capable optical imaging technique. It is based oncdherence
interferometry, in which lowcoherence, neanfrared light is sent to a sampknd backscattered
light is detected and arranged to produce an image. OCT closely resembles tkiowall
Michaelson interferometer. The imaging modality works by splitting the source light into two
paths, referred to as the reference arm and the samplé&ight on the reference arm is reflected
by a mirror. Light on the sample arm strikes the sample, and reflected light is collected on the same
path. When reflected light from each arm meets, the optical phenomenon of interference occurs.
When both lightwaves are coherent, the waves add to each other, and the resulting wave is

described by the equatidr@low.

O Oi Oi ¢ Ol Ol W&ol %ol (21)
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The cosine term in the equatiaboverepresents the interference term and the fundamental
component of the OCT signal. By manipulating the mirror on the reference arm to match the path
lengths of the reference and the sample arms at given points, the argument of this cosine term is
nonzero fo sample reflectors with an index of refraction different from air. Different path lengths
can be matched as such, and a depth profile of the sample can be obtained by repeating this
measurement. The aggregated measure or depth profile is calleditiee @ptical instruments
like galvanometers or galvos can be used to scan the source beam in one dimension or two

dimensions, to create a tomographic image (calleeseaB) or a volume, respectivelyigure3).

A-line (1D, Axial Scanning) Volume (3D, XY Transverse Scanning)

depth

intensity

Figure 3. Optical coherence tomography scans in multiple dimensieBssdanningz) over
axial position to create Aines; 2D transverse scanning-éxis) to create crossectional images
called Bscans; and-B rasterscanning across xgxes to create image volunid2Qq.

In a way, OCT combines the best advantages from microscopy and ultrasound in a single,
customizable imaging modalityFigure 4). Ultrasound, which is a commonly used medical
imaging modality, can achieve -110 cm image penetration and 10 gni mm resolution.
Microscopy has much higher resolution, under 1 um, but highly reduced image penetration (under
1 mm). OCT fills a gap beteen these two imaging technologies and enables a unique application
in both research and in the clinical setting. Ultrasound and OCT are analogous in that when a beam
of incident sound or light strikes tissue, it is backscattered differently dependihg @arying

acoustic or optical properties of the sample's structures and boundaries. The internal structure
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dimensions are determined by measuring the "echo" time it takes for the incident beam to travel

different distances.

1 mm -
Standard
Clinical
100 um - ULTRASOUND
@
= High
5 Frequency
|_
- 10 um |
O
@ OPTICAL COHERENCE
s TOMOGRAPHY
1 um - .
CONFOCAL
MICROSCOPY
100 um 1 mm 1cm 10 cm

IMAGE PENETRATION (log)

Figure 4. Comparison of OCT, confocal microscopy, and ultrasound with respect to resolution
and image penetration depth. Confocal microscopy offers high resolution at the expense of
penetration depth. On the other hand, ultrasound can image deeper, but withgsmbuéon.
OCT spans an axial resolution from 1 um to 15 um with several millimeter penetration depth. It
fits between microscopy and ultrasound, making itseiled for applications that require high
resolution and large imaging degti21]

Thanks to these characteristics, OCT has become a standard of care in ophthdaBiihlogy
and has seen promising results in other fields, including cardipl@®$), gastroenterologf123,

dermatology{124], and surgery125.
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2.2 OCT Types and Implementations

Since its invention, multiple types of OCT have been developed, applying different designs
and scanning methodologies to alter the input and output parameters of the imaging modality. The
aforementioned optical arrangement, resulting in-¢mierence intéerometry similar to the
Michaelson interferometer, resulted in the earliest form of OCT technologydomain OCT
(TD-OCT). In TD-OCT, the light from a lowcoherence, broadband, continueusve source
(typically centered at a wavelength of 800 nm or 1300 nm) is sent te@olanizing beansplitter
andseparated into the reference and sample arms. The mirror in the reference arm is mounted on
a motorized, piezoelectric stage that moves to match the path length of the sample arm,
corresponding to multiple depths in the sample. The reflected light frédmabmsis recombined
and the total signal is detected at a siuflannéphotoreceiver. The acquired depth profile, which
Is encoded based on the longitudinal translation of the reference arm as a function of time, is called
the interferogram.

Based on the Fourier diffraction theor¢i®6, Fercher et al[127] deciphered that the
depth profile of a given sample could be obtained by conducting a Fourier transform on the
measured scattered spectrum; in other words, scanning the reference arm in the spatialislomain
equivalent to scanning the interference signal in the wavenumber deifo#iowed by a Fourier
transform. As a result of this finding, two other widely used types of OCT have been developed
and used over decades. These two are collectively called FDameain OCT (FBOCT). They
are swepsource OCT (S®CT) and spectratiomain OCT (SBOCT). In FD-OCT, the reference
arm remains stationary and is fixed at a distance equivalent to the approximate location of the

sample.
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In SSOCT, the light source sweeps across a range of wavelengths, effectively being a
rapidly-tunablelaser, and the frequency sweep encodes different time delays. The light is directed
to a stationary reference and sample arms, and the interference signal is detected by a
photodetector, similar to that of FOCT [128 129.

In contrast to the former, SDCT employs a continuouwsave, lowcoherence light
source, and the spectral interferogram is captured using a spestqadlsated detector, a
spectrometer, which uses a diffraction grating to split the constituent wavelefdttist and
projects the light onto a detector array of a complementary 1meti¢ semiconductor (CMQS
line-scan camera. The primary advantage of acquiring the interferogram using a spectrometer is
that it discards the need for mechanical movement in the reference arm, and experiments have also
shown SDOCT to have increased sensitivity, thus enabling-Bgeed OCT imaging experiments
[130-137. Due to this sensitivity advantage, SBCT opens the door for clinical applications
where high speed is a requirementifovivoimaging.

2.3 Image Acquisition

For the remainder of this dissertation, we will concern ourselves wHBOGDsystemsas
it is best suited for our higepeed and highesolution imaging experiments. To further understand
the image acquisition process in OCT, we take a closer look at the theory behind signal formation
in SD-OCT.

Once a raw interferogram is collected at the spectrometer, some signal processing is
required to convert it into an interpretable depth profildif&). Equation 2.lcan be rewritten to

fit the SD-OCT case, as follows:

0Q 00 00 ¢ 0QO0QB| G&étht (22)
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wherek is the wavenumber and is the square root of the reflectivity of the sample at particular
depthd . The aline is obtained by computing the inverse Fourier TransforBqofation 2.2.

Oy 0Qs ® ¢ s 1 m Bl 1 & « B 1 a ¢ 00OT0 (23
where® & is the envelope of the coherence function. The second and third terms of the equation
represent the signal of interest, which is generated from the interference between the light of the
sample and reference arms. The two terms are mirror images of eactsotone can be discarded.

The fourth and final term represents autocorrelation noise from the interference within the sample
arm. It is reduced by increasing reference arm power with respect to the signal.

To produce the interpretableline, envelope detection is first used to identify and filter
out the envelope of the coherence functiomy, . The DCcomponent of the speatrdatais filtered
through offset correction to isolate the interferogram. Then, the corrected spectrum is windowed
and resampled evenly inrdpace or wavenumbspace, resulting in a complex axial profile of the
sample. Finally, the-bne is created by computing the magudie of this profile and expressing it

in decibel units. This series of processing steps is showigume5.
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2.3.1 Resolution
A unique aspect of SIDCT is that the mechanisms that affect axial and lateral resolutions

are decoupled, thus allowing design changes depending on the wgephcation.

The lateral resolution of a system is the minimum distance between structures that can be
distinguished in the lateral direction. It is typically determined by the diffratitaited spot size

of the beam focusing optics.

The numerical aperture (NAoartially determines the lateral resolution of an OCT system.
Numerical aperture encompasses the range of angles over which an optical system can accept or

emit light. It defines the lightapturing ability of the objective lens and is defined as
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D0 &0 Q& (2.4)
wheren is the refractive index of the medium in which the lens transmits light (e.g. for=air
for watern = 1.33, for tissue = 1.4), and—is the maximum halfingle of the cone of light that
can enter or exit the objective lens. Low NA allows a narrower cone of light to pass through and
focus the light deeper into the sample, accounting for increased penetration depth, but there is a
loss oflateral resolution. Conversely, high NA vyields higher lateral resolution but reduces the

depth of field by dcreasing light penetration. In OCT, low NA objectives are employed often to

provide a longer depth of focus.

Low NA

2,‘1'_2[% High-NA

2wy

) / \
Figure 6. Lateral resolution is determined by the spot size of the incident beam. The numerical

aperture (NA) of the objective |l ens deter min
tradeoff between lateral resolution and axial field of vjé@4].

The lateral resolutiori, @is mathematically defined as the fulidth halfmaximum

(FWHM) of the point spread function of the sample arm beam at the focal plane. Assuming a

Gaussiarshaped beam profile, the lateral resolution is the beam diameter at half maximum.
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wherewo is the radius of the beawaist (where the intensity of light drops t@?})/ f is the focal

length of the lensd is the diameter of the beam entering the objective;_ani$ the center
wavelength of the light source. The numerical apertNi, is approximately equivalent te-

when the numerical aperture is small, which is applicable to the case of OCT.

Conversely, the axial resolution is the minimal detectable distance between structures in
the axial direction. It is primarily determined by the coherence properties of the laser source, and
the sampling scheme of the signal at the detector. In OCT xihler@solution is the rounttip

coherence length of the source, and can be written as,
T a —— (2.6)

where_ is the center wavelength of the light source and determines penetration depth as
previously describedy _is the bandwidth of the light source. To achieve high axial resolution,

short center wavelengths and broad bandwidth can be chosen.

2.3.2 MulttDimensional Imaging

Throughout the work presented in this dissertation, rdidtiensional OCT data is
processed in various ways. In SBCT, two forms of multdimensional datareused frequently.
Firstis volumeric image datawhich compriseimaging data mapped in[3 spatial coordinates.
We canexpresssuch a volume a®ufuivt , whereaftoare lateral dimensions ardis the axial
direction, parallel to which-bBnes are captured. Therefore, by conventiogiandw emapped 2
dimensionalimages are called-gcans, whilew emapped images are callah faceimages

(equivalent to a togplown view of the tissue sample). In a volumetric OCT image acquisition
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process, OCT systems typically usexs scanning (enabled by a galvo) to acquiscBns that
are equally spaced apart from one another. The spacing is set such that resolution is preserved
laterally. The second type of muttimensional OCT data is tirlapse image sets. In this latter
case, data is acquired repeatedly by scanning over the same area through a set time interval to
capture timedependent processes. In this dissertation, this latter form ofapse OCT datés
not explored.

An advantage of OCT over microscopy and other imaging modalities is the combination
of resolution and field of viewWith this advantage, it is possible to image large samples, such
that the lateral dimension covered in imaging far exceeds the maximum possible field of view of
a single volume. This means that imaging can span up to several square centimeters irylength, b
acquiring multiple adjacent image volumes of a target of interest and performing stitching or
concatenating operations to form a singlesaic volumeMany have proposed and implemented
image stitching algorithms to accomplish mosaic volume creft®h143. A common approach
to mosaic volumess the presence of spatial overlap between adjacent volitesdded (manual
or automated) image processing to combine image information in the overlapping regions.
Throughout this dissertation, this approach is used for image registration, alignment, and stitching

to create stitched, mosaic volumes represestati entire tissue samples.

2.4 Compressed Sensing

Though 3D OCT has shown potential for reihe capture of images with micron level
resolution over a large field of view, in standard Nyg&kannon sampling schemes fully
sampled signal required at least twice the bandwidth of the $ibdl Thisrequires a long data

acquisition time and many measurements. A typical OCT image volume can contain over 100
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million pixels of information. The data requirements of OCT imaging experiments in mosaic
imaging[145, 146 and realtime acquisitior[147, 148 can exceed the throughput capabilities of
image acquisition hardware. Furthermore, given the large size of tissue samples in many clinical
settings, OCT procedures in these settings may often require undersampling to achieve coverage
of large fields of vew within limited time constraints. These reasons motivate developing
specialized solutions that can handle large amounts of data within operational constraints for image

acquisitionin various settings, such as the clinical setting.

2.4.1 Theory

Compressed sensing (CS) is a technique within sparse representation theory founded on
the premise of reconstructing an image from a highly undersampled set of data points to full
resolution and high accuracy under certain assumptions. The main assumgpivesrthat the
reconstructed signal must be sparse in some [das(seeFigure?). For a known undersampling
scheme, one can model the problem akssic signal processing problénalinear relationship
® O awvherewis an observed and undersampled sigial;the sparse arfdlly sampledsignal;
ando is the sensing matriaf size & @0 with which one can map a relation betweeand
In compressed sensing, we sampleneasurements out of signal lengthand wherx 0, the
linear system is underdetermined. By exploiting the sparsity of a signal and the coherence of the

sensing matrixit takes a few measurements to achieve signal recovery via compressed sensing.

25



Amplitude

T —
Magnitude
o
=
o

0.05 1 ‘

0.0 0.1 0.2 0.3 0.4 0.5 0 100 200 300 400 500
Time [s] Frequency [Hz]

Figure 7. Sparse signals are signals with a representation in some domain where the number of

non-zero elements in that domain is significantly loweanthe signal length.
(left) Time-domain signal. (right) Same signal in the Foudemain.

When compressed sensing was first proposed, the idea was inspired from attempts to solve
a related imaging problem: that of storage and transmission of increasingly large imaging data sets.
The solution to this problem was to invoke a lossy image compnepsocess, which involves
reducing file size by permanently discarding selected data elements. Using a variety of algorithms,
images could be successfully compressed with good efficacy and at stringent compression ratios
[15Q. Further advances in image compression prompted pioneers in information[ ift=piyb 2]
to raise key questions, which Lustig etfdbd posed i n the context of M
we intend to acquire will be compressible, with most transform coefficients negligible or
unimportant, is it really necessary to acquire all that data in the first place? Can we not simply
measure the compresd information directly from a small number of measurements, and still
reconstruct the same image, which would arise from the fully sampled set? Furthermore, since
MR | measures Fourier coefficientsé, t hby quest

measuring only a subsetofskp ac e . 0
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In essence, the problem entails having only an undersampled wignédltaking a guess
at missing values by evaluatiog « This, however, is an underdetermined problem, so one could
surmise that the result would be different from the true, fully sampséghal. Operationally, one
can set up the problem such that the reconstructed image must be consistent with the transform
(e.g. Fourier transform in the context of MRI) of the acquired dataretaich few large and
positively valued coefficients when sparsely transformed. This ultimately entails solving an
optimization problem, i.e. finding an image that minimizes thieviohg [153:

AOCighT=03 s a8 (2.7)

where column®f are basis vectors. In generaljs a sparsifying matrix that transformsnto
any domain where it is optimally sparse. In imaging, other choices of bases may be the wavelet
basis and the Discrete Cosine basis. Initially this problem was proposed to be solited by
minimization, but this problem is NRard, meaning that it is difficult to solve. As a result, the
most popular compressed sensing algorithme/b-minimization, which can be conveniently
solved with convex optimization methods. Thenorm in the first term of the problem enforces
consistency between the observed sigrmahd the undersampled version of the soluton

The major benefit of the results from compressed sensing theory is that it makes e possibl
to perfectly recover a fully sampled sigoainder the right set of assumptidd$4], thus ensuring
no loss of information. By doing so, signals can be sampled at rates far below those required by
the Nyquist sampling theorem, while still being able to fully recover the signal. With such a

problem solved, CS greatly reduces sampling #egies and the cost of signal storage and

transmission.
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2.4.2 Application

Much success has been seen from applying compressed sensing to ichaigialg
applications, such as pediatric imagii®5, cardiac imagind156, andMRI [157159, with
reductions of data storage needs up to 98%he context of breast imaging, CS has been explored
in ultrawideband microwave imaging.60 161], photoacoustic tomograph$62 163, digital
breast tomosynthesj$64, 165, dynamic contrastnhanced MR]166, and magnetic resonance
spectroscopy167. CS has also been applied to OCT imadih§8-185. CS applied to OCT
imaging typically has two different approaches. First, its goal may be to reconstruct the raw
interferogram and hardwaspecific signals. This set of methods has had su¢t69s175, 185
186 but is not adaptable to pexisting OCT systems as the technique operates at the hardware
level. On the other hand, a second set of methods focuses on processing OCT signals as images
[171, 172 178180 182 187. In this type of method, reconstruction of undersampled images
occurs as a posgtrocessing approach to undersampled data, so this method can be applied to
existing systems as long as the data acquisition process can involve a subsampling scheme that is
appropriate in preserving the assumptions necessary for reconstruction to co@ragers 4
and 5of thisdissertation focus on this latter approach specific to volumetric OCT data, where the
need for more efficient acquisition and reconstruction schemes is greatest.
2.4.3 Challenges

Advances in OCT technology have greatly increased the speed and resolution at which
OCT systems can operag&D-OCT[188 and SSOCT[189 190 systems can operate at line scan
ratesfrom 256400 kHz.Unfortunately,fasterscanningand highresolution imagingmpose a
hefty toll on data bandwidftwith throughpus rangingfrom 1to 6 GB/s[191, 197, comparable

to read/write speeds of contemporary PCs. This inevitably forces OCT systemeteggn
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compromise between imaging speed and data transfer bandwidth and stimlityare ongoing
efforts by many groups, including ours, to perform simultaneous compression and undersampling,

while retaining the purpose of comprehensive imaging of clinical sarifipiés193.
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Chapter 3: Large Field of View Imaging Within the Pathology

Workflow

It is important to determine the appropriate OCT system parameters (imaging depth,
resolution, and speed) and a protocol that suits the intended OCT imaging application. The goal of
the dissertation was to develop an imaging protocol involving OCT th&t bewsed to rapidly
scan breast pathology specimens to improve the clinical pathology workflow. The parameter that
can best enable this application is imaging speed. In order to fit the clinical workflow, imaging
must be performed rapidly, so that it dowt impact theresently establishedtandarebf-care. In
addition, the resulting images must retain sufficient resolution that can differentiate the features of
both normal and diseased breast tissue. OCT has been shown to differentiate normal breast
parenchyma, such as adipose, lactiferdusts, glands, and lobules, as well as pathologic
conditions, such as ductal carcinonmasitu (DCIS), invasive ductal carcinoma (IDCand
microcalcificationd80, 91, 194. This chapter reviews the clinical motivation, study design, and
imaging results of utilizing an OCT system designed for the clinical application of breast cancer

diagnosis and tissue characterization.

3.1 Clinical Motivation

In the practice of pathology, macroscopic examination of organs and tissue is performed
to establish diagnosis andequires evidenebased guidance. Clinical pathology is an intersection
of many aspects of patient care, from disease diagnosis to the use-of-#tatart technology to
study fundamentals of disease and its mechanisms as it progresses. The gross|ogmnu
microscopic, and molecular examination of excised organs and tissues jointly form the anatomic
assessment required for diagnosidis€ase. In order to detect underlying pathology in an affected
patient, tissue specimens extracted via biopsy or surgery are sent to the pathology lab for histologic
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processing. There, the tissue specimens are properly oriented, margins are inked, and the tissue is
serially sectioned into multiple slices. Physician assistants grossly examine each slice visually and
via palpation to determine regions of interest. Subsetly, the specimens are cut and placed into
tissue cassettes for further processing, tissue block creation, and staining to generate hematoxylin
andeosin (H&B slides that are finally reviewed by a clinical pathologist. At times, specimens are
examined radiographically; however, findings from both gross and radiographic analysis of
specimens do not always correlate well with the microscopic features thatrdesasit for disease
diagnosis[18, 195197. In cases of cancer, tumors are not visually appreciable, so it remains
challenging to confidently discern regions of interest. The existence of pathologic features spread
over multiple locations also complicates this matter. Furthermore, there is stars#rdization

within and across institutions to guide the tissue selection prdd&8200. The gap in
knowledge, created from the variable correlation between gross and radiographic tissue selection
and its actual, microscopic histopathological status, leads to extensive sampling of tissues. This
overall increases associated costs and remaingnefficient process in contributing useful
pathological information to clinical cases.

When clinical examination indicates a potential malignancy that is confirmed via biopsy,
breast cancer patients undergo either bieasserving surgery (lumpectomy) or complete breast
removal (mastectomy). The tissue removed is sent to the pathologgrldistopathological
analysis. The pathologyased analysis is currently the diagnostic ga&chdard for establishing
the identity of the disease, its biological state (|.gitu, invasive), its extent (i.e. stage4, and
its margin status (i.e. whedr it has been entirely removed by surgery).

For breast pathology, a lumpectomy sample may span ugbtoeftimeters of excised

tissue that is serially sectioned into slices (typicaly Bim thick). Currently, gross analysis of
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excised tissue in the pathology workflow is dependent upon visual inspection, palpation, and
detection of clips (i.e. tissue markers) or calcifications to predict regions of interest that are likely
to contain tissue relevant to diagnosis. Such gross @sadylimited by the variable correlation
between gross and macroscopic and microscopic find2@fs 202. Specifically in breast, this
discordance has led to recommendations from-oeaplete to complete submission of specimens
to increase detection sensitivig02204], making the process costly, burdensome, and inefficient.
Because the majority of cassettes submitted using said current methamss analysis,
conventional radiology, and history of biopsy clip locatidnsnay not contain significant
pathology, there is an unmet clinical need for a technology that canssietentify regions of
interest relevant to clinical pathology goals at the time of grossing.
Reattime histology evaluation could impact the clinical diagnostic pracéssn biopsies
to intraoperative margin assessments to tissue grossing and tissue ha0kIAPg. OCT is a
promising imaging technology for this application of riade histology evaluation, due to the
combination of high resolution, extended imaging depth, and lack of need for contrast agents.
While OCT imaging can guide the defining of regionsnbérest thus resulting in reduced gross
room and pathology work, current acquisition routines appear insufficient, as the clinical workflow
requires complete acquisitions of tissue blocks within short operating times. In the case of breast
cancer, typicalumpectomy cases may on average measure 7 X 5 x 5 centimeters, which result in
over 30 cassettes for histopathological processing, and further generation of an equivalent number
of tissue blocks and H&E slides that must be reviewed by a pathologistettaas@ diagnosis
[202. Designing an improved imaging protocol, based on quantitative evidehiod uses this
promising imaging technology and can evaluatarge number of histology cassettes in short

operating times, could vastly improve the tissue processing workflow and ease lab burden.
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The goal of this study is to collect human breast imaging data using a custoapéégh
high-resolution, large field of view OCT system: first, to assess current capability of our OCT
system with regards to imaging performance and speed of acquistiatiyer to the number of
clinical workflow-generated tissue cassettes and operational requirements. We examine the
feasibility of imaging entire lumpectomy samples within clinical time constraints. Second, we
investigate the relation between quantitaterture features derived from OCT image data and

histological risk assessments performed by a clinical pathologist.
3.2 Methods

3.2.1 Experimental design

Clinical pathology specimens were obtained from consenting patients undergoing breast
conserving surgeries to treat breast disease at the New York Presbyterian Hospital at the Columbia
University Irving Medical CentefCUIMC). Recruitment was done throutire identificationof
potential candidates through the hospital scheduling office. Standard of care procedure was
followed, and no additional specimens were obtained from patients solely for the purpose of the
imaging study. Upon extraction, tissue specim@ere oriented, inked, and serially sectioned into
slices. Physician assistants selected and submitted tissue into cassettes per standard of care
protocol. After fixation of tissue in formalin for a minimum of 6 hours and a maximum of 72 hours,
tissue smples in cassettes were then imaged using a custom OCT system. After imaging, the
specimens underwent standard processing and embedding into paraffin blocks. Tissue sections

were cut from the blocks, stained, and reviewed by a pathologist.
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3.2.2 Tissue collection

Imaging was performeth the Division of Anatomic Pathology at Columbia University
Irving Medical Center. Deidentified human breast specimens included both normal and non
neoplastic tissues, and were handled in accordance with Code of Federal Regulations 45CFR46.
Following sugical excision, resected specimens were processed as per standard of care as outlined
by the College of American Pathologists. Grossing recommendations for breast include
submission of all gross lesions, random sections, and margins. Tissues represesgiggas of
interest as well as additional random sectionsarially sectionednd placed into cassettes, which
are then fixed in 10% formalin for 6 to 72 hours. Within the fixation window, OCT imaging of

tissue samples in cassettes was performed=jgeiee8)

Inked, serially sectioned, fixed
surgical specimen

OCT imaging of fresh breast
specimen with flatbed scanner

ROI chosen by PA following SOC
protocol and placed in cassettes

All cassettes submitted for tissue
processing , block, generating
histology slides

(REEERR)
‘ Pathologist Microscopic Individual
‘ Slide Analysis

Pathologist microscopic case level
analysis (diagnosis, grade, stage,
margins...)

Figure 8. Flow diagram of OCT imaging in the pathology workflow. Fresh specirmsngked
and cut serially and fixed into sections. Regions of interest (ROIs) are picked by pathology
physician assistant and selected specimens are placed into tissue cassettes. All cags@ttes (30
on average) are then submitted for tissue processohfplank generation, from which
microscopy slides are also created. Microscopy slides are reviewed by pathologists, who make a
caselevel assessment for the cansaspected patierRight: representativéreast specimen
imaged with whitdight camera and correspondiag faceOCT imagng on asmallflatbed.

34



3.2.3 Imaging protocol

55 breast specimens in histology cassettes from 7 patients were imaged with a custom in
house spectralomain OCT system. An OCT volume is composed of 1024 by 1024 pixels
covering 3 mm by 3.24 mm tissue surface area, and 1024 pixels in the axial doeetang 1.7

mm in depth. All specimens were imaged fresh at room temperature.

3.2.4 Imaging system

The imaging system used for the study is a custesigned system based on spectral
domain OCT. The light source is a multiplexed superluminescent diode (IPSDW0825, InPhenix)
with a center wavelength of 850 nm and a bandwidth of 100 nm (coherence lefigth®db & m) .
The system is fibebased, with a 50/50 fiber optic coupler (TW850R2A2, Thorlabs) that separates
the light into the sample and reference arms. Two triplet collimators (TC12Z8BCThorlabs)
collimate the light in both arms. Polarization cordd (FPC030, Thorlabs) maintain the
polarization state of both arms. In the sample arm, aatv® galvanometer scanner (GVS002,
Thorlabs) scans the beam prompted by a digptainalog connector (BNQ2110, National
Instruments) that is controlled by aaacquisition (DAQcard (PCI6255, National Instruments).
A low numerical aperture scan lens (NA = 0.055, LSNBE Thorlabs) is used as the imaging
lens. In the reference arm, a glass block does dispersion compensation (LSMO3DC, Thorlabs). The
reflected light is relayedta highspeed spectrometer (Col$a800, Wasatch Photonics), which
detects a spectral range covering 7930 nm and acquires-knes at a 250 kHz rate with 1024
A-lines per Bscan. Each Bcan is composed of-#nes acquired across a transverse plame. T
imaging range of the spectrometer is 3.0 mm. A 2848l camera (Octoplus, E2V) is controlled
by a CameraLinkirame grabbeiPCle1437, National Instruments). The reference signal is

acquired using a diaphragm shutter (SHB1T, Thorlabs), controlled by the -theptiadlog
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connector block. The system achieves a 3.7 ¢
em | ater al resol ut i)andhag anl.1 min-8B sersitivify 3allof. Powerm i n
on the sample is 2 mW.

The system can scan an area of up to 10 cm x 10 cm using a motelizdde (DDS100,
Thorlabs) that automatically moves across a defined region of interest and stitches sequential
volumetric image datasets. The stage is actuated by DC motor contiiBE401, Thorlabs). A
custommade cassette holder machined from aluminum enables the operator to place tissue
cassettes on the2 scanning stage. Tissue samples are placed on the lower right corner of the
cassette, and the software is calibrated to stansnake pattern from that corner.

Acquisition software designed in LabView (National Instruments) enables the operator to
adjust acquisition parameters, which includén®s per Bscan, Bscans per second for live view,
B-scans per second for acquisition mode, totatBns per volume, o@ra exposure time,-Bcan
averaging, and surface area scanned per volume through galvanometer control (X, Y voltage
amplitude). The operator can input X and Y dimensions to the total scan to match the size of the
sample, and the software moves the mogafistage to acquire subsequent volumes in a snake
scan pattern across the sample, with a small overlap between adjacent volumes. Thegis no Z
translation between volumes. OCT processing software developed in C sequentially performs five
steps: refenece light intensity background subtraction, lineanterpolation, apodization, digital
dispersion compensation, and Fourier transform. On average, processing time is 0.08 seconds per

B-scan. Data can subsequently be stitched using custom scripts in MBATLA
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Large FOV enabled by motorized 2D scanning stage

Cassette

Cassette
holder

Specimenin cassette  Snake-scanthe specimen 3D OCT
Figure 9. Large field of view (FOV) OCT imaging of breast specimens. (a) Tissue block in
histology cassette is placed on a cassette holder, which sits on top of a 2D motorized scanning
stage. (b) A snakscan imaging pattern allows for the full specimen to be imagedultiple

volumes to be stitched together. (c) Resulting OCT image volume representezhifaaa
projection, showing the entire tissue surface structure.

3.2.5 Texture feature extraction

Quantitative texture features were extracted from each OCT stitched volume. In each OCT
volume, texture features were extracted from a Grey LevebdCarrence Matrix (GLCW
implemented using thgraycomatrix built-in function in MATLAB. Since its invention,
GLCM has played a vital role in many textdrased image analysis applicatig@87, 20§, and
also serves well in the selection of features to be used as inputs for rraeimeg classification
algorithms[209, 21(. Selected features included Contrast, Correlation, Dissimilarity, Energy,
Entropy, Homogeneity, Kurtosis, Maximum Probability, Skewness, GLCM Mean, and GLCM
Variance. Feature extraction was performed by random selection of GcarB, followed by
randomselection of regions of interest (ROROIs were each of size of 2b§-256 pixels and
were manually approved following random selection, ensuring that they contained a majority of
tissue captured by OCT and avoiding background andrtemsity pixels in the lower axial half
of the volumeFigure10depicts examples of ROIs selected by this process. Given 55 total breast
tissue cassettes, a total of 1,196 regions were sampled. Statistical calculations were done using

GraphPad Prisr0.
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Figure 10. Regions of interest for feature extraction and texture analysis (scale bat =50
Depicted are ROIls of 25y-256 pixels in size.

3.2.6 Image annotation and histology risk categories

Each breast tissue cassette has a corresponding OCT stitched volume. Every histologic
section (tissue specimens in a cassette that form a peasafbiedded tissue block with a
corresponding H&E slide) was reviewed by breast clinical pathologists anctethmidividually
with respect to the presence of 31 key histologic lesions or classes, which are each assigned a

numerical value. Each cassette was thus labeled based on labels lisibtb 1.
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OCT Non-interest
Labels:
Binary
Analysis
OCT 0 = No Increased Risk 1 = Mild Increased Risk 2 = Moderate
Labels: Increased Risk
Risk
Analysis
1. Fibrous tissue/PASH 8. Proliferative cystic 13. Proliferative 15. Ductal carcinoma in  22. Clip site
2. Cicatrix change, mild to moderate cystic change with ~ situ other than
3. Adipose tissue 9. Intraductal papilloma ductal atypia (ADH) 16. Lobular carcinoma in classical
4. Fat necrosis 10. Radial scar 14. Atypical lobular  situ cicatrix(e.g.
5. Ducts and lobules  11. Fibroadenoma hyperplasia 17. Invasive ductal Hydromark)
6. Cystic change up to 12. Proliferative cystic carcinoma NOS 23.
minimally proliferative change, florid 18. Invasive ductal Inflammation
(including columnar cell carcinoma special type(in 24. Biopsy
change / hyperplasia) note place type) changes
Histology 7. Cystic and papillary 19. Invasive lobular 25.
Labels apocrine metaplasia carcinoma Calcifications
20. Phyllodes tumor 26. Other(in
21. Calcifications (high  note) (assign
risk if associated with based on risk
carcinoma) level)
28 lymph node with 27 negative
carcinoma lymph node
29 blood
30secretions
31 skeletal
muscle

Table 1. Histology class definitions (risk category) and OCT image class annotation

As shown inTablel, in a binary classification of regions of interest, snaerest is defined
by histology class -¥ (risk category 0) and interest is defined by histology cla3% @isk
categories 1, 2, and 3). For a global classification, risk category O represamtseased risk of
breast lesion, which includes none to minimally proliferative cystic changes in the tissue. Risk
category 1 represents mild increased risk of lesions, including proliferative cystic changes, radial
scars, and benign neoplasms, such aaduottal papilloma and fiboroadenoma. Risk category 2
represents moderately increased risk, which includes atypical ductal hyperplasia and lobular
hyperplasia (ADKH ALH). Risk category 3 represents high risk lesions, which include any ductal
and lobular carcinoma situas well as intraductal carcinomas and other carcinomasiséciated
calcifications, ' ymph nodes, and phyll odes tu
clip site changes, inflammation, and calcifications. Clip sites and calcificationsk@ad in this

category in regions of interest with no increased risk, as they represent lesions that are targets for
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removal, mark the radiographic lesion, and define the surgical excision site. The highest risk
category found defines the global category corresponding to each slide and cassette. Any lesions

that do not fit these classifications are annotated separately.

3.3 Results and Discussion

3.3.1 Operating time for acquisition
I f the | ateral resolution of an OCT system
sampling theorem, the information in the transverse direction can be completely determined if the

di stance between centers of (deaviguredl)i[pldl.dcertheé r es o

system described above, 4#He5. SThesdorathe mnensno| ut i o
required pixel size wunder the Nyquistscanyri ter.
the lateral range required for imagindiis 3 mm (3000 em). Therefore,

at least M.ine = 2L/opx%ir = 1087 Alines are required to acquire at the minimum Nyquist sampling

rate. For a 3 x 3 mm volume, there areiN?A-lines (over 1.1 million) to be acquired. The high

speed spectrometer described above can capture at a 250,000 lines pemsedoum rate,

which means that each volume can take at least 4.73 seconds to acquire. Finally, given that a tissue
cassette sample has an average size range betweerf fdefr0 crfy it can take up to 3 minutes

to acquire a single cassette at the quickest setting. With an average of over 30 cassettes per
lumpectomy case, this process can easily take over 90 minutes, and can quickly surpass the time
limit (10-30 minutes) imposed byiglcal pathology for imaging operatiorfgseeTable 2). The
described process is only inclusive of image acquisition steps and exclusive of any system setup

time, raw data to image file processing, and image to volume stitching. Given that the latter
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processing and stitching can take from minutes to hours, the overall process, even at the minimum

Nyquist sampling rate, is not suitable for implementation in the clinical workflow.

(b)

1.7 mm
1024 px <

YYVY //
~ 3.0 mm
5.52 um k. )
— Y
. . L=3.0mm
1087 A-lines
Figure 11. OCT image volume acquisition requirement with respect to lateral resolution and
numberof Al i nes. (a) Given the OCT system | ater a

Nyquist sampling criterion, the mirmerasuom pi x el

3.0 mm length, 1087 pixels or-knes are required. To acquire a full volume with 3 x 3 mm
surface area, 1087 x 1087 = ~1.18 milliorlies are required.

Measure | UHS-UHR  Thorlabs Telesto
Lateral resolution [pm)| 5.52 15

Pixel size [pm] 2.76 7.5
Lateral range [pum] 3 x 10° 5 x 10°
A-lines per volume 1087 667

Max sampling rate [lines/s] | 2.5 x 10° 2.8 x 104
Time per volume [s] 1.73 15.87
Volumes per cassetie 40 50

Time per casselte [s] 189 7941

Table 2. OCT volume acquisition time requirements by availableCBDT system. At the
Nyquist rate, pixel size must be atleastbne| f of the systemds | ater a
a particular lateral range and maximum sampling rate, requiléteg and tine required to
acquire a volume and a full tissue cassette can be computed.
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After processing of imaging data, OCT volumes can be stitched to credéeeen
projections. These eflace projections show clear topography of the tissuecteatly defined

structures, which correlate well to the specimen photograph, as shéwguias 1215.

3.3.2 Texture feature analysis

Breast tissue cassettes were classified to various risk categories based on labels provided
by histopathologists on a block level pable 1. Histology labels in the Other category did not
affect the risk category assigned to the cassette; the highest risk category value was assigned for
the highest class tallied. As a result, for 55 total cassettes from all patients, blocks were divided
intoRisk 0 (n =31), Risk 1 (n = 2), Risk 2 (n =5), and Risk 3 (n =@ distribution of cassettes,
the set of histology labels assigned to each risk class, and the frequency of each label is recorded

on Table3.

‘ Risk 0 Risk 1 Risk 2 Risk 3

# Cassettes ‘ 31 2 5 17
1-5,9,10,
Labels 17:2’ 831’2 };23’19?; 12,13,15,17,
’ ’ 22,24,25
Label 1 14 - 1 4
Label 2 1 - - 2
Label 3 31 1 1 5}
Label 4 5 - - 1
Label 5 11 - - 1
Label 6 3 - - -
Label 8 - 1 - -
Label 9 - - 1 2
Label 10 - - - 1
Label 12 - 1 3 4
Label 13 - - 5] 8
Label 15 - - - 11
Label 17 - - - 10
Label 22 - - - 2
Label 24 1 - - 3
Label 25 - - - 4

Table 3. Distribution of breast tissue cassette data based on histology labels arataggiry
and frequency of histology labels in cassettes of corresponding ris
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e Bl e P R )
Figure 12. Tissue cassette containing tumor breast tissue with corresponding OCT imaging data.
Assignment of No Increased Risk (Risk 0) from histology label of adipose tissue. (a) Stitch of
OCT B-scan images of tissue specimen. (b) photograph of specimen. (c) Stdedation en
face projection along theaxis, covering 63 OCT volumes. Scale bar =3 mm.

Figure 13. Tissue cassette containing tumor breast tissue with corresponding OCT imaging data.
Assignment of Mild Increased Risk (Risk 1) from histology labgdrofiferative cystic change.
(a) Stitch of OCT Bscan images of tissue specimen. (b) photograph of specimen. (c) Standard
deviation eAface projection along theaxis, covering 48 OCT volumes. Scale bar = 3 mm.
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Assignment of Moderate Increased Risk (Risk 2) from histology labels of proliferative cystic
change with ductal atypia. (a) Stitch of OCIs8an images of tissue specimés). photograph
of specimen. (c) Standard deviationfane projection along theaxis, covering 42 OCT
volumes. Scale bar = 3 mm.

(a)

(b)

. g a0 'Q':"E"‘“ w:’f A n»@;ﬁw gy
Figure 15. Tissue cassette containing tumor breast tissue with corresponding OCT imaging data.
Assignment of High Risk (Risk 3) from histology labels of fibrous tissue, fat necrosis, invasive
ductal carcinoma, and biopsy changes. (a) Stitch of OGtaB images ofd¢sue specimen. (b)
photograph of specimen. (c) Standard deviaticfaea projection along theaxis, covering 90
OCT volumes. Scale bar = 3 mm.
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Twenty 256by-256-pixel ROIs were randomly selectdcbm corresponding Bcans in
each Risk 0 cassette, totaling 440 ROls. Additionally, 24 ROIs were selected from corresponding
B-scans in Risk 1, Risk 2, and Risk 3 cassettes. As a result, a tofab6fROIs were selected
from available OCT image data.

Texture features based on a gleyel cooccurrence matrix were extracted for quantitative
comparison. Statistical differences were calculated between all groups usingdeffects
analysis of varianceANOVA) with Tukey multiple comparisong-igure 16 depict these
statistical differences between risk categories

Binary analyses were performed using unpaired, parametrie 6 t s wi t h We |
correction. The first analysis comprised a binary categorization of no interest (Risk 0; n = 620) vs.
interest (Risk 1, 2, or 3; n = 576), compiled Tiable 4. The second analysis comprised the
categorization of none to moderate risk (Risk 0, 1, or 2; n = 788) vs. high risk (Risk 3; n = 408),
compiled inTable5. Lastly, categories corresponding to none to mild risk (Risk 0, 1; n = 668)
were compared to categories corresponding to moderate to high risk (Risk 2, 3; n = 528), as
compiled inTable®.

The receiver operating characteristic (R@QGrve was also plotted for each texture feature
(appended iMppendix A:FiguresAl - A3), and the area und#re curve (AUQ was calculated

andalsoincludedin Table47 6.
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Figure 16. Statistical analysis of GLCNdased texture features for histology labated risk
categories, ranging from no risk to highk breast lesions. Statistical significance reported-by p
value (* p <0.05, ** p < 0.01, *** p < 0.001, *** p < 0.0001). Valuese reported as means+/
S.D.over indicated ROI selections per risk category.
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Feature Risk 0 Risk 1-3 p-Value AUC
Contrast 4.04 +£1.78 4.47+2.28 p<0.0001 0.54
Correlation 0.59 £0.17 0.60 £0.19 n.S. 0.52
Dissimilarity 1.524+0.35 1.58+043 p<0.01 0.54
Energy 0.04 +£0.02 0.03+0.02 p<0.0001 0.60
Entropy 1.624+0.16 1.69£0.16 p<0.0001 0.61
Homogeneity 0.47 +£0.07 0.46 £ 0.08 1.S. 0.53
Kurtosis 4.924+1.99 4.04+1.65 p<0.0001 0.67
Max. Probability | 0.08 £0.05 0.07 +£0.05 p < 0.05 0.57
Skewness 1.03£0.46 0.78£0.43 p <0.0001 0.66
GLCM Mean 3.59+£0.70 3.96+0.78 p<0.0001 0.64
GLCM Variance 5.21+£1.75 5.73£1.75 p<0.0001 0.59

Table 4. Binary analysis of regions of no interest (Risk 0; n = 620) vs. interest (Risk 1, 2, 3; n=
576). Values are reported as meafS8., and pvalues for statistical significance relations, and

area under the curve (AUC) for recehggerating characterist{ROC) curve.

Feature Risk 3 Risk 0-2 p-Value AUC
Contrast 4.65 £2.37 4.04+1.83 p<0.0001 0.57
Correlation 0.58+£0.19 0.60£0.17 p <0.05 0.53
Dissimilarity 1.624+0.44 151036 p<0.000L 0.57
Energy 0.03+0.01 0.04+0.02 p<0.0001 0.57
Entropy 1.68+£0.15 1.644+0.16 p<0.0001 0.58
Homogeneity 0.454+0.08 047+£0.07 p<0.001 0.51
Kurtosis 4.094+1.75 4.70+1.92 p<0.0001 0.62
Max. Probability | 0.07 +0.04 0.08 £0.05 p < 0.05 0.51
Skewness 0.80+0.43 0.97+0.46 p<0.0001 0.61
GLCM Mean 3.90+0.70 3.70+£0.78 p<0.0001 0.58
GLCM Variance | 5.68+1.75 535x1.77 p<0.01 0.56

Table 5. Binary analysis of regions of high risk (Risk 3; n = 408) vs. none to moderate risk (Risk
0, 1, 2; n =788). Values are reported as mea8d3/, pvalues for statistical significance
relations, and area under the curve (AUC) for recemparating charaetistic (ROC) curve.
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Feature Risk 0.1 Risk 2.3 p-Value AUC
Contrast 401 £1.76 4.55+£2.33 p<0.000L 0.56
Correlation 0.60+0.17 0.594+0.19 p < 0.05 0.50
Dissimilarity 1.51+£0.35 1.59+044 p<0.0001 0.55
Energy 0.04 £0.02 0.03 £0.02 n.s. 0.59
Entropy 1.634+0.16 1.69+0.16 1.S. 0.60
Homogeneity 0.47+0.07 046 £0.08 p<0.0001 0.55
Kurtosis 4.85+1.98 4.044+1.65 p<0.0001 0.65
Max. Probability | 0.07 £0.05 0.07 £ 0.05 n.s. 0.54
Skewness 1.01 +0.46 0.78 £0.43 1.S. 0.65
GLCM Mean 3.624+0.72 3.954+0.78 1.S. 0.62
GLCM Variance | 5.26+1.76 5.72+1.74 1.S. 0.58

Table 6. Binary analysis of regions of none to mild risk (Risk 0,1; n = 668) vs. moderate to high
risk (Risk 2,3; n = 528). Values are reported as medd$>/, pvalues for statistical significance
relations, and area under the curve (AUC) for recemparating baracteristic (ROC) curve.

In the texture feature comparis@mong histolog-informedrisk categoriesthe goalwas

to assess whether certain texture features provide a quantita®asure of variation between

categories. For examplEigure 16 demonstrated that features such as contrast, dissimilarity, and

homogeneity may be useful in distinguishing samples of none to mild risk (Risk 0, 1) against those

of high risk (Risk 3). Binary analysis shown Trable4 i 6 further stratify this analysis, by

providing insight into how features such as contrast and kurtosis may be useful to distinguish risk

categories amongst one another (Risk 0 vs Risk 1 vs Risk 2 vs Rlska8ldition, €atures such

as energy, entropy, skewnes€d CM mean and GLCM variancenay beuseful measures to

separateo-risk category samples from the réRisk O vs other)For features such as correlation

and maximum probability, the level of statistically significant differeame®ngst risk categories

appearglecreasedwith larger p valueandthey exhibitlower extent of consisten@mong the

binary analysesso thee featuresnay not be appropriate quantitative measures to distinguish

between mned risk categoriesdowever, it is worth noting that future imaging experiments
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should increase the number of samples or features extracted from risk categories 1 and 2 to further
dissect the quantitative effects of statistical difference. This type of statistical analysis with texture
features may show its merits in automated @G&pathology classification efforts of tissue
samples, which will help reduce the burden of identifypaihologically relevantegions of

interest (i.e., cassettes of moderate to high risk of cabeémeen imaging and submission of
pathology samples forstsue block and microscopy slide creation.

Future work may include matching a datas@te matching of OCT data to corresponding
hematoxylinandeosin (H&E) histology slides for qualitative and correlation studies between
physical tissue markers and OCT image features, as well as automated msadeation and
region of interest identification informed by statistical analysis of texture features, like that
performed in this study.

3.4 Conclusions

The study in this chapter demonstrates thatoverall process ¢arge FOV OCT image
acquisitionis too lengthy andequires a system capable of quicker scanningm@hageable data
throughputandpost cqui si ti on processing. However, give
constraints and hardwabased limitations on OCT system design, it is necessary to reassess an
acquisition scheme that enables shorter attguigpaired with efficient image reconstruction.

There are challenges associated with the matching of OCT and histologic data. First, there
IS no oneto-one correspondence between histology ar@l Gmaging Histology imaging is
performed by slicing in thenface(xy-plane) or axial direction, but OGmages are constructed
in the B-scan xz-plane) or transverse direction. Second, transitions from one OCT volume to

another are subject to motion artifacts created by inaccuracies of the motion of the motorized stage,
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requiring proper image registration and careful stitching of volumes. This consideration becomes

particularly important fom vivoimaging.
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Chapter 4: Application of Compressed Sensing to OCT Image

Volume Reconstruction

4.1 Introduction

In work published by our lap187, 212, we report on the use of a novel compressed
sensing (C¥yalgorithm, called Denoising Predictive Coding (IT), developed by our lab for
reconstruction of OCT volumes of human normal breast and breast cancer tissue. It was shown
that the DNPC algorithm can synthetically subsample previcasiguired, fulresolution OCT
images, and reconstruct them to“@bkoltion using CS principles. Additionally, we rewrote the
algorithm to allow for computational parallelization and efficient memory transfer, resulting in a
net reduction of computation time by a factor of 20. Thigpter outlines the approach towards
this specific aim along with results obtained frexperimentasimulation studies.

We evaluated the effectiveness of I using simulations on synthetic subsamples taken
from full-resolution images, and compared the recovered results with a referendeC DN
demonstrated improved performance over other known compressed sensing algomntiams
variety of clinically relevant datasets, and as expected, there has been a net reduction of data size
upon compression.

4.1.1 Study Goals

Though 3D OCT has shown potential for ref@ne breast tissue evaluation and cancer
diagnosis, in standard Nyquisased usage, it requires a long data acquisition time and a large
amount of spectral measurements, making it susceptible to motion arafattso clinical
workflow constraints that do not allow for lengthy operations. Furthermore, given the large size of

breast tissue samples (an average specimen size is 2.anchiypically has a range between 1.0
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and 4.0 crf), OCT procedures in clinical settings may often require undersampling to achieve
coverage of large fields of view.

The introduction of DNPC has laid important groundwork for developing a@ST
solution that could be generalized to reconstruct and analyze any tissy&8&ypéiowever, as
OCT systems become more sophisticated and achieve higher resolutions, reconstruction methods
may face higher degrees of error as tissue features to reconstruct appear to be smaller and more
finely detailed. This study therefore aims to addirke higher reconstruction error shown for
breast tissue data over other tissue types, to further understand the relation betvesedCS
reconstruction behavior and featuredinély detailedtissue, such as breast adipose. We aim to
apply DN-PC for compression of volumes at various sampling rates to evaluate this relation. In
doing so, we also work to improve the algorit|
it has promise in itautility. The study analyzes the impact of compressed seihsisgd
reconstruction on image texture feature preservation. In addition, we compare our reconstruction

to standard methods used to address image acquisition speed and downsampling.

4.2 Methods

4.2.1 Imaging protocol

Breast tissue specimens used consisted of discarded tissue that was not required for
diagnosis as defined by the Department of Pathology at the Columbia UniumisigyMedical
Center (CUMC). Specimens were collected from 49 patients undergoing surgical procedures.
They consisted of normal tissue from breast reductions and tumor samples from mastectomies.
The protocol was considered as #amman subject research in accordance with 45CRRd&vas
performed under Columbia University Tissue Bank IRBAB2667. All tissue samples were de

identified. Specimens were imagiedvivowithin 24 hours after excision. Imaging was performed
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with a homebuilt ultrahigh resolution (UHR) spectrdbmain OCT system, with an optical
window of 800 nm, an axial resolution of 2.7 and a lateral resolution of 5:5d (in air).
Volumes were acquired at 32 kHz linerate, and images measured 800 by 1024 pixels, which
physically correspond to 3.0 mm by 1.78 mm, respectipely].
4.2.2 Compressed Sensing Algorithm

The DN-PC algorithm used was adopted from a prior study published by our [§i®1p
Briefly, the problem of recovering full samples, from subsamples, contained id, can be
written in the matrix formd O & whereO is the subsampling matrix mapping fromd to 0.
The linear equation on its own is undiatermined, but i€ is sparse in some basis, compressed
sensing can be applied to recover solutions with probability of arriving at the correct solution
correlated to the level of sparsity.

Let be the combination of a regularization term and the transform in wiislsparse,
then the compressed sensing method can be written as solving the optimization problem
Wi "Qadefor "Qw S 0d& s @s. Since the problem does not have a closed
form solution, it requires the use of iterative solvers. The choice affects the convexity and
differentiability properties of the objective function and hence influences the possible choices of
iterative solvers.

Is a Gaussian blur (of a stt@be-determined) followed by a Fourier transform. For the

objective function, the absolute value after the Fourier transform is used to compii@dine.
In summary, the DNPC solver uses a combination of iterative shrinkage thresholding and
proximal gradients to both recover the image and also decide the optimal blur size to be used. The

solver converges to a solution if the sparsity holds, ellstto converge should the sparsity
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condition be insufficientWe explore the impact of the DRC algorithm within OCT images of

human breast tissue, which has heterogeneous tissue architecture.

4.2.3 Parallelization

Previous work has shown reconstruction times of over 10 hours (39) for a-4€#nB
volume (800 x 512 pixels per-&an) using a CS reconstruction algorithm combining a TVL1
reconstruction method by Yang et 113 and a predictive coding approach. This was further
improved upon with the DNPC algorithm at 19 minutes for reconstruction of the same volume
[187]. However, to ensure feasibility of imaging within a clinical environment, the reconstruction
times need to be faster. The computationally intensive operations involved-RCDNamely 2
D convolution and D Fourier transform, can be made faster using parallel processing, and the
intermediate norm computations can also be optimized.

The code was rewritten to enable parallel processing improvements by leveraging the
MATLAB Parallel Processing Toolbox and NVIDIA CUDBackend functions, which have GPU
optimized expressions for computingD2 Fourier and inverse Fourier transforms, Gaussian
filtering, Frobenius norm, elemenitse addition, multiplication, division, and absolute magnitude
operations. The rewrite was necessary to enable batching, veaaarizaecmory coalescing, and
efficient memory transfers between the C&ul GPU and to optimize other complex operations
into GPU/SIMDoptimized, divergenciee conditional operations in native MATLAB array
syntax. All the processing is done inside the GPU, and only the final results are returned to the
CPU by using gather  operation.

The core algorithm after the rewrite remained mathematically equivalent to that of McLean
et al. [187], and all other hyperparameters, with the exception of patch size and maximum

permissible of iterations for convergendg, (vere unmodified. To ensure that there was no
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bottleneck in memory transfers, the patch size was required to be at least 256 x 256 pixels for the
system performing the computations. The new maximum number of iterations was increased to
100 for the first Bscan and remained fixed to the default 20stdssequent scans.

The batching involves slicing the subsampled images and their corresponding subsampling
matrix into patcksized blocks to be processed. In the original implementation ePONthe
iterative solver has a conditional division, which divide$ kst the predicted points, or bp
| at subsampled points, wheres a rough measure of noise (see Equation[187]). In the
newly parallelized implementation, this expression is instead vectorized as a parallelized; element
wise division. This is achieved by pcemputing a matrix of elementise divisors that are
mapped from the subsampling matrix.

The entire batched data is goaded into the GPU. The algorithm processes all patches
comprising a Bscan and then iterates to the nexd@dan. Given that adjacentdgans are similar,
it is efficient to store the previous8c an és r e c o n(entthre GEW) and nse thesessag | t s
initial values for the next iteration. In our implementatiod) FFT and Gaussian filtering is
written into a single line of code by mathematically composing their respective MATLAB
functions (mgaussfilt and fft2 ). MATLAB performs the operations separately:
imgaussfilt followed byfft2

The parallel processing improvements are applicable to any systems with a modern X86
CPU, with optionamulti-threading, and CUDAnabled GPUs.

4.2.4 Study parameters

A custom selection of 104 volumes, representative of three breast tissue subtypes (36

volumes of adipose, 35 of stroma, 33 of cancer), was compiled for image reconstruction using the

DN-PC algorithm. Volumes of 100-Bcan OCT images for each breast tissperimen were used

55



for reconstruction. The dataset was derived from the data collected previously by our group (6).
The following parameters were used= 0.1 =1, =[3,4],_ =[0.2,0.4],0=20, &
20, convergence threshold® prmt , with staggered sampling and periodic {f@solution
acquisitions every 10 consecutive framéd € 10) (sed-igurel7)

Compression was done at varioudie sampling rates (50%, 25%, 10%, 5%, 2.5%, 1%).
The compression and image reconstruction usingH@Nwas done using a Windows 10 desktop
with an Intel Core i®900K CPU at 3.6 GHz, a NVIDIA GeForce RTX 2080 GPU, andGB8

of RAM. The algorithm was fully run on MATLAB 2021b.
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Figure 17. Scanning protocol, showcasiAgline undersampling for the DIRC algorithm. Full
resolution Bscans are obtained periodically to minimize error accumulation during the
reconstruction (39)A-line sampling can also be modified by parameters defining omission of
particular lines.
4.2.5 Metrics
Several guantitative metrics were selected to assess and compare compressed sensing

reconstruction performance. The first measure is Relative Error, which measures the intensity

difference between the original and reconstructed images. It is defined as
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2 Al AOE OASHS01 © (4.1)
wherewis the original OCT volume ari 4 z isithe reconstructed volume. The norm utilized in
the Relative Error measure is the Frobenius norm instead of the stébatenan.
The second measure is the Structural Similarity Index Measure {S&hth evaluates
the similarity between two images using luminance, contrast, and structure as quantitative
elements (Eg4.2) [214. The SSIM is a value between 0 and 1, where a value of 1 indicates that

the evaluated images are identical, and O indicates otherwise. Mathematically, SSIM is defined as

follows,

3 3)adw (4.2)

where* i #), 7, h arethe local means, standard deviations, and-canagiance for images
wandw 6 andd are the regularization constants for luminance and contrast, respectively.
All cases involved a 3 8-pixel median filter for denoising, applied to both the ground

truth and the reconstructed volumes before measuring performance metrics such as relative error

and SSIM.

4.2.6 Texture features comparison between CS and classic reconstruction

Previous studies have shown that texture features are different between normal fibrous
stroma, cancer, and adipose tisgaiél, 209 215. Therefore, we first evaluated if images
reconstructed using the DRIC algorithm altered texture features. In addition, a standard method
to reduce net acquisition time is by undersampling the target image. Downsampled images can
then be upscaled in size the desired resolution, and missing information in pixels is added by

interpolation. To compare the performance of image reconstruction between the compressed
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sensing algorithm and this classic form of downsampling and interpolation, select images from
each tissue type (adipose, normal stroma, and cancer) were chosen. Original images from OCT
volumes were decimated to the same sampling rates as the ones peratméhe DNPC
algorithm. The downsampled images were then upsampled using an implementation of the
interp2  built-in function in MATLAB.

Quantitative texture features were extracted fromré&®nstructed images and classic
downsampling and interpolated OCT images. In each OCT image, texture features were extracted
from a Grey Level Capccurrence Matrix (GLCM) implemented using tgeaycomatrix
built-in function in MATLAB. Since its invention, GLCM has played a vital role in many texture
based image analysis applicatig@97, 208, and also serves well in the selection of features to
be used as inputs for machilearning classification algorithm09, 210. Selected features
included Entropy, Skewness, Dissimilarity, Maximum Probability, GLCM Mean, GLCM
Variance, Contrast, Energy, Correlation, and Homogeneity. Feature extraction was performed in
handselected regions of interest (ROI) from thes&ans witheach ROI having a size of 1-689-

160 pixels and spanning a region containing the designated tissue typey(seé8).

Analysis was also performed to assess preservation of optical parameters. We calculated

the mean attenuation coefficient for a#340-pixel ROI automatically placed within tissue in

one Bscan sample per available cancer (n = 28) and stroma (n = 34) volumes.
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Figure 18. Selection of regions of interest for feature extraction and texture analysis (scale bar =
250 @). Depicted are ROIs of 16y-160 pixel in size.

Statistical differences between the groups were examined usingeagnanalysis of
variance (ANOVA), followed by a Tukey multiple comparisons test. Statistical calculations were

done using GraphPad Prism 9.
4.3 Resultsand Discussion

4.3.1 Compressed sensing of breast OCT volugsrallperformance

The DN-PC algorithm was applied with varying levels of undersampling (50%, 25%, 10%,
5%, 2.5%, and 1% of total samples). Image reconstructions were separated by tissue types shown
in breast tissue samples: normal adipose, normal stroma, and cancereug\tssss all levels of
compression, higlevel features appear to be preserved in tissue, particularly over stroma and
cancer specimens, and in a majority of adipose tissue samples. Qualitdigahg {9), images

at 50% sampling appear nearly identical to therkgblution Bscans. 25% and 10% samples

59



demonstrate a small introduction of noise, and fine features become blurred with minor vertical
streaking. At higher levels of compression, particularly in images of adipose, walls and edges
appear distorted. In some cases, there is a notable amounipbiohogical opening, especially in
globular sections of the adipose, and in empty spaces within normal stroma or cancer tissue (see
arrows inFigure19). Due to the patcbased nature of the reconstruction algorithm, sgsiaaped
artifacts appear as compression becomes more stringent (beginning at 10%) at varying intensities,
spanning entire images and displaying separation of intensity levels betdjaeana patches.
This effect is more prominently displayed in images of adipose, but present in all cases (shown by
arrows inFigure19and at the projection level Figure20).

Quantitative metrics included relative error and structural similarity index, whose
increasing and decreasing trends, respectively, are repofigglire21 and onTable7. Relative
error for reconstruction had a range of 14% to 34%. Significant differences are present among
50%, 25%, and 10% sampling rates, but then changes become unsubstantial for more stringent
sampling conditions. There is an overall increasing trendelative error as the degree of
compression increases, and relative error values cap at 2.5% of total samples. Simultaneously,
there is a monotonically decreasing relation for structural similarity as undersampling is more
severe. Median SSIM values gealer ranged from 36% to 75% in degree of similarity between
original and reconstructed image volumes. Like relative error, major differences in SSIM occurred
down to 10% sampling rate, but became marginal or insignificant for more stringent sampling

condiions. The denoised results appear improved over raw data results across all cases.
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100% 50% 10% 1%

Figure 19. Breast tissue DNPC based image reconstructions by tissue subtype (A = normal
adipose, B = normal stroma, C =cancer) atfolrAne sampl ing rates (sce

Zoomedin subregions are depicted (bottom left) for each frame; arrows indicatbohugcal
changes and patethaped artifacts that appear as compression is higher.
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Figure 20. Breast tissue DNPC based image reconstruction voluemefaceprojections. (a)
normal adipose at 100% of samples. (b) normal adipose at 10% of samples. (c) cancer at 100%
of samples. (d) cancer at 10% of samples.

Figure21 demonstrates how relative error and structural similarity index measure (SSIM)
decrease and increase respectively, as the percentage of samples increases towards the totality

(100%) of samples.
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Relative Error

Structural Similarity Index

Figure 21. Relative error and structural similarity analysis. (Reported values are medians and
95% confidence intervals, with= 30, 28, 34 numbers of measurements, respectively)

the implementation of parallel processing greatly reduced net computation time by over at least
twenty-fold, as shown imable7. Computation time decreased significantly compared to the pre
parallelized implementation of DRC, from an average reconstruction time of 60 minutes to
under 2 minutes for the same 106s&n volume. This improvement in computation time is
achieved thark to the parallel processing algorithmwate. Batch size was also increased
significantly from the first implementation of BRC[211], from a 32by-32 pixel patch size, to
256-by-256 pixels on the current implementation. I applied with a larger patch size and the

parallel processing method yielded better results, with the edge distortions and streaking artifacts
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significantly reduced. In both cases of small and large patch sizes, there was no observable

correlation for computation time in relation to sampling rate.

Not Parallelized Parallelized
Tissue | Computation Relative SSIM | Computation Relative SSIM
| Time (s) Error | Time (s) Error
Adipose
50% 3040.5 0.1766 0.7162 95.1 0.1438 0.7439
25% | 3983.5 0.2342 0.5873 | 85.2 0.2152 0.5778
10% | 5075.3 0.2989 0.4715 | 97.3 0.2780 0.4525
5% 3630.5 0.3329 0.4399 90.6 0.3102 0.4158
2.5% 2195.6 0.3569 0.4301 92.0 0.3285 0.3984
1% 3660.6 0.3569 0.4301 | 97.7 0.3401 0.3845
Stroma
50% 2984.9 0.1256 0.6971 98.2 0.1195 0.7183
25% 4125.2 0.1754 0.5534 939 0.1649 0.5426
10% | 5781.7 0.2203 0.4440 | 100.4 0.2015 0.4356
5% | 5421.8 0.2377 0.4098 | 94.6 0.2207 0.4019
2.5% 2612.4 0.2499 0.3964 95.7 0.2329 0.3854
1% 2967.9 0.2499 0.3964 99.2 0.2403 0.3748
Cancer
50% 3392.7 0.1451 0.7128 96.7 0.1301 0.7478
25% 3568.2 0.1947 0.5935 91.5 0.1768 0.5967
10% | 3977.8 0.2259 0.5046 | 97.9 0.2115 0.5001
5% | 3751.5 0.2483 0.4781 | 92.7 0.2335 0.4655
2.5% 2389.9 0.2631 0.4671 93.1 0.2468 0.4481
1% 1992.4 0.2631 0.4671 98.0 0.2553 0.4348

Table 7. Quantitative summary of computation time, relative error and structural similarity of
breast OCT image reconstructions using-B@ for normal adipose, normal stroma, and cancer
at A-line sampling rates of 50%, 25%, 10%, 5%, 2.5%, and 1%. Values are delpeitee and

after parallelization of the algorithm. Reported quantities are median values.

4.3.2 Texture features comparison between CS and classic reconstruction

As shown inFigurel8, two 166by-160 pixel ROIs were selected by hand from two select

B-scan examples for each tissue type, so that texture features based oeleaefjemoccurrence
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matrix could be extracted for quantitative comparison between compressed -fasgidgmage
reconstruction and traditional downsamptagdinterpolationbased reconstruction.

An important underpinning of using novel techniques, such a$ONs that they must
perform equally or better than classical or existing stéthe-art methods. Overall, at the expense
of algorithmic complexity, DNPC is shown to be able to preserveygevel texture features when
compared to classically downsampled and interpolated imQueditatively, as seen fRigure22
andFigure23, classically downsampled and interpolated images suffer greatly in image quality as
Fourier coefficients are decimated, with drastic changes in reconstructions with compression more

stringent than 25% of samples.

Figure 22. Classic interpolatiofibased reconstructions of adipose tissue (a) original image; 100%
of samples. (b) 50% of samples. (c) 25% of samples. (d) 10% of samples. (e) 1% of samples.
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Figure 23. Comparison of adipose tissue O@®Tages. &) original image; 100% of samples. (b)
DN-PC based image reconstruction with 10% of samples. (c) classic interpblased
reconstruction with 10% of samples. Scale bar =*2%0

Figure24 throughFigure26 depict statistical differences between groups calculated from
a oneway ANOVA and Tukey multiple comparisons. The figures show that for more constrained
levels of classic interpolation, texture features lose information to compression and show
statisticaly significant (p < 0.05) differences. In contrast, the@ST-based method manages to
preserve texture features relative to the original image, for nearly every @GiaGédl feature
investigated. Across the three tissue types, GLCM mean, kurtosis, and sgelen®ot appear to
vary significantly for both the compressed sensing and the classic downsampling and interpolation
cases, whereas the largest changes are apparent in features such as contrast, correlation, and
dissimilarity, all of which are measuresdifference or distinction of some sort.

Further analysis was performed to assess whether the compressed sensing approach
conserves optical parameters, the attenuation coefficient being of particular importance. No
statistically significant difference (p < 0.05) was found among most comparisbusen the

original and the C®CT-based samples (50% to 1% for cancer and 50% to 5% for stroma). This
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is consistent with the finding that texture features also appear to be preserved adrasedCS

reconstructions.
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Figure 24. Statistical analysis of six GLCMased texture features for adipose tissue, from the
original image, the C®ased image reconstruction at varying degrees of compression, and
traditional, interpolated images at varying rates. Statistical significanceedyripvalue (* p
< 0.05, * p<0.01, ** p <0.001). Values are reported as meanS.®. over 4 ROI selections.
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Figure 25. Statistical analysis of six GLCMased texture features for cancerous breast tissue,
from the original image, the Glsased image reconstruction at varying degrees of compression,
and traditional, interpolated images at varying rates. Statistical sigmi@caported by alue
(* p <0.05, *p <0.01, *** p <0.001). Values are reported as meanS.B. over 4 ROI
selections.
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Figure 26. Statistical analysis of six GLCMased texture features for normal stroma of breast
tissue, from the original image, the ®&sed image reconstruction at varying degrees of
compression, and traditional, interpolated images at varying rates. Statistifadasige

reported by pvalue (* p < 0.05, ** p < 0.01, *** p < 0.001). Values are reported as means +/

S.D. over 4 ROI selections.

4.4. Conclusions

Compressed sensing provides overall improvements in image reconstruction, opening up
the possibility of revision in current optical hardware, and higher efficiency in-k¥S&d image
acquisition for clinical workflow. Our work proves a remarkable improvamia image

reconstruction speed given undersampled data while preserving image quality and features to a

great extent. C®CT has the potential to significantly alter the presently established clinical
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workflow for breast cancer assessment, by introducing OCT as a means of rapid intraoperative
assessment in place of frozen section analysis and pathology studies. Coupled with automated
image analysis, implementation of compressed sensing could also tiedunaed for rexcision

of tumors by allowing rapid assessment of cancer margins, thus improving diagnostic speed

relative to standard histological procedure and boosting diagnostic accuracy.
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Chapter 5: Integration of Compressed Sensing in an OCT System

5.1 Introduction

High-resolution OCT can improve the efficiency of a critical step in the care of patients
with cancer and a variety of pathological conditions. This chapter details the development of an
endto-end systemanOCT tissue scanner that can comprehensively ifsgesurgical resection
samplesThis is achieved by utilizing compressed sensing and a calizeted acquisition device
capable of OCT imaging. Compressed sensing (CS) enables sampling protocols that scan below
the Nyquist sampling rate, thus deciegsmage acquisition time. Higresolution OCT imaging
of fresh tissue adapted to the setting of the pathology laboratory can enhance the entire pathology
workflow for evaluatingissuespecimens for cancer and other diseases.

Speed is critical to image largeale tissue in the pathology workflow because a surgical
resection needs to be processed in a lintitad. We aim tooptimize a reconstruction algorithm
and image acquisition protocol to enable fast comprehensive, high resolution imaging employing
compressed sensing.

In work published by our lafl87, 217, we report on the use of a novel CS algorithm,
called Denoising Predictive Coding (BDRC), developed by our lab for reconstruction of OCT
volumes of human normal breast and breast cancer tissue. It was shown thatR@ealijdrithm
is capable of reconstructing subsampled OCT image volumesgmqsition to full resolution
using CS princigs. Thischapter outlines the use of the ERC algorithm to volumes acquired
with a pilot OCT tissue scanner using an appropriate acquisition scheme that effectively samples

well under the Nyquist rate.
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5.2 Methods

5.2.1 Sample preparation

Samples includa US Air Force 1951 resolution target dadlayers oftranslucent scotch
tape on corkboard. In addition, tissue bank specimens included human breast and uterine tissue,
which comprised discarded tissue that was not required for diagnosis as defined by the Department
of Pathology at the Columbia University Irving Medical Cenf@nally, tissue from porcine and
human donor hearts were acquired under approved protocols from the National Disease Research

InterchanggNDRI).

5.2.2 OCT scanner
Samples were imaged by the commercial spectral domain OCT system, TELESTO |

(Thorlabs GmbH), which has a 1325 nm centered source, d&nd 6.5 dlateral and axial
resolution in air, respectively, and 2.51 mm imaging depie OCT system was interfaced to a
PC with MATLAB-based system control3he quality of spectral measurements is directly
correlated toprobe orientation and stability. To account for this variabilitiie objective was
positioned orthogonalo the tissue surfaceddegreeangle) during imaging. Volumes were
acquired at 28 kHz linerate, amdlividual B-scansneasured 512 by 1024 pixels, which physically

correspond to 2.51 mm by 5 mm, respectively.

5.2.3 Scanning protocol

Compressiowasdone at various-ine sampling rates. We optimidé¢he block size, the
denoising method, and the spacing between fully sampiechBs (se€igurel?). To enable the
predictive coding method, which includes a combination of fully samplestaBs and
undersampled Bcans, we utilizeé both the forward and backward scdrmn the scannethus

increasing the duty cycle. The backward saanounted fola natural undersampling of the B
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scans by splitting Aines Figure27 andTable8) across a determined number gé8ans along a
fixed distancd. between full samplesmage volumes resulted in 512 b§24pixel B-scans and
with a total of €0  p) scans,which comprisel fully-sampled forward scarend 0 p
subsampled backward scam$e resulting voxel always spanned 5 mm x 5 mm x 2.51Wi/thin
our experimental tests, we evaluate different distabedseen fully sampled Bcans(D), to

evaluate image reconstruction performance at various degrees of compression.

7

(b)

backward scan

reconstructed a-lines

Figure 27. Imaging protocol for undersampling. (&) OCT volume consisting of a stack of B
scans, each of-by-Z pixels (for this studyz= Rk ). (b) En faceview of volume.
Fully sampled forward scans represented by solid, grey arBag&wards scan represented by

diagona) dashed redrrows: thescanner captureslimesin the backwards direction frothe end
of a fully-sampledB-scan to the beginning of the next one, separated by fixed distance
whered Ly 4 , wherell = 5.0 mmandd is the total number of fuligampled Bscans
(c) Backwards scan mapping scheme: backwards scan informagiolit sndmapped to
multiple undersampled-BcansMissing A-lines marked by dasheolue lines are filled in and
reconstructed by the DRC algorithm.
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Number of
. A-lines from a
ST Fully-sampled St S sanplEg N!.lmbt_ar ot backwards | Total B-scans Nu.mber ] Compression
between full Backwards | B-scans between | A-lines in full . A-lines per
B-scans (N) scan in each [ per volume rate
samples (mm) Scans full samples (M) sample volume
subsampled
B-scan
Equations L N N-1 M = (1024-N)/(N-1) 1024 1024/M M*(N-1)+N | 1024*(2N-1)| (2N-1)/1024
100% 1024 0 0 1024 1024 1048064 100.00%
12.5% 0.079 64 63 16 1024 64 1072 130048 12.40%
5% 0.161 32 31 32 1024 32 1024 64512 6.15%
2.5% 0.333 16 15 68 1024 16 1036 31744 3.03%
1% 0.714 8 7 146 1024 8 1030 15360 1.46%

Table 8. Subsampling experiment table for a 5 mm long volutmetween every fulhsampled

B scan is a backwards scan, whickpéit and mapped to setnumber of subsampled-&ans

between full sample€ompression rate is approximately equivalent to 50%, 25%, 12.5%, 5%,
2.5%, and 1%f total data Data isunavailable for 50% and 25%haded in grey

5.2.4 Metrics

CS-OCT has potential clinical impact where observer evaluation of the image plays a vital
role. We selected quantitative metrics to assess and compare compressed sensing reconstruction
performance. The first measure is Relative Error, which measures the intensity difference between
the original and reconstructed images. It is defined as writtenuatieg4.1. Relative error is a
value between 0 and 1, where a value of O indicates that evaluated images are identical, and 1
indicates otherwis& he second measure is the Structural Similarity Index Measure jS8Hi¢h
evaluates the similarity between two images using luminance, contrast, and structure as
guantitative elements (see Equation 4.2). The SSIM is a value between 0 and 1, where a value of
1 indicates that the evaluated images are identical, anddaiesliotherwise. The third measure is
the Feature Similarity Index Measure (FSINFSIM measures the quality of lelevel image
features that are important to how the human visual system assesses imagE46alfsIM is
bounded similarly to SSIMFinally quantified isthe Mean Square Error (MSEhich is the
guantification of the squared, pointwise difference between two images. Smaller MSE depicts
better overall performanc&hese metrics were applied to fully reconstructed volumes of 1024 B

scans each. We also evaluated these metrics on cropped versions of the same volumes with 200 x
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200-pixel ROIs, to assess consistency across metrics betweemagie and smalegion
comparisonsWe also recorded acquisition time for optical scanningreatdeconstruction time
for the DNPC algorithm tobatch andbuild full 512 x 1024 x 1024 voxel volumes from
undersampled data.

DN-PC algorithm parameters remained equivalent to those descrigg?inThe image
reconstruction using DI¥YC was done using a Windows 10 desktop with an AMD Ryzen 9 12
core processor CPU at 3.7 GHz, a NVIDIA GeForce RTX 3080 GPU, and 6f BBM. The

acquisition and reconstruction algorithms were fully run on MATLAB 2023b.
5.3 Resultsand Discussion

5.3.1 Reconstruction pattern

As outlined inFigure27, the reconstruction pattern of choiwe this studywas that of a
Astaircaseo, -sedane which dpan bdiweenfully s@npled or forwast@hs, are
split up intomultiple a-line chunks spread ovena&quivalennumber of undersampled-&ans.
For example, if an acquisition 6f @ tB-scans is utilized for reconstruction, there will be 16
B-scanseachwith an aline chunkfrom the same backward scan positioned between two fully
sampled Bscans. This pattern is repeated until the end of the volimexample of thistaircase
pattern is depicted iRigure28. Resulting reconstructed-&ans have a noticeable section where
image quality is high and wetlefined; this section corresponds to the originkthé chunk used
to create the reconstructionhe DN-PC algorithm accordingly fills in the rest of thesBan with
a noticeable drop in image quality and Hlunther away from the originaténes used as basis for
reconstructionOther reconstruction patterns, suchaaaircase withrandomly assorted-lines
(shown inFigure 29), were conceptualized anedsted but reconstructed images appeared worse

in quality than the staircase pattern aloheditional patternshat were tested but failed to improve

75



reconstructiorguality included (i) a staircase pattern with overlappidigna across Bscans, (ii)

randomly ordered-tine chunks, and (iiian alternate forma-line staggering.

g

Figure 28. Staircasepattern, compressed sensing OCT image reconstruction. (a) Original image;
100% of samples (b) Singularsean that forms part of the backward scan mapped in a staircase
pattern (c) DNPC-based image reconstruction. Scale bar ='5@0
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Figure29.Concept pattern for reconstrudines.@n: st ai
Concept sketchGreyarrows indicate forward scangd, left-facing arrows indicate backward
scan Aline groups. Black dots represent assorted, randdime& spread ontoBcans between
forward scans. (b) Bcan input for C®)CT reconstruction. Scale bar = 500

5.3.2 Image quality and resolution
Reconstructions of imaged tape on corkboard and a USAF1951 target were performed to
evaluate the quality of reconstructions across multiple compression levels. As shtioguré30,

increasing degrees of compression introduced high levels of blur, particularly prominent past the
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5%,0 o ¢B-scan compression level. Layers of tape become indistinguishable due to varying

degrees of blur introduced by the reconstruction.

Figure 30. Reconstruction of OCT volume of ten layers of tape on corkboastaB view.
(a) fully sampled (Nyquist! ) (b) 12.5%4 , (c) 5% (d) 2.5%,4! ,
(e) 1%A . Scale bar = 500 &
Furthermore, visualization of USAF19%drgetreconstruction shown iRigure31 depicts
marked degradatioof resolution and image quality. More notable is the anisotropic nature of the

reconstructiori as the compression becomes restrictiegpnstructedines shift directions, and

edges appeamaligned. At the 1% level, even large target lines become difficult to distinguish.
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