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Abstract 

Implementation of Compressed Sensing Theory on Acquisition of Optical Coherence 

Tomography 3-D Image Volume Data  

Diego M. Song Cho 

 

 In breast cancer assessment, tissue removed during biopsy or surgery is sent to 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, which results in a labor and 

time-intensive process to obtain a diagnosis. There is an unmet need to identify regions of 

diagnostic interest in breast tissue samples to increase the efficiency of the clinical pathology 

workflow. al coherence tomography (OCT), a noninvasive imaging modality capable of depth-

resolved, high-resolution, and in vivo imaging of tissue at large fields of view, enables effective 

assessment of this tissue. However, there is a two-fold problem: the large size of resected tissue to 

be imaged within clinical time constraints, and the high density of multi-dimensional OCT image 

data. An approach that enables comprehensive imaging by reducing both imaging time and data 

density is compressed sensing (CS), a theory that enables undersampling far below the Nyquist 

sampling rate and guarantees high accuracy image recovery. Therefore, the objective of this work 

is to demonstrate that compressed sensing techniques can be applied to OCT imaging to revise 



 

 

current optical hardware and improve the efficiency of image acquisition. CS-OCT has high 

potential for significantly altering the presently established workflow for breast cancer assessment. 

 In this work, we prove that current OCT systems require further reduction of data sampling 

rate, to enable effective integration of the systems into the clinical pathology workflow. In 

addition, we identify challenges associated with the matching of OCT and histologic data that may 

be important to consider in the context of in vivo imaging. 

 Further, we demonstrate the application of a novel and improved compressed sensing 

algorithm capable of reconstructing OCT volumes from highly undersampled imaging data. We 

show that these reconstructions preserve high spatial resolution and key image features, and we 

illustrate its improved performance over traditional reconstruction methods. 

 Lastly, we integrate our compressed sensing techniques to physical OCT hardware. We 

demonstrate a pilot OCT system that integrates efficient undersampling schemes with 

subsequently successful 3-D image reconstructions. We evaluate acquisition patterns that take 

advantage of the typical forward and backward scan cycle of OCT systems to accomplish native 

subsampling of target data to varying degrees of compression. Using our CS-OCT algorithm, we 

successfully reconstruct OCT image volumes and demonstrate qualitative 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 improving the image acquisition 

and subsequent processing of imaging data in optical coherence tomography (OCT) systems 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 care for breast cancer, from screening and initial staging of 

the disease to the treatment of early-stage cancer. We will also describe the biological, operational, 

and physical challenges faced by clinicians treating this disease, which further motivate the work 

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 clinical work. Finally, 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 women [1] in the United States alone, there are over 310,000 new cases 

and over 42,000 deaths each year [2]. 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 cancer. X-ray 

mammography is a standard screening method for reducing breast cancer mortality [3]. When 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 performed with intravenous 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 has remained attractive to clinicians is that of frozen sections [4, 5]. 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 from the frozen 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 complete [6]. The clinical pathology workflow from screening 

to histology slide creation is depicted in Figure 1. 

 

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 (bread-loafing) and examined 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. 
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As breast cancer screening rates have increased thanks to procedural refinements, smaller 

and more numerous lesions have been identified earlier. In many cases of early-stage breast cancer, 

breast-conserving surgery (BCS) is the treatment of choice. BCS involves the local removal of 

tumors and surrounding, disease-free or negative margins [7]. BCS not only preserves the 

appearance of the breast, but also offers a shorter recovery time for patients [8, 9]. After 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 clear the margin. Re-excision can also be prompted by 

the appearance of ductal carcinoma in situ (DCIS), an early-stage, localized condition of the 

cancer. DCIS unfortunately does not have a clinical correlation and is underestimated and may 

remain undetected radiologically [10, 11]. Overall, this leads to increased healthcare costs as well 

as both physical and psychological stress for patients. [12, 13]. 

High re-excision rate in the treatment of early-stage breast cancer can be attributed to a 

lack of adequate intraoperative tools that can accurately detect the presence of residual cancers at 

the margins [14-20]. Tumor margin assessment is thus a crucial concern in the consideration of 

breast-conserving surgery, in order to avoid margin re-excision and to reduce the risks of localized 

recurrence of breast carcinomas. While postoperative histopathology is the gold standard method 

to detect residual cancers on excision specimens, it can take up to 5-7 days to process and does not 

assist intraoperative clinical decision-making. 

There are no real-time and non-destructive 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 entirely. Radiography and ultrasound 

are readily available tools, but they have not been implemented extensively in BCS due to low 
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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 density [21-25]. Ultrasound, despite higher performance levels, is 

limited by its high dependence on operator technique [26], difficulty in detecting DCIS [21, 27], 

and the risk of false positive findings [28]. Blot cytology is time-consuming and cannot identify 

lesions close to the surface of the excision [29, 30]. Similarly, frozen section analysis is not 

recommended due to extensive time, organization, and accuracy concerns [31-34], 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 margins [35, 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 micron-level lesions [38]. Reflectance 

confocal microscopy (RCM) is non-invasive and real-time-able, with high reproducibility and 

resolution close to histological standards [39], 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, depth-resolved information, 

or speed of acquisition and processing, all of which are important factors to consider 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 the 20th century in the clinical 
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detection of cancer, and remains the method of choice to screen women who show no signs or 

symptoms of the disease (preventative imaging) [42]. Additional imaging methods such as 

ultrasonography and magnetic resonance imaging (MRI) are 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 include various types of optical imaging, 

thermography [43], and elastography [44]. In seeking guidance methods to improve outcomes for 

breast cancer diagnosis, imaging methods with 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 for tissue-type 

discrimination and breast cancer diagnosis.  

Radiographic approaches exploit 2-D x-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 localize the center 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, but it did lead to a significant reduction in positive margins 

[45]. Multiple radiographic images are acquired in orthogonal 2-D views to obtain 3-D 

information. Intraoperative specimen radiography has yielded a sensitivity of 41% and a specificity 

of 78% with 2-D imaging, and a sensitivity of 47% and a specificity of 75% with 3-D imaging for 

positive margins [46]. While specimen radiography can reduce the number of re-excisions, 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 of invasive cancer. In 

tomosynthesis, x-ray projections are used at different angles for 3-D information to create an image 
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stack of cross-sectional images rather than orthogonal images [47]. X-ray imaging is 

conventionally accepted and used for in vivo breast imaging, as it provides volumetric data with 

good fat vs. tissue contrast that can be readily interpreted. Subtleties in radiological reading are 

also now well-developed, and radiology consults are available at most medical centers. Limitations 

to radiography, however, include lack of specificity for tumor versus dense fibroglandular tissue, 

which lead to diminished accuracy for cancer margin assessment [48]. 

Another form of radiographic projection imaging is micro-CT. Micro-CT uses x-ray 

projections similarly to conventional CT, but has higher resolution in the micrometer scale, making 

it useful for margin and microcalcification assessment. Its primary advantage over 2-D x-ray 

projection imaging is high soft-tissue contrast, but it is still limited in discriminating tumor and 

fibroglandular tissue. Micro-CT has been used to image resected tumor tissue, shaved cavity 

margins, and auxiliary lymph nodes in breast-conserving surgery [48-52]. It has also been 

combined with other imaging systems, such as spatial frequency domain imaging (SFDI) [50]. 

Spatial frequency domain imaging (SFDI), also known as structured light imaging, projects 

patterns of light at different spatial frequencies to assess the surface of specimens. Metrics obtained 

through it include attenuation coefficients, reduced scatter coefficient, oxygenated and 

deoxygenated hemoglobin concentrations [53]. The primary advantage of SFDI is its wide-field 

process with rapid acquisition and cost-effectiveness. It can distinguish benign from malignant 

samples with great specificity to pathology subtypes (fibrocystic disease, fibroadenoma, ductal 

carcinoma in situ, and invasive cancer) [54]. While it is a powerful tool, SFDI is limited by its 

surface-level 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 
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usually involves the injection of a fluorophore, followed by imaging (during surgery or after 

resection). In a small sample-size study, near-infrared fluorescence imaging was performed using 

methylene blue based on the observation that methylene blue is frequently taken up by malignant 

cells more prominently and washed out more quickly in benign tissue [55]. Another fluorophore 

commonly used for sentinel lymph node tracing is indocyanine green [56]. There also have been 

label-free fluorescence imaging techniques, such as autofluorescence imaging, which involve 

capturing light emitted by natural sources in the body [57]. Fluorescence lifetime imaging (FLIM) 

is another form of label-free 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 specificity in identifying cancerous, fibrous, and adipose tissue from 

breast cancer specimens [58]. Combining FLIM with monitoring of intrinsic fluorophores such as 

nicotinamide-adenine dinucleotide with hydrogen (NADH) and flavin adenine dinucleotide (FAD) 

have proven potent for cancer metabolism monitoring, with even more sensitive applications in 

cases of glucose depravation [59, 60]. Fluorescence imaging shows promise in positive-margin 

reduction due to its high selectivity for targeting tumor cells and its ability to do real-time imaging. 

However, it also poses a potential for invasiveness in procedures involving injection of 

fluorophores, as well as potential toxicity of certain organic fluorophores, and imaging depth 

limitations depending 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 tissue [61], MRI has a high false-positive rate [62]. Contrast-

enhanced digital mammography has also proven useful, but is not typically used in surgery due to 

limited usability and availability [63]. Ultrasound imaging is well-established for guiding needle 
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biopsies for lymph node and breast lesion assessment [64]. It has also been proposed for 

intraoperative tumor margin assessment [65]. However, ultrasound is not suitable in all situations, 

as it cannot detect microcalcifications in cases of in situ breast cancer. There have also been many 

recent developments in the manufacturing of portable and low-cost optical imaging devices 

capable of providing valuable structural and functional information necessary for imaging-based 

assessment of breast cancer. Other applicable optical imaging techniques include diffuse optical 

tomography [66], diffuse optical spectroscopy [67], photoacoustic tomography [68], optical 

coherence elastography [69-79], and optical coherence tomography [80]. 

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 tissue [81]. In addition, it can reach real-time acquisition speeds and can be 

compatible with miniature imaging probes. It is a modality with commercial and clinical uses well-

established in ophthalmology [82] and cardiology [83]. The potential of OCT as an intraoperative 

margin assessment tool for breast cancer has been increasingly investigated [80, 84-87]. Moreover, 

ultrahigh resolution (UHR) OCT has been shown to differentiate diseased breast tissue from 

healthy tissue and has been used to identify important tissue features, as can be seen in Figure 2. 

It has also shown promise to be accurate in deep learning and convolutional neural network-based 

studies [88-90]. 
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Figure 2. Comparison of OCT B-scans acquired with 1300nm standard-resolution commercial 

OCT system (a, d) and 800-nm UHR-OCT system (b, e) and their corresponding histology (c, f). 

Normal breast tissue features include adipose, stroma, and the terminal ductal lobular unit 

(TDLU). Malignant features include a subtype of invasive ductal carcinoma (IDC), known as 

mucinous carcinoma. Insets are zoomed-in views of the adipose region and cancer cells. Insets 

cover 0.3mm x 0.33mm area. Scale bar: 250ɛm. 

 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 colleagues [91, 92] first demonstrated the feasibility of OCT imaging 

for basic research of breast cancer, when they performed imaging of mammary tissue in a 

carcinogen-induced rat mammary tumor model and successfully distinguished subtypes in normal 

and pathological breast tissue microarchitecture, such as adipose, glandular or solid tumor mass, 

ducts, and tumor margins. They also demonstrated a strong correlation with corresponding 

histopathology. 

Subsequently, rapid development of novel computational analysis and acquisition methods 

for OCT-based imaging of breast tissue ensued in following years [93-97]. Furthermore, studies 

transitioned from the animal model to the study of human breast tissue, by comparing normal tissue 

to benign and malignant lesions through OCT B-scan images [80], inspecting en face (x-y plane) 
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images from optical coherence microscopy (OCM) [87], and performing full-field OCT (FF-OCT) 

[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 images [80]. In this study, the authors 

performed 3-D 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 that lipid-filled adipocytes appeared with low scattering with 

well-defined, and highly scattering borders. 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 

scattering, between that of adipose and fibrous stroma. While glands were difficult to distinguish 

from singular 2-D images, 3-D volumes elucidated the structure of a terminal ductal lobular unit 

(TLDU). In malignant tissue, collections of malignant cells within ducts and lobules (in situ) 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 20 ‘ά. 

 Additional studies further described the appearance of breast carcinomas under OCT 

imaging. Zhou et al. showed that in situ carcinomas distorted the normal appearance of ducts and 

lobules by expanding and occluding luminal spaces [87]. In infiltrating cancer, tumor tissue 

exhibited higher scattering than for the in situ 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 full-field OCT by Assayag et al [85]. In this study, FF-OCT 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 face images that were subsequently stitched to display a large area. This system, however, 

required an ample 20-minute warm up time for proper field illumination and function of the 

mechanical system, as well as an additional 2-3 minutes for sample positioning and 7 minutes for 

acquisition and stitching of images. 

Other functional extensions of OCT have been investigated, such as polarization-sensitive 

OCT [98-105] and optical coherence elastography [71, 73-79]. Polarization-sensitive OCT (PS-

OCT) uses the measurement of depth-resolved polarization states of backscattered light. It can 

quantify tissue birefringence, which is the optical property of a materialôs refractive index to vary 

with changes in the polarization state of an incident light. Many biological tissues exhibit this 

phenomenon, particularly with dense, organized, and collagen-containing connective tissue. 

Verma et al. [100] found that healthy breast tissue exhibits higher birefringence compared to 

malignant tissue. Subsequent studies have demonstrated the potential of PS-OCT as a high-speed 

imaging system that can differentiate birefringence properties of human breast tissue in both 

normal and pathological conditions [99, 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 applications [104, 105]. Optical coherence elastography (OCE) probes 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 alone [75]. OCE-enabled needle probing has also been demonstrated ex vivo on human tissue, 
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extending its potential as a surgical tool [71]. An improved form of OCE, named optical coherence 

microelastography (OCME), has also been recently presented [72, 106-110]. 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 tissue subtypes and structures, and 

the need for real-time, 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 tumors 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 be a real-time method for 

intraoperative work, current systems are not quick enough to scan and process entire 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 high accuracy and conjoins it with available high-speed and high-resolution 

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 spectral-domain OCT, the type of system that was used throughout the investigative endeavors 

covered in this dissertation. The chapter further describes the formation of the interference signal, 

as well as the optical characteristics that define the OCT systemôs lateral and axial resolution. The 

chapter then delves into the 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 Nyquist-Shannon sampling criterion possible and thus enabling 

acquisition 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 state-of-the-art OCT system that enables large field of view 

imaging at high resolution and high speed. Such an imaging experiment is needed 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 and net acquisition time required of our OCT system for imaging 

all cassettes with surgical tissue specimens. The chapter also analyzes texture features and their 

relations to pathology-based 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 pre-existing OCT volumes of human normal breast and breast cancer tissue. This 

study aims to prove that compressed sensing techniques can be effectively applied 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 downsampling and interpolation-based reconstruction. 

 Chapter 5 describes the design and testing of a pilot OCT system that integrates our labôs 

compressed sensing techniques to highly undersampled imaging data. This proof-of-concept 

system makes use of customized scan patterns to fulfill the sparsity condition required for 

successful compressed sensing-based image reconstruction, and we compare the resulting 

reconstructed images to fully sampled data. 

 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 for high-level and multi-

dimensional processing of OCT image data. OCT was first demonstrated in 1991 by Huang et al 

[81]. It has since been demonstrated as an in vivo capable optical imaging modality, with imaging 

performed at micron-level resolution and a large field of view several times that of traditional 

microscopy, volumetric scanning at depths of 2-3 mm [118], and video-rate imaging speed [119]. 

These characteristics of OCT ï its in vivo capability, its resolution, and its large field of view ï 

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

2.1 Overview 

 Optical coherence tomography is a three-dimensional, non-destructive, non-invasive, and 

micrometer-resolution capable optical imaging technique. It is based on low-coherence 

interferometry, in which low-coherence, near-infrared light is sent to a sample, and backscattered 

light is detected and arranged to produce an image. OCT closely resembles the well-known 

Michaelson interferometer. The imaging modality works by splitting the source light into two 

paths, referred to as the reference arm and the sample arm. Light 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 light waves are coherent, the waves add to each other, and the resulting wave is 

described by the equation below.  

        Ὅὶ  Ὅὶ   Ὅὶ  ς Ὅὶ Ὅὶ ὧέί‰ ὶ ‰ ὶ  (2.1) 
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 The cosine term in the equation above represents 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 for 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 called the A-line. Optical instruments 

like galvanometers or galvos can be used to scan the source beam in one dimension or two 

dimensions, to create a tomographic image (called a B-scan) or a volume, respectively (Figure 3). 

 

Figure 3. Optical coherence tomography scans in multiple dimensions: 1-D scanning (z) over 

axial position to create A-lines; 2-D transverse scanning (x-axis) to create cross-sectional images 

called B-scans; and 3-D raster-scanning across xy-axes to create image volumes [120]. 

 In a way, OCT combines the best advantages from microscopy and ultrasound in a single, 

customizable imaging modality (Figure 4). Ultrasound, which is a commonly used medical 

imaging modality, can achieve 1 - 10 cm image penetration and 10 µm - 1 mm resolution. 

Microscopy has much higher resolution, under 1 µm, but highly reduced image penetration (under 

1 mm). OCT fills a gap between 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 depending on the varying 

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. 

 

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 with poorer resolution. 

OCT spans an axial resolution from 1 µm to 15 µm with several millimeter penetration depth. It 

fits between microscopy and ultrasound, making it well-suited for applications that require high 

resolution and large imaging depth [121] 

Thanks to these characteristics, OCT has become a standard of care in ophthalmology [81], 

and has seen promising results in other fields, including cardiology [122], gastroenterology [123], 

dermatology [124], and surgery [125]. 
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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 low-coherence interferometry similar to the 

Michaelson interferometer, resulted in the earliest form of OCT technology: time-domain OCT 

(TD-OCT). In TD-OCT, the light from a low-coherence, broadband, continuous-wave source 

(typically centered at a wavelength of 800 nm or 1300 nm) is sent to a non-polarizing beam splitter 

and separated 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 from both arms is recombined 

and the total signal is detected at a single-channel photoreceiver. 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 theorem [126], 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 spatial domain z is 

equivalent to scanning the interference signal in the wavenumber domain k followed 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 Fourier-Domain OCT (FD-OCT). They 

are swept-source OCT (SS-OCT) and spectral-domain OCT (SD-OCT). 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 SS-OCT, the light source sweeps across a range of wavelengths, effectively being a 

rapidly-tunable laser, 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 TD-OCT [128, 129]. 

In contrast to the former, SD-OCT employs a continuous-wave, low-coherence light 

source, and the spectral interferogram is captured using a spectrally-separated detector, a 

spectrometer, which uses a diffraction grating to split the constituent wavelengths of light and 

projects the light onto a detector array of a complementary metal-oxide semiconductor (CMOS) 

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 SD-OCT to have increased sensitivity, thus enabling high-speed OCT imaging experiments 

[130-132]. Due to this sensitivity advantage, SD-OCT opens the door for clinical applications 

where high speed is a requirement for in vivo imaging. 

2.3 Image Acquisition 

 For the remainder of this dissertation, we will concern ourselves with SD-OCT systems, as 

it is best suited for our high-speed and high-resolution 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 profile (A-line). Equation 2.1 can be rewritten to 

fit the SD-OCT case, as follows: 

                        ὍὯ  ὍὯ  ὍὯ  ς ὍὯὍὯВ‌ ὧέίὯᾀὲ     (2.2) 
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where k is the wavenumber and ‌  is the square root of the reflectivity of the sample at particular 

depth ᾀ. The a-line is obtained by computing the inverse Fourier Transform of Equation 2.2. 

 ȿὊὝ ὍὯ ȿ  ῲ ᾀ ṧ ‏π  В‌ ᾀ ‏ ᾀ  В‌ ᾀ ‏ ᾀ ὕὍȾὍ     (2.3) 

where ῲᾀ 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 each other, so one 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 interpretable a-line, envelope detection is first used to identify and filter 

out the envelope of the coherence function, ῲᾀ. The DC component of the spectral data is filtered 

through offset correction to isolate the interferogram. Then, the corrected spectrum is windowed 

and resampled evenly in k-space or wavenumber-space, resulting in a complex axial profile of the 

sample. Finally, the a-line is created by computing the magnitude of this profile and expressing it 

in decibel units. This series of processing steps is shown in Figure 5. 
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Figure 5. SD-OCT processing for obtaining an A-line from raw spectrometer data [133].  

2.3.1 Resolution 

A unique aspect of SD-OCT is that the mechanisms that affect axial and lateral resolutions 

are decoupled, thus allowing design changes depending on the use and application. 

 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 diffraction-limited spot size 

of the beam focusing optics. 

 The numerical aperture (NA) partially 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 light-capturing ability of the objective lens and is defined as 
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          ὔὃ  ὲ ίὭὲ —        (2.4) 

where n is the refractive index of the medium in which the lens transmits light (e.g. for air n =1, 

for water n = 1.33, for tissue n = 1.4), and — is the maximum half-angle 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 of lateral resolution. Conversely, high NA yields higher lateral resolution but reduces the 

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

provide a longer depth of focus.  

 

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

aperture (NA) of the objective lens determines the systemôs focusing power, and there is a 

tradeoff between lateral resolution and axial field of view [121]. 

The lateral resolution, ‏ὼ, is mathematically defined as the full-width half-maximum 

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

Gaussian-shaped beam profile, the lateral resolution is the beam diameter at half maximum. 
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ὼ Ѝς ὰὲς ύ‏    Ѝς ὰὲς 
 

  
Ѝς ὰὲς 

 
        (2.5) 

where w0 is the radius of the beam waist (where the intensity of light drops to 1/e2); f is the focal 

length of the lens; d is the diameter of the beam entering the objective; and ‗ is the center 

wavelength of the light source. The numerical aperture, NA, is approximately equivalent to  

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, the axial resolution is the round-trip 

coherence length of the source, and can be written as, 

  ᾀ  ὰ‏     
 

        (2.6) 

where ‗ is the center wavelength of the light source and determines penetration depth as 

previously described. ῳ‗ is the bandwidth of the light source. To achieve high axial resolution, 

short center wavelengths and broad bandwidth can be chosen. 

 

2.3.2 Multi-Dimensional Imaging 

 Throughout the work presented in this dissertation, multi-dimensional OCT data is 

processed in various ways. In SD-OCT, two forms of multi-dimensional data are used frequently. 

First is volumetric image data, which comprises imaging data mapped in 3-D spatial coordinates. 

We can express such a volume as Ὅὼȟώȟᾀ, where ὼȟώ are lateral dimensions and ᾀ is the axial 

direction, parallel to which a-lines are captured. Therefore, by convention, ὼᾀ- and ώᾀ-mapped 2-

dimensional images are called b-scans, while ὼώ-mapped images are called en face images 

(equivalent to a top-down view of the tissue sample). In a volumetric OCT image acquisition 
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process, OCT systems typically use 2-axis scanning (enabled by a galvo) to acquire B-scans that 

are equally spaced apart from one another. The spacing is set such that resolution is preserved 

laterally. The second type of multi-dimensional OCT data is time-lapse image sets. In this latter 

case, data is acquired repeatedly by scanning over the same area through a set time interval to 

capture time-dependent processes. In this dissertation, this latter form of time-lapse OCT data is 

not explored. 

 An advantage of OCT over microscopy and other imaging modalities is the combination 

of resolution and field of view. With 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 in length, by 

acquiring multiple adjacent image volumes of a target of interest and performing stitching or 

concatenating operations to form a single mosaic volume. Many have proposed and implemented 

image stitching algorithms to accomplish mosaic volume creation [134-143]. A common approach 

to mosaic volumes is the presence of spatial overlap between adjacent volumes with added (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 representative of entire tissue samples. 

 

2.4 Compressed Sensing 

 Though 3-D OCT has shown potential for real-time capture of images with micron level 

resolution over a large field of view, in standard Nyquist-Shannon sampling schemes, a fully 

sampled signal required at least twice the bandwidth of the signal [144]. This requires a long data 

acquisition time and many measurements. A typical OCT image volume can contain over 100 



25 

 

million pixels of information. The data requirements of OCT imaging experiments in mosaic 

imaging [145, 146] and real-time acquisition [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 view within limited time constraints. These reasons motivate developing 

specialized solutions that can handle large amounts of data within operational constraints for image 

acquisition in 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 assumption requires that the 

reconstructed signal must be sparse in some basis [149] (see Figure 7). For a known undersampling 

scheme, one can model the problem as a classic signal processing problem ï a linear relationship 

ώ ὃὼ where ώ is an observed and undersampled signal; ὼ is the sparse and fully sampled signal; 

and ὃ is the sensing matrix of size ά Ø ὔ  with which one can map a relation between ὼ and ώ. 

In compressed sensing, we sample ά measurements out of signal length ὔ, and when ά ὔ, the 

linear system is underdetermined. By exploiting the sparsity of a signal and the coherence of the 

sensing matrix, it takes a few measurements to achieve signal recovery via compressed sensing. 
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Figure 7. Sparse signals are signals with a representation in some domain where the number of 

non-zero elements in that domain is significantly lower than the signal length.  

(left) Time-domain signal. (right) Same signal in the Fourier-domain. 

 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 compression process, 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 

[150]. Further advances in image compression prompted pioneers in information theory [151, 152] 

to raise key questions, which Lustig et al. [153] posed in the context of MRI: ñSince the images 

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 compressed information directly from a small number of measurements, and still 

reconstruct the same image, which would arise from the fully sampled set? Furthermore, since 

MRI measures Fourier coefficientsé, the question is whether it is possible to do the above by 

measuring only a subset of k-space.ò 
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  In essence, the problem entails having only an undersampled signal ώ and taking a guess 

at missing values by evaluating ὃ ώ. This, however, is an underdetermined problem, so one could 

surmise that the result would be different from the true, fully sampled ὼ signal. 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 data and retain few large and 

positively valued coefficients when sparsely transformed. This ultimately entails solving an 

optimization problem, i.e. finding an image that minimizes the following [153]: 

     ÁÒÇÍÉÎȿώ ═ὼȿ ȿὼȿ        (2.7) 

where columns of  are basis vectors. In general,  is a sparsifying matrix that transforms ὼ into 

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 solved by Љ 

minimization, but this problem is NP-hard, meaning that it is difficult to solve. As a result, the 

most popular compressed sensing algorithms use Љ-minimization, which can be conveniently 

solved with convex optimization methods. The Љ norm in the first term of the problem enforces 

consistency between the observed signal ώ and the undersampled version of the solution ═ὼ. 

  The major benefit of the results from compressed sensing theory is that it makes it possible 

to perfectly recover a fully sampled signal ὼ under the right set of assumptions [154], 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 frequencies 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 clinical imaging 

applications, such as pediatric imaging [155], cardiac imaging [156], and MRI [157-159], with 

reductions of data storage needs up to 90%. In the context of breast imaging, CS has been explored 

in ultra-wideband microwave imaging [160, 161], photoacoustic tomography [162, 163], digital 

breast tomosynthesis [164, 165], dynamic contrast-enhanced MRI [166], and magnetic resonance 

spectroscopy [167]. CS has also been applied to OCT imaging [168-185]. CS applied to OCT 

imaging typically has two different approaches. First, its goal may be to reconstruct the raw 

interferogram and hardware-specific signals. This set of methods has had success [169, 175, 185, 

186] but is not adaptable to pre-existing 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, 178-180, 182, 187]. In this type of method, reconstruction of undersampled images 

occurs as a post-processing 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 converge. Chapters 4 

and 5 of this dissertation 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 operate. SD-OCT [188] and SS-OCT [189, 190] systems can operate at line scan 

rates from 250-400 kHz. Unfortunately, faster scanning and high resolution imaging impose a 

hefty toll on data bandwidth, with throughputs ranging from 1 to 6 GB/s [191, 192], comparable 

to read/write speeds of contemporary PCs. This inevitably forces OCT system designers to 
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compromise between imaging speed and data transfer bandwidth and stability. There are ongoing 

efforts by many groups, including ours, to perform simultaneous compression and undersampling, 

while retaining the purpose of comprehensive imaging of clinical samples [176, 193].  
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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 that could be used 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 does not impact the presently established standard-of-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, lactiferous ducts, glands, and lobules, as well as pathologic 

conditions, such as ductal carcinoma in situ (DCIS), invasive ductal carcinoma (IDC), and 

microcalcifications [80, 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 a diagnosis and requires evidence-based guidance. Clinical pathology is an intersection 

of many aspects of patient care, from disease diagnosis to the use of state-of-the-art technology to 

study fundamentals of disease and its mechanisms as it progresses. The gross, immunologic, 

microscopic, and molecular examination of excised organs and tissues jointly form the anatomic 

assessment required for diagnosis of disease. 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. Subsequently, the specimens are cut and placed into 

tissue cassettes for further processing, tissue block creation, and staining to generate hematoxylin-

and-eosin (H&E) 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 that are of interest for disease 

diagnosis [18, 195-197]. 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 no set standardization 

within and across institutions to guide the tissue selection process [198-200]. 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 remains an inefficient 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 breast-conserving surgery (lumpectomy) or complete breast 

removal (mastectomy). The tissue removed is sent to the pathology lab for histopathological 

analysis. The pathology-based analysis is currently the diagnostic gold-standard for establishing 

the identity of the disease, its biological state (e.g. in situ, invasive), its extent (i.e. stage 0-4), and 

its margin status (i.e. whether it has been entirely removed by surgery). 

For breast pathology, a lumpectomy sample may span up to 4-5 centimeters of excised 

tissue that is serially sectioned into slices (typically 3-5 mm 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 analysis is limited by the variable correlation 

between gross and macroscopic and microscopic findings [201, 202]. Specifically in breast, this 

discordance has led to recommendations from near-complete to complete submission of specimens 

to increase detection sensitivity [202-204], making the process costly, burdensome, and inefficient.  

Because the majority of cassettes submitted using said current methods ï gross analysis, 

conventional radiology, and history of biopsy clip locations ï may not contain significant 

pathology, there is an unmet clinical need for a technology that can selectively identify regions of 

interest relevant to clinical pathology goals at the time of grossing. 

Real-time histology evaluation could impact the clinical diagnostic process ï from biopsies 

to intraoperative margin assessments to tissue grossing and tissue banking [205, 206]. OCT is a 

promising imaging technology for this application of real-time 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 regions of interest 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, typical lumpectomy 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 pathologist to ascertain a diagnosis 

[202]. Designing an improved imaging protocol, based on quantitative evidence, which uses this 

promising imaging technology and can evaluate a large 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 custom high-speed, 

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 acquisition, relative 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 quantitative texture 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 Center (CUIMC). Recruitment was done through the identification of 

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 specimens were 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 samples 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 performed in 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 surgical 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 representing these areas of 

interest as well as additional random sections are serially sectioned and 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 (see Figure 8) 

 

Figure 8. Flow diagram of OCT imaging in the pathology workflow. Fresh specimens are inked 

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 cassettes (30-50 

on average) are then submitted for tissue processing and block generation, from which 

microscopy slides are also created. Microscopy slides are reviewed by pathologists, who make a 

case-level assessment for the cancer-suspected patient. Right: representative breast specimen 

imaged with white-light camera and corresponding en face OCT imaging on a small flatbed. 
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3.2.3 Imaging protocol 

55 breast specimens in histology cassettes from 7 patients were imaged with a custom in-

house spectral-domain 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 direction covering 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 custom-designed 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 length of 7.25 ɛm). 

The system is fiber-based, with a 50/50 fiber optic coupler (TW850R2A2, Thorlabs) that separates 

the light into the sample and reference arms. Two triplet collimators (TC12APC-780, Thorlabs) 

collimate the light in both arms. Polarization controllers (FPC030, Thorlabs) maintain the 

polarization state of both arms. In the sample arm, a two-axis galvanometer scanner (GVS002, 

Thorlabs) scans the beam prompted by a digital-to-analog connector (BNC-2110, National 

Instruments) that is controlled by a data acquisition (DAQ) card (PCI-6255, National Instruments). 

A low numerical aperture scan lens (NA = 0.055, LSM03-BB, Thorlabs) is used as the imaging 

lens. In the reference arm, a glass block does dispersion compensation (LSM03DC, Thorlabs). The 

reflected light is relayed to a high-speed spectrometer (Cobra-S 800, Wasatch Photonics), which 

detects a spectral range covering 750 - 930 nm and acquires A-lines at a 250 kHz rate with 1024 

A-lines per B-scan. Each B-scan is composed of A-lines acquired across a transverse plane. The 

imaging range of the spectrometer is 3.0 mm. A 2048-pixel camera (Octoplus, E2V) is controlled 

by a CameraLink frame grabber (PCIe-1437, National Instruments). The reference signal is 

acquired using a diaphragm shutter (SHB1T, Thorlabs), controlled by the digital-to-analog 
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connector block. The system achieves a 3.7 ɛm axial resolution in tissue (5.52 ɛm in air) and 3.7 

ɛm lateral resolution in tissue (5.52 ɛm in air) and has a 1.1 mm 6-dB sensitivity fall-off. Power 

on the sample is 2 mW. 

The system can scan an area of up to 10 cm x 10 cm using a motorized 2-D stage (DDS100, 

Thorlabs) that automatically moves across a defined region of interest and stitches sequential 

volumetric image datasets. The stage is actuated by DC motor controllers (KBD101, Thorlabs). A 

custom-made cassette holder machined from aluminum enables the operator to place tissue 

cassettes on the 2-D scanning stage. Tissue samples are placed on the lower right corner of the 

cassette, and the software is calibrated to scan in a snake pattern from that corner. 

Acquisition software designed in LabView (National Instruments) enables the operator to 

adjust acquisition parameters, which include A-lines per B-scan, B-scans per second for live view, 

B-scans per second for acquisition mode, total B-scans per volume, camera exposure time, B-scan 

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 motorized stage to acquire subsequent volumes in a snake 

scan pattern across the sample, with a small overlap between adjacent volumes. There is no Z-axis 

translation between volumes. OCT processing software developed in C sequentially performs five 

steps: reference light intensity background subtraction, linear k-interpolation, 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 MATLAB. 
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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 snake-scan imaging pattern allows for the full specimen to be imaged as multiple 

volumes to be stitched together. (c) Resulting OCT image volume represented in an en face 

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 Level Co-occurrence Matrix (GLCM) 

implemented using the graycomatrix built-in function in MATLAB. Since its invention, 

GLCM has played a vital role in many texture-based image analysis applications [207, 208], and 

also serves well in the selection of features to be used as inputs for machine-learning classification 

algorithms [209, 210]. 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 OCT B-scans, followed by 

random selection of regions of interest (ROI). ROIs were each of size of 256-by-256 pixels and 

were manually approved following random selection, ensuring that they contained a majority of 

tissue captured by OCT and avoiding background and low-intensity pixels in the lower axial half 

of the volume. Figure 10 depicts 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 Prism 10. 
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Figure 10. Regions of interest for feature extraction and texture analysis (scale bar = 250 ‘ά). 
Depicted are ROIs of 256-by-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 paraffin-embedded tissue block with a 

corresponding H&E slide) was reviewed by breast clinical pathologists and annotated individually 

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

As shown in Table 1, in a binary classification of regions of interest, non-interest is defined 

by histology class 1-7 (risk category 0) and interest is defined by histology class 8-31 (risk 

categories 1, 2, and 3). For a global classification, risk category 0 represents no increased 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 as intraductal papilloma and fibroadenoma. Risk category 2 

represents moderately increased risk, which includes atypical ductal hyperplasia and lobular 

hyperplasia (ADH, ALH). Risk category 3 represents high risk lesions, which include any ductal 

and lobular carcinoma in situ as well as intraductal carcinomas and other carcinoma risk-associated 

calcifications, lymph nodes, and phyllodes tumors. Lastly, the ñOtherò category includes biopsy 

clip site changes, inflammation, and calcifications. Clip sites and calcifications are included 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 

If the lateral resolution of an OCT system is defined by ȹx, then according to the Nyquist 

sampling theorem, the information in the transverse direction can be completely determined if the 

distance between centers of two adjacent resolution volumes is ȹx/2 (see Figure 11) [211]. For the 

system described above, the lateral resolution is equal to ȹxair = 5.52 ɛm. Therefore, the minimum 

required pixel size under the Nyquist criterion is at least 2.76 ɛm. Typically, for a given B-scan, 

the lateral range required for imaging is L = 3 mm (3000 ɛm). Therefore, for a single lateral scan, 

at least NA-line = 2L/ȹxair = 1087 A-lines are required to acquire at the minimum Nyquist sampling 

rate. For a 3 x 3 mm volume, there are NA-line
2 A-lines (over 1.1 million) to be acquired. The high-

speed spectrometer described above can capture at a 250,000 lines per second maximum 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 between 1.0 cm2 and 4.0 cm2, 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 by clinical pathology for imaging operations (see Table 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. 

 

Figure 11. OCT image volume acquisition requirement with respect to lateral resolution and 

number of A-lines. (a) Given the OCT system lateral resolution (in air) of 5.52 ɛm and the 

Nyquist sampling criterion, the minimum pixel size is 2.76 ɛm. (b) To acquire a scan across of 

3.0 mm length, 1087 pixels or A-lines are required. To acquire a full volume with 3 x 3 mm 

surface area, 1087 x 1087 = ~1.18 million A-lines are required. 

 
Table 2. OCT volume acquisition time requirements by available SD-OCT system. At the 

Nyquist rate, pixel size must be at least one-half of the systemôs lateral resolution (in air). Given 

a particular lateral range and maximum sampling rate, required A-lines and time 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 create en-face 

projections. These en-face projections show clear topography of the tissue and clearly defined 

structures, which correlate well to the specimen photograph, as shown in Figures 12-15.  

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 per Table 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 

into Risk 0 (n = 31), Risk 1 (n = 2), Risk 2 (n = 5), and Risk 3 (n = 17). The distribution of cassettes, 

the set of histology labels assigned to each risk class, and the frequency of each label is recorded 

on Table 3. 

 
Table 3. Distribution of breast tissue cassette data based on histology labels and risk category, 

and frequency of histology labels in cassettes of corresponding risk. 
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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) Standard deviation en-

face projection along the z-axis, 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 label of proliferative cystic change. 

(a) Stitch of OCT B-scan images of tissue specimen. (b) photograph of specimen. (c) Standard 

deviation en-face projection along the z-axis, covering 48 OCT volumes. Scale bar = 3 mm. 
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Figure 14. Tissue cassette containing tumor breast tissue with corresponding OCT imaging data. 

Assignment of Moderate Increased Risk (Risk 2) from histology labels of proliferative cystic 

change with ductal atypia. (a) Stitch of OCT B-scan images of tissue specimen. (b) photograph 

of specimen. (c) Standard deviation en-face projection along the z-axis, covering 42 OCT 

volumes. Scale bar = 3 mm. 

 
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 OCT B-scan images of tissue specimen. (b) 

photograph of specimen. (c) Standard deviation en-face projection along the z-axis, covering 90 

OCT volumes. Scale bar = 3 mm. 
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Twenty 256-by-256-pixel ROIs were randomly selected from corresponding B-scans in 

each Risk 0 cassette, totaling 440 ROIs. Additionally, 24 ROIs were selected from corresponding 

B-scans in Risk 1, Risk 2, and Risk 3 cassettes. As a result, a total of 1,196 ROIs were selected 

from available OCT image data.  

Texture features based on a grey-level co-occurrence matrix were extracted for quantitative 

comparison. Statistical differences were calculated between all groups using a mixed-effects 

analysis of variance (ANOVA) with Tukey multiple comparisons. Figure 16 depicts these 

statistical differences between risk categories. 

Binary analyses were performed using unpaired, parametric t-tests with Welchôs 

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 in Table 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 in Table 5. 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 in Table 6. 

The receiver operating characteristic (ROC) curve was also plotted for each texture feature 

(appended in Appendix A: Figures A1 - A3), and the area under the curve (AUC) was calculated 

and also included in Table 4 ï 6.  
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Figure 16. Statistical analysis of GLCM-based texture features for histology label-based risk 

categories, ranging from no risk to high-risk breast lesions. Statistical significance reported by p-

value (* p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001). Values are reported as means+/-

S.D. over indicated ROI selections per risk category. 
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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 means+/-S.D., and p-values for statistical significance relations, and 

area under the curve (AUC) for receiver-operating characteristic (ROC) curve. 

 

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 means+/-S.D., p-values for statistical significance 

relations, and area under the curve (AUC) for receiver-operating characteristic (ROC) curve. 
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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 means+/-S.D., p-values for statistical significance 

relations, and area under the curve (AUC) for receiver-operating characteristic (ROC) curve. 

In the texture feature comparison among histology-informed risk categories, the goal was 

to assess whether certain texture features provide a quantitative measure of variation between 

categories. For example, Figure 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 in Table 4 ï 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 Risk 3). In addition, features such 

as energy, entropy, skewness, GLCM mean, and GLCM variance may be useful measures to 

separate no-risk category samples from the rest (Risk 0 vs other). For features such as correlation 

and maximum probability, the level of statistically significant difference amongst risk categories 

appears decreased, with larger p value, and they exhibit lower extent of consistency among the 

binary analyses, so these features may not be appropriate quantitative measures to distinguish 

between binned risk categories. However, 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 OCT-to-pathology classification efforts of tissue 

samples, which will help reduce the burden of identifying pathologically relevant regions of 

interest (i.e., cassettes of moderate to high risk of cancer) between imaging and submission of 

pathology samples for tissue block and microscopy slide creation. 

Future work may include matching a dataset-wide matching of OCT data to corresponding 

hematoxylin-and-eosin (H&E) histology slides for qualitative and correlation studies between 

physical tissue markers and OCT image features, as well as automated image classification 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 that the overall process of large FOV OCT image 

acquisition is too lengthy and requires a system capable of quicker scanning with manageable data 

throughput and post-acquisition processing. However, given the clinical workflowôs stringent time 

constraints and hardware-based limitations on OCT system design, it is necessary to reassess an 

acquisition scheme that enables shorter acquisition paired with efficient image reconstruction.  

 There are challenges associated with the matching of OCT and histologic data. First, there 

is no one-to-one correspondence between histology and OCT imaging. Histology imaging is 

performed by slicing in the en face (xy-plane) or axial direction, but OCT images 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 for in vivo imaging. 

  



51 

 

Chapter 4: Application of Compressed Sensing to OCT Image 

Volume Reconstruction 

4.1 Introduction 

In work published by our lab [187, 212], we report on the use of a novel compressed 

sensing (CS) algorithm, called Denoising Predictive Coding (DN-PC), developed by our lab for 

reconstruction of OCT volumes of human normal breast and breast cancer tissue. It was shown 

that the DN-PC algorithm can synthetically subsample previously-acquired, full-resolution OCT 

images, and reconstruct them to full-resolution 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. This chapter outlines the approach towards 

this specific aim along with results obtained from experimental simulation studies. 

We evaluated the effectiveness of DN-PC using simulations on synthetic subsamples taken 

from full-resolution images, and compared the recovered results with a reference. DN-PC 

demonstrated improved performance over other known compressed sensing algorithms on a 

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 3-D OCT has shown potential for real-time breast tissue evaluation and cancer 

diagnosis, in standard Nyquist-based usage, it requires a long data acquisition time and a large 

amount of spectral measurements, making it susceptible to motion artifacts and to clinical 

workflow constraints that do not allow for lengthy operations. Furthermore, given the large size of 

breast tissue samples (an average specimen size is 1.2 cm2, and typically has a range between 1.0 
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and 4.0 cm2), OCT procedures in clinical settings may often require undersampling to achieve 

coverage of large fields of view. 

The introduction of DN-PC has laid important groundwork for developing a CS-OCT 

solution that could be generalized to reconstruct and analyze any tissue type [187]. However, 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 address the higher reconstruction error shown for 

breast tissue data over other tissue types, to further understand the relation between CS-based 

reconstruction behavior and features of finely detailed tissue, 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 algorithmôs computational performance to demonstrate that 

it has promise in its utility. The study analyzes the impact of compressed sensing-based 

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 University Irving Medical 

Center (CUIMC). 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 non-human subject research in accordance with 45CFR46 and was 

performed under Columbia University Tissue Bank IRB AAAB2667. All tissue samples were de-

identified. Specimens were imaged in vivo within 24 hours after excision. Imaging was performed 
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with a home-built ultrahigh resolution (UHR) spectral-domain OCT system, with an optical 

window of 800 nm, an axial resolution of 2.7 ‘ά, and a lateral resolution of 5.5 ‘ά (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, respectively [111]. 

4.2.2 Compressed Sensing Algorithm 

The DN-PC algorithm used was adopted from a prior study published by our group [187]. 

Briefly, the problem of recovering full samples, ὢ, from sub-samples, contained in ὃ, can be 

written in the matrix form: ὃ Ὀὢ, where Ὀ is the sub-sampling matrix mapping from ὢ to ὃ. 

The linear equation on its own is under-determined, but if ὢ 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 which ὢ is sparse, 

then the compressed sensing method can be written as solving the optimization problem 

ὥὶὫάὭὲὢ  for Ὢὼ  ȿȿὃ Ὀὢȿȿ  ȿ ὢȿ . Since the problem does not have a closed 

form solution, it requires the use of iterative solvers. The choice of   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 size-to-be-determined) followed by a Fourier transform. For the 

objective function, the absolute value after the Fourier transform is used to compute the Љ norm. 

In summary, the DN-PC 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, else it fails to converge should the sparsity 
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condition be insufficient. We explore the impact of the DN-PC 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 100 B-scan 

volume (800 x 512 pixels per B-scan) using a CS reconstruction algorithm combining a TVL1 

reconstruction method by Yang et al. [213] and a predictive coding approach. This was further 

improved upon with the DN-PC 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 in DN-PC, namely 2-

D convolution and 2-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 CUDA backend functions, which have GPU-

optimized expressions for computing 2-D Fourier and inverse Fourier transforms, Gaussian 

filtering, Frobenius norm, element-wise addition, multiplication, division, and absolute magnitude 

operations. The rewrite was necessary to enable batching, vectorization, memory coalescing, and 

efficient memory transfers between the CPU and GPU and to optimize other complex operations 

into GPU/SIMD-optimized, divergence-free 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 a 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 convergence (I), were 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 B-scan and remained fixed to the default 20 for subsequent scans. 

The batching involves slicing the subsampled images and their corresponding subsampling 

matrix into patch-sized blocks to be processed. In the original implementation of DN-PC, the 

iterative solver has a conditional division, which divides by ‌ at the predicted points, or by ρ

‌ at subsampled points, where ‌ is a rough measure of noise (see Equation 7 in [187]). In the 

newly parallelized implementation, this expression is instead vectorized as a parallelized, element-

wise division. This is achieved by pre-computing a matrix of element-wise divisors that are 

mapped from the subsampling matrix. 

The entire batched data is pre-loaded into the GPU. The algorithm processes all patches 

comprising a B-scan and then iterates to the next B-scan. Given that adjacent B-scans are similar, 

it is efficient to store the previous B-scanôs reconstruction results (on the GPU) and use these as 

initial values for the next iteration. In our implementation, 2-D FFT and Gaussian filtering is 

written into a single line of code by mathematically composing their respective MATLAB 

functions (imgaussfilt  and fft2 ). MATLAB performs the operations separately: 

imgaussfilt followed by fft2 . 

The parallel processing improvements are applicable to any systems with a modern X86 

CPU, with optional multi-threading, and CUDA-enabled 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 B-scan OCT images for each breast tissue specimen were used 
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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], ὐ = 20,  Ὅ = 

20, convergence threshold  †  ρπ , with staggered sampling and periodic full-resolution 

acquisitions every 10 consecutive frames ( Ὅ  = 10) (see Figure 17) 

Compression was done at various A-line sampling rates (50%, 25%, 10%, 5%, 2.5%, 1%). 

The compression and image reconstruction using DN-PC was done using a Windows 10 desktop 

with an Intel Core i9-9900K CPU at 3.6 GHz, a NVIDIA GeForce RTX 2080 GPU, and 128 GB 

of RAM. The algorithm was fully run on MATLAB 2021b. 

 
Figure 17. Scanning protocol, showcasing A-line undersampling for the DN-PC algorithm. Full 

resolution B-scans 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 quantitative 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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                2ÅÌÁÔÉÖÅ %ÒÒÏÒ
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ȿȿ
                (4.1) 

where ὼ is the original OCT volume and ὼÒÅÃÏÎ is the reconstructed volume. The norm utilized in 

the Relative Error measure is the Frobenius norm instead of the standard Љ norm. 

The second measure is the Structural Similarity Index Measure (SSIM), which evaluates 

the similarity between two images using luminance, contrast, and structure as quantitative 

elements (Eq. 4.2) [214]. The SSIM is a value between 0 and 1, where a value of 1 indicates that 

the evaluated images are identical, and 0 indicates otherwise. Mathematically, SSIM is defined as 

follows, 

                33)-ὼȟώ
 

               (4.2) 

where  ‘ȟ‘ȟȟ„ȟ „ȟ„  are the local means, standard deviations, and cross-covariance for images 

ὼ and ώ. ὅ and ὅ are the regularization constants for luminance and contrast, respectively. 

All cases involved a 3 × 3-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 tissue [111, 209, 215].  Therefore, we first evaluated if images 

reconstructed using the DN-PC 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 to 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 performed with the DN-PC 

algorithm. The downsampled images were then upsampled using an implementation of the 

interp2  built-in function in MATLAB. 

Quantitative texture features were extracted from CS-reconstructed images and classic 

downsampling and interpolated OCT images. In each OCT image, texture features were extracted 

from a Grey Level Co-occurrence Matrix (GLCM) implemented using the graycomatrix 

built-in function in MATLAB. Since its invention, GLCM has played a vital role in many texture-

based image analysis applications [207, 208], and also serves well in the selection of features to 

be used as inputs for machine-learning classification algorithms [209, 210]. Selected features 

included Entropy, Skewness, Dissimilarity, Maximum Probability, GLCM Mean, GLCM 

Variance, Contrast, Energy, Correlation, and Homogeneity. Feature extraction was performed in 

hand-selected regions of interest (ROI) from the B-scans with each ROI having a size of 160-by-

160 pixels and spanning a region containing the designated tissue type (see Figure 18). 

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

the mean attenuation coefficient for a 40-by-40-pixel ROI automatically placed within tissue in 

one B-scan 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 ‘ά). Depicted are ROIs of 160-by-160 pixel in size. 

Statistical differences between the groups were examined using a one-way analysis of 

variance (ANOVA), followed by a Tukey multiple comparisons test. Statistical calculations were 

done using GraphPad Prism 9. 

4.3 Results and Discussion 

4.3.1 Compressed sensing of breast OCT volumes - overall performance 

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 cancerous tissue. Across all levels of 

compression, high-level features appear to be preserved in tissue, particularly over stroma and 

cancer specimens, and in a majority of adipose tissue samples. Qualitatively (Figure 19), images 

at 50% sampling appear nearly identical to the full-resolution B-scans. 25% and 10% samples 
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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 amount of morphological opening, especially in 

globular sections of the adipose, and in empty spaces within normal stroma or cancer tissue (see 

arrows in Figure 19). Due to the patch-based nature of the reconstruction algorithm, square-shaped 

artifacts appear as compression becomes more stringent (beginning at 10%) at varying intensities, 

spanning entire images and displaying separation of intensity levels between adjacent patches. 

This effect is more prominently displayed in images of adipose, but present in all cases (shown by 

arrows in Figure 19 and at the projection level in Figure 20). 

Quantitative metrics included relative error and structural similarity index, whose 

increasing and decreasing trends, respectively, are reported in Figure 21 and on Table 7. 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 trend in relative 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 generally 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 

conditions. The denoised results appear improved over raw data results across all cases. 
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Figure 19. Breast tissue DN-PC based image reconstructions by tissue subtype (A = normal 
adipose, B = normal stroma, C = cancer) at four A-line sampling rates (scale bar = 250 ɛm). 

Zoomed-in subregions are depicted (bottom left) for each frame; arrows indicate morphological 

changes and patch-shaped artifacts that appear as compression is higher. 
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Figure 20. Breast tissue DN-PC based image reconstruction volume en face projections. (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. 

 

Figure 21 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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Figure 21. Relative error and structural similarity analysis. (Reported values are medians and 

95% confidence intervals, with ὲ = 30, 28, 34 numbers of measurements, respectively). 

 

While there is no observable correlation for computation time in relation to sampling rate, 

the implementation of parallel processing greatly reduced net computation time by over at least 

twenty-fold, as shown in Table 7. Computation time decreased significantly compared to the pre-

parallelized implementation of DN-PC, from an average reconstruction time of 60 minutes to 

under 2 minutes for the same 100 B-scan volume. This improvement in computation time is 

achieved thanks to the parallel processing algorithm re-write. Batch size was also increased 

significantly from the first implementation of DN-PC [211], from a 32-by-32 pixel patch size, to 

256-by-256 pixels on the current implementation. DN-PC 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. 

 
Table 7. Quantitative summary of computation time, relative error and structural similarity of 

breast OCT image reconstructions using DN-PC for normal adipose, normal stroma, and cancer 

at A-line sampling rates of 50%, 25%, 10%, 5%, 2.5%, and 1%. Values are reported before and 

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

 

4.3.2 Texture features comparison between CS and classic reconstruction 

 

As shown in Figure 18, two 160-by-160 pixel ROIs were selected by hand from two select 

B-scan examples for each tissue type, so that texture features based on a grey-level co-occurrence 
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matrix could be extracted for quantitative comparison between compressed sensing-based image 

reconstruction and traditional downsampling-and-interpolation-based reconstruction. 

An important underpinning of using novel techniques, such as DN-PC, is that they must 

perform equally or better than classical or existing state-of-the-art methods. Overall, at the expense 

of algorithmic complexity, DN-PC is shown to be able to preserve grey-level texture features when 

compared to classically downsampled and interpolated images. Qualitatively, as seen in Figure 22 

and Figure 23, 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 interpolation-based 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 OCT images. (a) original image; 100% of samples. (b) 

DN-PC based image reconstruction with 10% of samples. (c) classic interpolation-based 

reconstruction with 10% of samples. Scale bar = 250 ‘ά. 

Figure 24 through Figure 26 depict statistical differences between groups calculated from 

a one-way ANOVA and Tukey multiple comparisons. The figures show that for more constrained 

levels of classic interpolation, texture features lose information to compression and show 

statistically significant (p < 0.05) differences. In contrast, the CS-OCT-based method manages to 

preserve texture features relative to the original image, for nearly every GLCM-based feature 

investigated. Across the three tissue types, GLCM mean, kurtosis, and skewness do not 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 measures of difference 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 comparisons between the 

original and the CS-OCT-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 across CS-based 

reconstructions. 

 
Figure 24. Statistical analysis of six GLCM-based texture features for adipose tissue, from the 

original image, the CS-based image reconstruction at varying degrees of compression, and 

traditional, interpolated images at varying rates. Statistical significance reported by p-value (* p 

< 0.05, ** p < 0.01, *** p < 0.001). Values are reported as means +/- S.D. over 4 ROI selections. 
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Figure 25. Statistical analysis of six GLCM-based texture features for cancerous breast tissue, 

from the original image, the CS-based image reconstruction at varying degrees of compression, 

and traditional, interpolated images at varying rates. Statistical significance reported by p-value 

(* p < 0.05, ** p < 0.01, *** p < 0.001). Values are reported as means +/- S.D. over 4 ROI 

selections. 
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Figure 26. Statistical analysis of six GLCM-based texture features for normal stroma of breast 

tissue, from the original image, the CS-based image reconstruction at varying degrees of 

compression, and traditional, interpolated images at varying rates. Statistical significance 

reported by p-value (* 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 OCT-based image 

acquisition for clinical workflow. Our work proves a remarkable improvement in image 

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

great extent. CS-OCT 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 reduce the need for re-excision 

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 

end-to-end system, an OCT tissue scanner that can comprehensively image large surgical resection 

samples. This is achieved by utilizing compressed sensing and a catheter-based acquisition device 

capable of OCT imaging. Compressed sensing (CS) enables sampling protocols that scan below 

the Nyquist sampling rate, thus decreasing image acquisition time. High-resolution OCT imaging 

of fresh tissue adapted to the setting of the pathology laboratory can enhance the entire pathology 

workflow for evaluating tissue specimens for cancer and other diseases.  

Speed is critical to image large-scale tissue in the pathology workflow because a surgical 

resection needs to be processed in a limited time. We aim to optimize a reconstruction algorithm 

and image acquisition protocol to enable fast comprehensive, high resolution imaging employing 

compressed sensing. 

In work published by our lab [187, 212], we report on the use of a novel CS algorithm, 

called Denoising Predictive Coding (DN-PC), developed by our lab for reconstruction of OCT 

volumes of human normal breast and breast cancer tissue. It was shown that the DN-PC algorithm 

is capable of reconstructing subsampled OCT image volumes post-acquisition to full resolution 

using CS principles. This chapter outlines the use of the DN-PC 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 include a US Air Force 1951 resolution target and ten layers of translucent 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 Center. Finally, tissue from porcine and 

human donor hearts were acquired under approved protocols from the National Disease Research 

Interchange (NDRI).  

5.2.2 OCT scanner 

  Samples were imaged by the commercial spectral domain OCT system, TELESTO I 

(Thorlabs GmbH), which has a 1325 nm centered source, 15 ‘ά and 6.5 ‘ά lateral and axial 

resolution in air, respectively, and 2.51 mm imaging depth. The OCT system was interfaced to a 

PC with MATLAB-based system controls. The quality of spectral measurements is directly 

correlated to probe orientation and stability. To account for this variability, the objective was 

positioned orthogonal to the tissue surface (0-degree angle) during imaging. Volumes were 

acquired at 28 kHz linerate, and individual B-scans measured 512 by 1024 pixels, which physically 

correspond to 2.51 mm by 5 mm, respectively. 

5.2.3 Scanning protocol 

Compression was done at various a-line sampling rates. We optimized the block size, the 

denoising method, and the spacing between fully sampled B-scans (see Figure 17). To enable the 

predictive coding method, which includes a combination of fully sampled B-scans and 

undersampled B-scans, we utilized both the forward and backward scans from the scanner, thus 

increasing the duty cycle. The backward scan accounted for a natural undersampling of the B-



73 

 

scans by splitting A-lines (Figure 27 and Table 8) across a determined number of B-scans along a 

fixed distance L between full samples. Image volumes resulted in 512 by 1024-pixel B-scans and 

with a total of (ςὔ ρ) scans, which comprise ὔ fully -sampled forward scans and ὔ ρ 

subsampled backward scans. The resulting voxel always spanned 5 mm x 5 mm x 2.51 mm. Within 

our experimental tests, we evaluate different distances between fully sampled B-scans (ὒ), to 

evaluate image reconstruction performance at various degrees of compression. 

  
Figure 27. Imaging protocol for undersampling. (a) OCT volume consisting of a stack of B-

scans, each of X-by-Z pixels (for this study, ╧ ȟ╩ ). (b) En face view of volume. 

Fully sampled forward scans represented by solid, grey arrows. Backwards scan represented by 

diagonal, dashed red arrows: the scanner captures a-lines in the backwards direction from the end 
of a fully-sampled B-scan to the beginning of the next one, separated by fixed distance ╛,  

where ╛ ╨Ⱦ╝ , where ╨ = 5.0 mm and ╝ is the total number of fully-sampled B-scans. 

(c) Backwards scan mapping scheme: backwards scan information is split and mapped to 

multiple undersampled B-scans. Missing A-lines, marked by dashed blue lines, are filled in and 

reconstructed by the DN-PC algorithm. 
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Table 8. Subsampling experiment table for a 5 mm long volume - between every fully-sampled 

B scan is a backwards scan, which is split and mapped to a set number of subsampled B-scans 

between full samples. Compression rate is approximately equivalent to 50%, 25%, 12.5%, 5%, 

2.5%, and 1% of total data. Data is unavailable for 50% and 25%, shaded 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 written in Equation 4.1. Relative error is a 

value between 0 and 1, where a value of 0 indicates that evaluated images are identical, and 1 

indicates otherwise. The second measure is the Structural Similarity Index Measure (SSIM), which 

evaluates the similarity between two images using luminance, contrast, and structure as 

quantitative 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, and 0 indicates otherwise. The third measure is 

the Feature Similarity Index Measure (FSIM). FSIM measures the quality of low-level image 

features that are important to how the human visual system assesses image quality [216]. FSIM is 

bounded similarly to SSIM. Finally quantified is the Mean Square Error (MSE), which is the 

quantification of the squared, pointwise difference between two images. Smaller MSE depicts 

better overall performance. These 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 between full-image and small-region 

comparisons. We also recorded acquisition time for optical scanning and net reconstruction time 

for the DN-PC algorithm to batch and build full 512 x 1024 x 1024 voxel volumes from 

undersampled data. 

DN-PC algorithm parameters remained equivalent to those described in [212]. The image 

reconstruction using DN-PC 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 64 GB of RAM. The 

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

5.3 Results and Discussion 

5.3.1 Reconstruction pattern 

 As outlined in Figure 27, the reconstruction pattern of choice for this study was that of a 

ñstaircaseò, where backward B-scans, which span between fully sampled or forward B-scans, are 

split up into multiple a-line chunks spread over an equivalent number of undersampled B-scans. 

For example, if an acquisition of ὔ φτ B-scans is utilized for reconstruction, there will be 16 

B-scans each with an a-line chunk from the same backward scan positioned between two fully 

sampled B-scans. This pattern is repeated until the end of the volume. An example of this staircase 

pattern is depicted in Figure 28. Resulting reconstructed B-scans have a noticeable section where 

image quality is high and well-defined; this section corresponds to the original a-line chunk used 

to create the reconstruction. The DN-PC algorithm accordingly fills in the rest of the B-scan, with 

a noticeable drop in image quality and blur further away from the original a-lines used as basis for 

reconstruction. Other reconstruction patterns, such as a staircase with randomly assorted a-lines 

(shown in Figure 29), were conceptualized and tested, but reconstructed images appeared worse 

in quality than the staircase pattern alone. Additional patterns that were tested but failed to improve 



76 

 

reconstruction quality included (i) a staircase pattern with overlapping a-line across B-scans, (ii) 

randomly ordered a-line chunks, and (iii) an alternate form a-line staggering.  

  
Figure 28. Staircase-pattern, compressed sensing OCT image reconstruction. (a) Original image; 

100% of samples (b) Singular b-scan that forms part of the backward scan mapped in a staircase 

pattern (c) DN-PC-based image reconstruction. Scale bar = 500 ‘ά.  
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Figure 29. Concept pattern for reconstruction: staircase with ñsprinkledò random A-lines. (a) 

Concept sketch. Grey arrows indicate forward scans; red, left-facing arrows indicate backward 
scan A-line groups. Black dots represent assorted, random A-lines spread onto B-scans between 

forward scans. (b) B-scan input for CS-OCT reconstruction. Scale bar = 500 ‘ά. 

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 shown in Figure 30, 

increasing degrees of compression introduced high levels of blur, particularly prominent past the 
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5%, ὔ σς 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 corkboard. B-scan view.  
(a) fully sampled (Nyquist, ╝ ) (b) 12.5%, ╝ , (c) 5%, ╝  (d) 2.5%, ╝ , 

(e) 1%, ╝ . Scale bar = 500 ‘ά. 

 Furthermore, visualization of USAF1951 target reconstruction shown in Figure 31 depicts 

marked degradation of resolution and image quality. More notable is the anisotropic nature of the 

reconstruction ï as the compression becomes restricting, reconstructed lines shift directions, and 

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
























































































