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SUMMARY

The objective of this thesis is to explore the unique capabilities of quantitative oblique
back-illumination microscopy (qOBM), a novel tomographic, label-free, non-invasive, real-
time, and affordable quantitative phase imaging (QPI) technology. The aim is to develop
new qOBM-based optical and computational assays to warrant a more widespread use of
this technology for biomedical applications. qOBM overcomes QPI's restriction to thin
samples, and enables high contrast and high-resolution quantitative phase imaging of thick
biomedical samples with cross-sectional and tomographic capabilities, providing valuable
morphological and biophysical information about the imaged specimen. In this work, we
rst explore the application of gOBM in two clinical and biomedical areas, including the vi-
ability assessment of umbilical cord blood units for banking as well as surgery and pathol-
ogy assistance in the detection of brain tumor regions. Necessary modi cations to the
optics and image analysis tools are presented in each of the aforementioned applications.
Secondly, we propose adapting gOBM for the non-invasive study of cellular and subcellu-
lar structural dynamics in three dimensional (3D) cell cultures. We again consider various
optical and computational modi cations to the system required to capture fast biological
processes, and present data analysis pipelines to produce functional images of unlabeled
live samples. Lastly, we propose a deep learning single-capture approach to further sim-
plify and improve the system's applicability.

Overall, the work presented in this dissertation seeks to establish the impact of gOBM
within the realm of biomedical optics. We do so by enhancing this technology's accessi-
bility and effectiveness in a broad range of applications through modi ed optical designs
and advanced computational approaches. We expect this work to pave the way for the

development of novel label-free platforms for clinical and biomedical purposes.

XiX



CHAPTER 1
INTRODUCTION AND BACKGROUND

1.1 A brief history of label-free microscopy

The desire to explore and better understand the world around us and within us has inspired
the development of many optical microscopy techniques. These techniques have subse-
guently enabled new biomedical procedures. The interdependence between microscopy
and the investigation of cells and tissues has been evident ever since the rst discovery of
cells, and it remains obvious as microscopy has become a mainstay tool in biomedicine [1].

The eld of optical microscopy is therefore a broad one, as it adapts to the needs of the
scienti c community. The bright eld microscope enabled the early visualization of cells
and inspired the development of histological stains to observe and understand the structures
of transparent samples [2]. These histological stains permit high contrast visualization of
structures within cells and other clear specimens, but their use is often limited to xed
tissue, restricting the ability to study live specimens to understand cellular growth and
dynamics [3].

Other technologies have been developed to visualize otherwise transparent tissue. That
is the case for uorescence microscopy. The phenomena of auto uorescence was rst
reported by Herschel, who noted that a clear quinine solution exhibits a blue tone when
illuminated by the sun [4]. In particular, it is the ultraviolet (UV) waves present in sunlight
that generate such phenomena. It was not until 50 years later that the rst uorescence
microscopes were devised. In the following years, “intravital microscopes” [5, 6] were re-
alized. These systems followed an epi-illumination approach and enabled the investigation
of larger or opaque organisms. To this end, the organisms were treated with a uores-

cent substance and illuminated directly with a UV light source. In the following decades,



new exogenous uorescent labels were developed, providing access to critical levels of
molecular speci city, such as the identi cation of different proteins through genetic encod-
ing of the labels [6]. The strong molecular contrast provided by complex labeling agents
combined with signi cant advances made in the design of uorescent microscopes (e.g.,
cross-sectioning capabilities [7, 8] and the ability to resolve objects beyond the diffraction
limit [9]) have lead this technology to become an essential imaging tool in cell biology
[10]. However, uorescence microscopy has important drawbacks including photobleach-
ing, which leads to a lowered signal to noise ratio (SNR) caused by photon damage to the
uorophores, and phototoxicity caused by the short excitation illumination wavelengths re-
quired. The processes needed for uorescence microscopy (i.e., common use of exogenous
tagging and UV illumination) can lead to changes in cell function and cause cell death,
thus hindering the use of these technologies in the study of unaltered biological dynamic
processes and cell behavior [11].

Phase imaging techniques, such as phase contrast (PC) microscopy and differential
interference contrast (DIC), are capable of generating high contrast images of transparent
specimens without the need of stains or labels [12, 13]. These techniques use variations in
refractive index (RI) within samples to generate phase contrast images. The RI indicates
how much slower light travels through a material compared to the vacuum speed of light.
Therefore, light traveling through a transparent medium with spacial variations in refractive
index (e.qg., cell, phase target) will experience spacial variations in phase.

PC was the rst microscopy system to exploit this concept and convert phase variations
into image intensity variations detectable by the human eye and camera sensors. This
was done by following Abbe's theory of interferometric image formation [14]. In this
work, Abbe also determined the resolution diffraction limit, indicating that the size of the
smallest object resolvable by optical microscopy is approximately equal to the half of the
wavelength. As shown in Figure 1.1b, a traditional PC microscope includes a condenser

annulus, positioned at the front focal plane of the condenser lens, and a phase plate behind



Figure 1.1: Brighteld, PC, and DIC system schematics and contrast comparison. (a)
Bright eld microscope with Kohler illumination. The incoming light is focused onto the
sample by a condenser lens and captured by the objective. Consequently, the image is
focused onto the image plane by the tube lens. (b) Phase contrast microscope schematic.
CA: Condenser annulus. PhP: phase plate. (c) Differential interference contrast schematic.
WP: Wollaston prism. The example bright eld, PC and DIC images are of an unstained
cheek cell smeared on a coverslip (doi:10.7295/W9CIL12594). Images were acquired on a
Zeiss Axiovert 200M microscope, with a Plan Apo 100x/1.4 Ph3 and a Plan Apo 100x/1.4
DICIII objective lens, equipped with a Photometrics CoolSnap HQ camera and operated
by MetaMorph software. Scale bar represents 15 um.

the objective [12]. These additions to the microscope allow for two distinct light waves

(a surround or background wave and a scattered or diffracted wave) to arrive at the image
plane. The scattered wave will have experienced small phase delays while going through
the sample, encoding RI changes, while the surround wave will be undeviated. When

the light is collected by the objective, the background light is shifted by the phase plate



such that when it interferes with the scattered wave at the camera or eye, the interference
is maximized. This optimized interference results in larger intensity changes, i.e., high
contrast, to even small phase changes that would otherwise be imperceptible. The intensity
in a PC image re ects the relative RI of the sample compared to its surroundings. DIC
presents a similar concept, but it instead manipulates the polarization of light to generate
contrast from the phase gradient within the samples [13]. This can be done by adding a
pair of Wollaston prisms (WP), a polarizer, and an analyzer to a bright eld microscope, as
shown in Figure 1.1. The WP splits the polarized beam into two beams of perpendicular
polarization with a small lateral shear. When the beams are recombined by the objective
WP, their interference produces an image with a phase contrast gradient in the direction of
the shear. A comparison of bright eld, phase contrast, and DIC images can be found in
Figure 1.1.

Both of the aforementioned phase imaging techniques provide enhanced contrast and
improved access to the structures present in transparent samples without the need for stains,
thus enabling the study of dynamic phenomena in live samples, such as cells. However, the
information captured by these techniques has a non-linear relationship with the phase of
the sample, and therefore the Rl cannot be retrieved quantitatively. Quantitative phase
imaging (QPI) overcomes this critical limitation by providing absolute phase values that

have a linear relation with the RI change between the sample and the medium.

1.2 Quantitative phase imaging fundamentals

QPI has rightfully become an essential tool to observe live unlabeled specimens, such as
monolayer cell cultures, as it has enabled the study of dynamic phenomena such as cell
proliferation and metabolic activity [15, 16, 17].

QPI refers to a number of techniques with the common objective of quantifying the
optical phase delay of light traveling through transparent samples. The absolute phase

shift, (i), is a function of the Rl change between the sample and the mediagand the



thickness of the specimen,z, given by
(i) = 2— Z n; (1.1)

where refers to the illumination wavelength [18, 19].

The refractive index provides valuable information about a sample's biophysical con-
tents, such as the dry mass, which renders insights about cell growth and dynamics [20].
The Rl and dry mass are linearly proportional, where the slope of this relationship is called
the refractive increment (typically assumed to be a constant, 1.854«ré/kg®, for mam-
malian cells) [21]. Access to these biophysical properties has enabled the study of structural
and dynamic phenomena at the cellular and subcellular level [22, 23, 24, 25].

However, accessing the quantitative phase shift of a transmitted wave is not trivial. QPI
modalities focus on encoding the phase information of the wave in the intensity of the de-
tected signal, which involves some type of image reconstruction. Numerous approaches
exist to achieve this objective, with many relying on interferometric techniques and phase
retrieval algorithms to effectively extract the phase information within the detected inten-
sity [26]. These approaches balance the tradeoff between spatio-temporal resolution and

sensitivity [19].

Interferometric QPI

The technologies described in this section rely on the interference of the eld transmitted
through a transparent sample, with a reference eldJ,. To understand this process, we

consider a sample eld as a function of two dimensional (2D) spacand time to be
Us(r;t) = jUs(r)jetcr wt (0 (1.2)

wherejUs(r)j represents the amplitude of the wawejs the wavevectorw is the an-

gular temporal frequency,(r) represents the phase delay imposed by the sample's re-



fractive index, and = (x;y) are the 2D spatial coordinates. The detected intensity
of the interference (i.e., hologram) between this sample wave and the reference wave,

U, = jU,jélkr T Wl can be expressed as

()= Us(ri) + U(rst) 2= Us(ri)+ U(rsty) Ug(rst) U (rsty) 13)
= Us(r) %+ U 2+2 Ug(r) U cogw (t t) Kk r+ (r)): |

Here,t, is the reference eld time delay, k = jk k;j, andk, is the wavevec-
tor associated with the reference eld. Note that, while in this section we are discussing
holographic interferometry (i.e., full- eld detection), point-scanning interferometric phase
imaging can be derived similarly, and it is broadly used in the eld of optical coherence
tomography (OCT), which is discussed in section 1.3.

To obtain the phase(r) from the hologram described above, the reference wave is
modi ed either in time or space. This generates two main modalities for interferometric
QPI: phase-shifting QPI and off-axis QPI.

In phase-shifting QPI (Fig. 1.2a), a phase delay is introduced into the reference wave,

causing the detected image to follow
I(r; )= U(r) ®+ U, 2+2 Ug(r) Uy cof + (1)) (1.4)

where = w(t t;). The phase delay can be introduced by using a translating mirror
(Figure 1.2a), a liquid crystal phase modulator, or a spatial light modulator (SLM) [27].
The number of required images to retrieve the quantitative phase depends on the system
design and phase delay introduced. Following the ndings of Creath [28], QPI methods
often require four captures with phase delay intervals=d& introduced to the reference
eld in order to reconstruct quantitative phase.

To avoid the need for sensitive interferometers, common path con gurations of phase-

shifting QPI have been proposed. Common-path systems, in which the sample and ref-



Figure 1.2: Examples of three primary 2D QPI modalities. (a) Michelson interferometry
uses the interference between light beams passing through a sample and a reference to gen-
erate an interferogram that encodes phase information in the image amplitude. The number
of visible interference fringes generated depends on the optical setup and coherence of the
light source, with low coherence light sources (e.g., white light) producing fewer visible
fringes than highly coherent lasers. An in-focus interferogram is then used to generate the
phase image, and, in phase shifting interferometry, the reference, and sample path lengths
are adjusted in steps, e.g., with a piezo, to shift the fringes by a fraction of a wavelength.
(b) Off-axis QPI (or digital holography microscopy) computationally reconstructs the phase
image from an interferogram obtained using an interferometer. Here, a Mach-Zehnder in-
terferometer with a slightly off-axis reference beam is used to avoid the twin image prob-
lem, where the image and its conjugate sit on top of one another. (c) Differential phase
contrast (DPC) microscopy, a deterministic phase retrieval method, images a sample using
half-circle patterns of illumination that extend beyond the microscope objective numerical
aperture. Light refraction through the sample then causes intensity increases (or decreases)
in one-half-circle image and decreases (or increases) in image intensity with the opposing
half-circle pattern. The normalized difference between these two images approximates the
gradient of phase along one axis. Multiple pairs of images are collected, and the phase is
numerically reconstructed. Adapted with permission from [26]

erence arm share the same optics, are signi cantly more robust to vibrations when com-
pared to nhon-common-path geometries, and thus provide higher temporal sensitivity and
less phase noise. That is the case of spatial light interference microscopy (SLIM), which
achieves QPI by making a few modi cations to a PC microscope to modify the phase
shift introduced to the reference (i.e., background) eld and reconstruct quantitative phase
from four captures [27]. In addition to the higher temporal sensitivity achieved by using a
common-path approach, SLIM relies on incoherent illumination, which lacks the speckle
noise introduced by highly coherent light, providing higher spatial sensitivity than its coun-

terparts.



The aforementioned approaches facilitate the reconstruction of high spatial resolution
guantitative phase maps. However, their acquisition rate is constrained by the need to
acquire four images, thereby limiting the applicability of these techniques in scenarios that
require fast imaging rates. Some solutions have been proposed to address this issue and
speed up the acquisition rates of phase-shifting QPI. Nevertheless, such solutions usually
involve complex interferometer-based con gurations and additional post-processing [29].

In contrast, off-axis QPI enables the quanti cation of the phase delay from a single
hologram. There are multiple possible con gurations for off-axis QPI, but the most com-
mon one employs a Mach-Zehnder interferometer (Figure 1.2b) with the reference beam
slightly tilted in one directionX). Under these circumstances, the hologram derived in

Equation 1.3 can be expressed as
I(r)= Us(r)®+ U, 2+2 Ug(r) U, cod ke x+ (r): (1.5)

Here, k4 is de ned by the tilt angle of the reference wave, such that k, =
2 sin = . In order to satisfy this, the eld must have high temporal coherence. The
image is then translated to the Fourier domain, where the raw intensity terms (i.e., the
DC terms) can be easily decoupled from the cosine term, through high-pass ltering. The
Hilbert transform is then applied to extradfr ) ky x from the complex analytical eld
and the phase componen(t ) is directly derived [30, 19].

Off-axis QPI offers a distinct advantage compared to other techniques, namely the need
for a single raw capture for phase reconstruction, facilitating the rapid acquisition of quan-
titative phase images of dynamic specimens. Nonetheless, this approach is not without
limitations. First, the implementation of a Mach-Zehnder interferometer requires careful
alignment and is highly susceptible to vibrations. Although off-axis QPI can be achieved
using common-path instrumentation [31, 32], these solutions require high levels of spatial

coherence, often achieved through spatial Itering of the wave, which substantially reduces



the illumination power. Moreover, by modulating the phase signal, the effective bandwidth
and achievable resolution of the system is notably reduced, which is typically manifested

in a drastic reduction of the ied of view and a larger system footprint.

Non-interferometric QPI

While interferometric QPI modalities enable rapid and accurate quantitative phase mea-
surements of transparent samples, they are limited by the complex nature of the required
systems and their high sensitivity to noise. These challenges, coupled with advances in
computational resources, inspired the development of computational phase retrieval QPI
modalities. These modalities focus on the use of iterative or deterministic algorithms to
retrieve the quantitative phase information from measurements acquired by simpler optical
systems, in contrast to the interferometric setups discussed earlier [33]. Frequently, these
technologies incorporate modi ed illumination or detection schemes to produce measure-
ments of retrievable quantitative phase.

Among the notable algorithms employed in computational phase retrieval, the Gerchberg-
Saxton iterative algorithm holds signi cant prominence. Originally devised for determin-
ing the amplitude and phase of the wave in electron microscopy using two measurements
[34], the algorithm demonstrates wide application in various domains. In its original
methodology, two intensity measurements are acquired: one at the image plane and the
other at the diffraction plane. The wavefront propagation between these planes is mathe-
matically described by the Fourier transform. The algorithm aims to reconstruct the wave
function by alternating between the diffraction and image planes and iteratively updating
the amplitude of the retrieved wave based on the square root of the intensity acquired at
each respective plane. The iteration process continues until prede ned convergence criteria
are satis ed.

A common modi ed implementation of the Gerchberg-Saxton algorithm for optical

microscopy phase retrieval is Fourier ptychography [35, 36, 37]. This modality employs a



unique illumination scheme with a light emitting diode (LED) array to illuminate the sam-
ple from different angles. For the derivation of this method, each LED source is considered
to produce a plane wave. While LEDs produce spherical waves, this approximation is valid
given that the LED array is placed suf ciently far away from the sample (typically around
10 cm). The process involves capturing a set of images with different illumination angles
and diffraction-limited resolution (given by the wavelength and objective NA). Each angu-
lar illumination pattern is created by turning on a different LED in the array and produces
an image which covers a different portion of the frequency space of the object. This is
because a change in the angle of illumination creates a shift in the center of the frequency
domain of the captured image. A single bright eld image obtained from an illuminating
with an LED aligned with the optical axis contains spatial frequencies within a radius of
given by the objective NA and the wavevector, centeretkgtk,) = (0;0). Each image
captured in a Fourier ptychography system will contain frequencies of the same radius and
centered a2 = , where is the 2D angular shift of the illumination. Combining these
captures creates a larger synthetic aperture, covering a ampler region of the frequency space
and resulting in a higher-resolution image compared to the individual images.

The object's phase is retrieved by an iterative process through which an initial eld
guess of the eld? I4e ' 9) is band-pass ltered by the regid, according to the fre-
guency coverage of one of the captured images. The amplitude of the guess is then replaced
by the amplitude of the'h captured imagg I, and the Fourier space of the guess within
the band-pass regida, is replaced by that same region in frequency space of the mea-
surement. The image guess continues to get updated by repeating this procesaéiieach
captured image. Once a full iteration of all measurements is completed, the whole process
is iterated until a self-consistent solution is achieved.

This technology provides high throughput microscopy with accurate quantitative phase
reconstructions [36], and it is broadly accessible, as it only requires a modi cation in the il-

lumination of any bright eld microscope. However, the process is data heavy, often requir-
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ing hundreds of images to be acquired, computationally intensive, and time-consuming.
The high number of required frames combined with the need for an iterative approach

to reconstruct the quantitative phase make real-time Fourier ptychography unachievable.
Current efforts to advance this technology focus on improving its speed by using smart
illumination patterns, modi ed detection schemes, and optimized computation [38, 39, 40,

41].

Deterministic computational phase retrieval approaches leverage our understanding of
light propagation and light-matter interactions to reconstruct quantitative phase images.
These methodologies are particularly advantageous in scenarios where real-time or rapid
phase retrieval is desired.

In 1984, Streibl stated that “the difference between a well-focused image and a slightly
defocused image contains information about the phase of the object” [42]. Building upon
this insight, he proposed a solution for obtaining quantitative phase measurements based on
the transport of intensity equation (TIE). The TIE mathematically describes the variations
in image intensity along the optical axis in relation to the phase and amplitude properties

of the object [42, 43, 44]. This can be described as

@(x;y;z)

G2 = 5T [(1(x;y;0)r 2 (X;¥)] (1.6)
z=0

wherel (x;y; 0) represents the in-focus image and is the gradient in the lateralX;y))
directions.

TIE—based retrieval modalities reconstruct the quantitative phase by acquiring two or
more images captured at slightly different focal positions. This is commonly achieved
through axial translation of either the detector or the sample itself. Efforts have been made
to capture multiple planes simultaneously [45]. Different solutions for the phase can be de-
rived from the TIE contingent upon the assumptions made regarding the illumination wave

and the sample properties. TIE-based approaches enable fast quantitative phase reconstruc-
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tion in a computationally ef cient way by using simple imaging con gurations. TIE phase
retrieval algorithms can be combined with iterative algorithms to enhance accuracy and
mitigate noise [46].

Another deterministic quantitative phase retrieval approach is based on the differential
phase contrast (DPC) (Figure 1.2c). This approach relies on an asymmetric illumination
scheme to produce a differential phase image [47]. To achieve this, two images are obtained
by illuminating the sample with complementary asymmetric patterns. Then, captures from
opposing patterns of illumination (denotégl andl, ) are subtracted from each other to

produce a DPC image, with phase contrast along the direction of illumination asymmetry:

I 1L
I = : 1.7
DPC IR+ 1L (1.7)

To reconstruct quantitative phase from the DPC image, the phase-gradient transfer func-
tion is derived and deconvolved with the image [47, 48]. A derivation of the transfer func-
tion and phase reconstruction process is described in section 2.2.

More recently, deep learning algorithms have been explored for their ability to produce
high delity quantitative phase images from fewer captures [49]. More on this is discussed

in chapter 6.

1.3 Tomographic phase microscopy modalities

While QPI possesses signi cant strengths, it relies on light transmitting through the sample

to measure the phase delay, This limits its applications to thin specimens, such as mono-
layer cell cultures. 3D QPI has been recently developed as a tomography technique to
observe three-dimensional structures. Just like with 2D QPI, there are multiple methods to
obtain 3D QPI images, one of them being optical diffraction tomography (ODT) [50, 51].

In ODT, a volume is reconstructed from multiple holograms obtained by either changing

the angle of illumination or rotating the sample. While ODT enables high-resolution RI
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tomographic information of 3D volumes, and it can be used to image thicker samples than
2D QPI, it remains a transmission based technique, unable to penetrate samples thicker
than a single mean free path length, which is determined by the optical properties of the
object and no larger than a few hundred microns at most for biomedical samples. This
impedesn-vivoimaging with ODT, as well as its applicability to image larger specimens,
such as organoids, which can reach 5 mm in diameter. Additionally, these technologies
require specialized equipment, such as coherent lasers and interferometers, hindering their
accessibility.

Optical coherence tomography (OCT) is another label free and non-invasive microscopy
technique, developed in the 1990s to access the RI variations of 3D volumes, and is often
used for retinal and dermatological imaging, amongst other applications [52, 53]. The OCT
con guration often employs a Michelson interferometer (Figure 1.2a) with line scanning
along the optical axis (i.e., multiplexed axial information). Because OCT has a re ection-
mode con guration, the sample thickness does not limit its applicability. The resolution
of this technology varies between 1-15 um and its penetration depth can reach 3 mm [54].
With OCT, a cross-sectional (B-mode or x/y-z) image of the tissue is captured by mea-
suring the amplitude and time-delay of backscattered light. OCT is a scanning technique
that, as well as other methods presented above, relies on interference for imaging. A tra-
ditional OCT system is composed of two arms, a sample arm and a reference arm. Light
coming from both arms interferes at the detector (Figure 1.2a). Time-domain OCT refers
to the original OCT con guration [52], in which the reference arm oscillates to obtain an
A-scan (i.e., axial scan). When multiple adjacent A-scans are placed together, an image
(i.e., B-scan) is formed. This scanning method is strongly limited by the speed at which
the mechanical reference arm mirror can oscillate, hampering the applications of the sys-
tem. More recently, spectral domain OCT (SDOCT) has been developed by replacing the
detector with a spectrometer [55]. In SDOCT all of the content of an A-scan can be ob-

tained by analyzing the frequency spectrum of the interference signal between the reference
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arm re ected light and the sample arm backscattered light. This approach has allowed for
signi cantly faster scans, enabling volumetric imaging [56].

In addition to these, full eld OCT (FFOCT), which replaces the scanning con guration
of traditional OCT with a high-speed camera and the coherent lights source with incoherent
white light [57], has fast volumetric imaging with a substantially better resolutidnq pm
axial resolution and 0.5 pum lateral resolution). To obtain this lateral resolution, multiple
captures must be obtained and processed [58]. In FFOCT, the illumination laser is replaced
with an incoherent light source aead-facecross-sections of the sample are captured by the
camera. These improvements in speed and resolution have enabled fast volumetric imag-
ing, which in turn has made possible relevant studies of subcellular volumetric structures,
as well as tissue and cell dynamics [58, 59]. FFOCT poses a number of drawbacks, includ-
ing its lowered penetration depth and high data requirements when compared to traditional
OCT technologies. OCT, while powerful, relies uniquely on backscattered light, which
is mostly caused by large RI variations. This leads to a poor sensitivity to low frequency
structures and, consequently, lower clarity in structural detail. Additionally, its reliance on
interferometric systems adds a level of complexity and instability to the system that may
hinder its performance in non-optimal environments.

The need for a high resolution, epi-mode, label-free, phase imaging system with the
capacity to image bulk tissue and enaiple/ivo applications inspired the design of oblique
back-illumination microscopy (OBM) [60]. This technique relies on a unique illumina-
tion scheme, along with the multiple scattering of light through complex media, to capture
phase contrast images with an epi-mode con guration. OBM has the appearance of a tradi-
tional bright eld microscope, but is instead powered by two LEDs coupled into multimode
ber optics. The illumination bers, positioned across from each other on either side of
the objective, illuminate the sample sequentially. When the light from one LED enters the
sample, it undergoes multiple scattering, changing the trajectory of some of the photons,

and effectively creating a virtual light source within the sample with oblique illumination.
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The photons collected by the objective are imaged onto a camera. In OBM, two captures
are obtained by illuminating with diametrically opposed bers, and a normalized subtrac-
tion of those captures produces differential phase contrast, similarly to that discussed in
Equation 1.7. The DPC images produced by OBM are similar to those obtained with DIC
microscopy, and also contain only qualitative RI information. Nevertheless, OBM enables

phase contrast in arbitrarily thick samples, which is a signi cant advancement.

1.4 Specic research aims for this thesis

This thesis is focused on exploring the unique capabilities of gOBM, a novel, tomographic
QPI technique that combines the con guration of OBM with a deterministic phase retrieval
approach.

The overall aims of this research are as follow:
1. To explore the capabilities of gOBM in the study of various biomedical samples
2. To adapt qOBM for the study of cellular and subcellular structural dynamics

3. To develop a deep-learning based phase retrieval algorithm for single capture qOBM

This thesis document is structured as follows:

* In chapter 2 we discuss the qOBM system con guration, phase retrieval theory and
derivations, and the use of Monte Carlo simulations to estimate the illumination dis-
tribution of the system. We also discuss a Monte Carlo based system optimization

approach to maximize the attainable SNR and phase sensitivity.
» Chapter 3 explores an application of gOBM for non-invasive cord blood analysis.

* In chapter 4 a gqOBM-based approach for brain tumor intraoperative guidance and
margin detection is presented. This chapter discusses various fronts including ma-

chine learning margin detection, ex-vivo human tissue imaging, the design of a hand-
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held probe for in-vivo imaging, and real-time virtual staining for pathological analy-

Sis.

Chapter 5 focuses on the development of a functional imaging approach based on
dynamic measurements of the quantitative phase acquired with gOBM. We employ
this analysis in the label-free study and characterization of stem cell cultures in 3D
environments. We also discuss the development of a compact version of qOBM to
monitor cell cultures inside a bioreactor, as well as the implementation of an inte-

grated approach for non-invasive monitoring and care of T cells.

Chapter 6 explores a deep learning approach to reduce the number of captures re-
quired for the phase computation in gOBM. We demonstrate successful reconstruc-
tion of quantitative phase in thick complex tissues from a single oblique back-illumination

capture, and explore the possible implications of this technique.

In chapter 7 we discuss the directions that gOBM is taking as well as some of the

unexplored potentials of the technology.
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CHAPTER 2
QUANTITATIVE OBLIQUE BACK-ILLUMINATION MICROSCOPY

2.1 qOBM system design and quantitative phase reconstruction

The con guration of the qOBM microscope is shown in Figure 2.1. Its geometry is that
of a conventional inverted microscope with a modi ed illumination scheme. Samples are
sequentially illuminated in epi-mode with four LED light sources coupled into multimode
ber optics (1 mm in diameter). The bers are positioned around the objective lens 90-
degrees from one another and 45 degrees from the optical axis on a custom 3D printed
adapter. When light from an LED source is deployed through one of the bers into the
thick sample, it undergoes multiple scattering, causing some of the photons to change tra-
jectory and effectively producing a virtual light source within the thick object, emulating a
transmission source with a slight offset to the optical axis.

Under these circumstances, lateral variations in Rl at the focal plane refract light to-
ward or away from the acceptance angles of the microscope objective (given by its nu-
merical aperture (NA)), producing phase contrast in observed intensity. Images acquired
with a pair of diametrically opposed bers can be subtracted from one another to gener-
ate differential phase contrast (Equation 2.12). Further, due to the large angular extent
of the effective illumination (i.e., low spatial coherence of the effective source), and the
subtraction process to generate differential phase contrast, out-of-focus content is rejected,
permitting tomographic sectioning (middle row in Figure 2.1).

In gOBM, two DPC images from orthogonal angles (produced from four raw captures)
are processed to generate quantitative phase contrast [48, 61]. To quantify the data, we
numerically model the angular distribution of the multiple-scattered light passing through

the focal plane within the sample, which serves as the effective, transmission-like illumi-
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Figure 2.1: qOBM system design and representative images. (a) Schematic of qOBM.
(b-e) Representative single captures of (b) diluted blood, (c) rat brain tissue, (d) cerebral
organoid, (e) mesenchymal stromal cellss (MSCs) adherent to microcarriers. (b) and (c)
were captured at 60x (NA = 0.7), (d) was captured at 20x (NA = 0.45), (d) was captured at
40x (NA =0.6). (f-I) DPC and (j-m) gOBM quantitative phase images of (b-e), respectively.

nation light source [61]. This distribution leads to a robust estimate of the optical transfer
function (OTF) of the system, which in turn can be used to extract quantitative phase infor-

mation (bottom row in Figure 2.1) via a Tikhonov regularized deconvolution [48, 61, 62],

following

(p ) )
— F 1 Ir)kl.DPC -gDPC : (21)
«JCopc ™+

whereF ! denotes the inverse Fourier Transfoily 2 for the two orthogonal DPC im-
ages) §p ¢ is the Fourier transform of thé" DPC image, is the regularization parameter,

andCp . is the complex conjugate DPC transfer function given by

R
_ i [Sy) S(uIIP(u+ q)P (u)du,

Cope = “SUIPWP (W 22)

Here,u andq are 2-dimensional spatial frequency coordinates at the sample and image
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plane, respectively, andal' represents the same coordinatesuabut inverted in the shear
direction. Variable® represents the pupil function of the system, 8nd the effective light
source angular distribution at the focal plane, which is estimated using Monte Carlo photon
transport program described in section 2.3 (performed with MCXLAB in MATLAB) [63].
Optical properties for tissues were obtained from established values in the literature [64].
The transfer function was kept constant for each system and tissue. More details regarding

image quanti cation with gOBM are given below.

2.2 qOBM image formation and optical transfer function theory

The reconstruction of quantitative phase from the differential phase contrast obtained with
gOBM follows a similar process to that described by Tian et al. [48].

The theory of image formation in microscopy can be described in terms of signal pro-
cessing, in which a microscope is treated as a linear system. In signal processing, the
output of a signal traveling through a linear system is de ned by the convolution of the
signal with the impulse response of the system. The impulse resgutsecan be char-
acterized as the output of the system when presented with a delta function, or impulse,

(t). The Fourier pair of the impulse responsg(f ), is known as the transfer function
of the system. In the case of microscopy, the imbg€x;y) can be expressed as a con-
volution between the object and the point spread function (PSF) of the system, such that
Im(x;y) = o(x;y) PSF(x;y). The complex Fourier pair of the PSF is the OTF.

Figure 2.2 describes the propagation of a dédu) through a microscopy system,
where the image detected by the camera is equivalent to the intensity of the eld at the im-
age planel (r) = jE;(r)j?. As illustrated in Figure 2.2, the optical eld that arrives to the
image planee;(r) is the result of the product between the object dig(x), after being
propagated through the objective, and the pupil function of the system at the objective's
back focal planeR (f ).

Consider a thin object with transmission functiofx) = e ©)*" ) where (x)
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Figure 2.2: Wave propagation through microscope.

represents the absorption(x) is the phase, ang represents the spatial coordinates at
the object plane (Figure 2.2). For the work presented in this thesis, a hon-absorbing weak
scattering object is assumed, such tb@t) 1+ i (x). Given an illumination eld
E(x), the measured eldE;(r)) at the microscope image plane can be described as the
convolution of the eld transmitted through the sampke(x)o(x), and the microscope
pupil function,p(x). By making use of the convolution properft) y(t), x(f) y(f),
the intensity at the image plane captured by the camérd € jE;(r)j?) can be expressed
as

n n o 0,

Ir)= F'F F YE@) ox) P{f) +N (2.3)
whereN is random noise, typically dominated by the photon shot noise, and can be ne-
glected for the derivation purposd3(f ) is the pupil function, which acts as a low pass
Iter, f represents the spatial frequency coordinates at the back focal plane aaadhe

spatial coordinates at the image plane. This can be expressed as
n 0 2
I(r)= F * P(f) F ox) F *fE(u)g

z7 zz hZZ i , (2.4)
= P(f) o(x) E(u)e? U9d?u e 2 X Dd2x &2 F Nt

Here,F represents a 2D Fourier transform, representing the wave propagation from
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one plane (e.g., object plane) to another (e.g., back focal plang) as can be seen in
Figure 2.2. Assuming an incoherent illumination eld, where each angle in the distribution
is independent of the others, the resulting image can be described as a sum of individual

images produced by each illumination angle

z7 77 77 »
1(r)= S(u) o(x)P(f)g? (v Nx+tgex d?f  d?u (2.5)

whereS(u) = jE(u)j?. Thus, given an imagk(r), the phase objeai(x) can be found

if the angular distribution of the source illuminatio§(u), is known. We continue our

derivation toward the transfer function by making use of the prog’el$t§/(m)dmj2 =
Rf (m)f (n)dmdn wheref is the complex conjugate éf. By substitutingm = (f

u), and introducing the integration variabie we arrive to

27 Z
I(r)= O(m)O (n) SW)P(u m)P (u n)d?u €2 MDg2mdn

(2.6)
Thus, the overall transfer function of the qOBM syst&nis a function of the objective

pupil and the source angular distribution, and it is de ned as

Z
C(m:n)=  S)P(u m)P (u n)du: (2.7)

One more variable substitutiog,= (m  n), whereq represents the frequency coor-

dinates at the image plane, allows us to simplify Equation 2.6 following
zZ
1 (r) = Om)O (m q) C(m;m q)e? DNd?m d?q: (2.8)

If we expand the product of objects following a weak scattering phase object approxi-
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mation, which allows us to neglect squared terms and absorptive terms, we nd that

O(m)O (n)  (m) (n)+i[(m) (n) (n) (m)] (2.9)

This term can then be substituted in Equation 2.8 following

7
()= Cm:m m)[ (m) (m m)+i[(m)(n) (n) (m)e? (9 d?md*q

(2.10)
with Fourier pair
Z
Ma)= C(m;m m) (m) (m m)+i[(m)(n) (n) (m)] ¢®m
= (a) CO; g)+i [(9)C(q;0)  ( 9)C(O; a)
(2.11)

To de ne the DPC image described in Equation 2.12, we must consider the character-
istics of the net angular distribution of illuminatio8; ot (u), which results from adding
or subtractingS(u) and its diametrically opposed p&(u?, whereu° represents the co-
ordinates in the back focal plane inverted in the shear direction. Note tiSabif(u)
is even in those directions (i.e., in the case of summatiGii)); qg) = C(q;0), while
in the case of image subtracti@tor(u) is odd in one direction and in that situation
C@O; aq)= C(q;0).

As previously mentioned, to acquire a DPC image we illuminate obliquely with a re-
sulting angular distribution of illuminatio8(u) and capture ;. Following, |, is captured
by illuminating in the opposite direction, that is, with a resulting angular distribution of

illumination S(u®. Then we can de ne the DPC image as

| :|1 |2:i ( PD[Cu(a) Ca(a)].
PPC T+ 1, C(0;0) '

(2.12)
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Here, we leverage the fact thafr) is a real function, and sq q) = ( q), given by
the Hermitian symmetry relation [65].

Given this, we can de ne the DPC optical transfer functiGpp ¢ , to satisfyl ppc (1) =

(r) copc(r).

R
_ 0 [Sy) S(uIIP(u+ q)P (u)du,

Cope = SWIPUP (W)du (249

In order to solve for the quantitative phase from the DPC images, we need to perform a
deconvolution of the DPC imagkyp ¢ , with the DPC transfer functiolGppc . Given that
the transfer function has zero values along the axis of asymmetry, a direct deconvolution
should be avoided to prevent severe ampli cation of the noise. Instead, a regularization
parameter should be introduced. The quantitative phase reconstruction can be obtained by

solving the least squares problem

X
min  jifee  Copc TP+ 7% (2.14)
k

wherek = 2 corresponds to the two orthogonal DPC images acquired, asthe regular-

ization parameter. The solution to this problem is the Tikhonov regularized deconvolution.

(p P )
(x)= F 1 pkiDpC .2DPC : (2.15)
«JCopc ™ +

This derivation was originally performed for a transmission con guration with a thin
sample. One may question the validity of approximating a thick scattering sample, like
those imaged by qOBM, to a weak object. However, while the sample itself is not a weak
object, the object at focal plane can be considered one, given that the phase variations
outside this plane do not contribute to the image. As such, in qOBM the object is de ned
as the section within the focal plane, axially constrained by the Rayleigh range. Thus, the
optical volume of the object in qOBM satis es the criteria for weak object presented by

Trattner et al. [66].
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2.3 Monte Carlo simulations for system optimization

As shown in Equation 2.5, given an imagé ), the phase objeai(x) can be found if
the angular distribution of the source illuminatids(u), is known. In contrast with the
work presented by Tian et al. [48], the illumination distribution in gOBM cannot be found
analytically, as it is the result of multiply scattered light through the sample. Thus, we
model this distribution with a Monte Carlo photon transport program (MCX, Monte Carlo
eXtreme) [63].

Appendix A contains an example of the MATLAB code employed to run the simulation.
A model geometry of the system at the object is created by initializing a 30 mm x 30 mm X
15 mm volume with a voxel size of at least 200 um. The volume is then de ned to represent
different layers, which are often comprised of (1) a layer of air of thickness equivalent to
the working distance of the objective, (2) a 1 mm layer of glass to mimic a microscope
slide, and (3) a layer to complete the remaining thickness that represents the specimen.
Each volume layer is then de ned by the optical properties of the material (i.e., absorption
coef cient, scattering coef cient, anisotropy, and global RI), which are obtained from the
literature [64]. The position of the illumination is de ned at some lateral and axial distance
from the objective lens and some axial obligueness angle (often 45 deg). We de ne the
illumination to have a cone shape with 0.5 NA, corresponding to the characteristics of
the silica core delivery ber optics (Thorlabs, FP1000ERT). Once the simulation space is
de ned, a number of photons (1e8 — 1e10) is run through the photon propagation model.
The simulation time is highly variable depending on the voxel size, the number of simulated
photons, and the computational power.

In the photon transport model, the process beings with the launch of a photon at the
source position, propelled along an incident direction vector with an initial packet weight
of 1. Subsequently, the scattering length, which signi es the distance to the next scattering

event site, is calculated from the optical properties of the medium at that voxel. Moving
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Figure 2.3: Monte Carlo simulation outputs. (a) Angular illumination distribut®(u).

(b) Banana curve representing the trajectory of the detected photons. (c) DPC transfer func-
tion. (d) Central pro le of (c), employed to extract the slope indicative of phase contrast
sensitivity.

along the scattering trajectory, the photon packet progresses incrementally by one voxel
length, halting at the end of the trajectory if the remaining scattering length falls below
one voxel. At each step, the packet weight is reduced corresponding to the absorption
coef cient associated with that particular step. The photon continues to progress through
the voxels and update its packet weights until the photon completes its journey, reaching
the total scattering length. To determine the subsequent path, a new scattering direction
vector is computed after each scattering event. The model then iterates by recalculating
the scattering length until the photon exits the simulation domain or reaches the maximum
time-gate. Finally, the entire sequence of steps is reiterated until the prescribed number
of simulated photons is attained, in accordance with the experimental requirements. The
simulation output provides the photon distribution (including each photon's position, direc-
tional vector, and weight) at the detector placed at the bottom of the scattering material, as

well as the photon uence throughout the volume. The effective source distribution (Fig-
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ure 2.3a) used to derive the DPC transfer function (Figure 2.3c) is a normalized projection
of the angular distribution of detected photons on a unit sphere. The trajectory followed by
the detected photons within the volume, commonly known as the banana curve, is depicted
in Figure 2.3b.

As mentioned above, the position (both lateral and axial) and obliqueness of the illu-
mination bers can be modi ed. Optimizing these parameters experimentally is both cum-
bersome and unreliable, thus we leverage the Monte Carlo simulations described above to

nd an optimal design.

Figure 2.4: Simulated optimization parameters as a function of illumination location with
respect to the detector. The black dashed line depicts the physical limitations of the current
system setup — with areas on the right of the boundary being the only attainable options.

To assess the system's performance across various illumination conditions, an evalu-
ation of both the relative phase sensitivity and the SNR. The relative phase contrast sen-
sitivity is quanti ed through the central slope of the DPC transfer function Figure 2.3d,
derived from simulation data, as shown in Figure 2.3c and d. A steeper slope of the DPC
transfer function, caused by a higher contrast between the angular distributions of the op-
posing illuminations, results in higher phase measurement sensitivity. We characterize the
signal as a function of the percentage of photons deteblpt, and the phase sensitivity

parameter, denoted as, thus the phase contrast (signaly ism Nph. The noise com-
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ponent! can be characterized as a Poisson distribution, yieltidg P Nph. Thus, the
signal-to-noise ratio can be expresse®GasR / mp Nph. More details on the code and
speci ¢ derivations of these values from the simulation can be found in Appendix A.

Figure 2.4 shows an optimization grid encompassing different illumination angles (x-
axis) and lateral distances between the illumination source and the detector (y-axis). Ad-
ditional parameters that could be subjected to optimization include the illumination NA,
wavelength, or axial distance between the illumination bers and the objective [67]. It is
important to acknowledge that these parameters available for optimization are constrained
by the physical dimensions of the system, particularly the size and working distance of
the objective lens. The speci ¢ physical limitations associated with the gOBM system em-
ploying the Nikon ELWD S Plan Fluor 60x objective are represented by a black dashed line
within the SNR grid (Figure 2.4). With the current con guration, the illumination bers
are positioned at a 45-degree angle and situated 7 mm away from the center of the objective

lens.
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CHAPTER 3
NON-INVASIVE CORD BLOOD VIABILITY ASSESSMENT FOR BANKING
WITH QOBM

The work presented in this chapter was partially reported in [68].

3.1 Motivation

Over the past three decades, umbilical cord blood (UCB) has been used as an alternative
source of hematopoietic stem and progenitor cells (HSPCs) for transplantation for patients
lacking a fully matched donor [69, 70]. HSPCs can also be extracted from bone marrow and
mobilized peripheral blood, but collection from these sources of HSPCs exposes donors to
lengthy procedures that carry risks of infection, bleeding, and localized pain [71]. Collec-
tion of UCB, on the other hand, poses no risks to the mother or newborn child. In addition,
the use of UCB for therapy/transplants has a reduced likelihood of transmitting infections,
and transplants can be stored in the frozen state, available for immediate use [72]. Finally,
partially human leukocyte antigen (HLA)-mismatched UCB from unrelated donors can be
used for transplantation with lower rates of graft-versus-host disease compared to the other
HSPC sources [71, 73, 74, 75]. These advantages have led to an increased effort to re-
search and bank UCB to make treatments faster, more accessible, and more effective [70,
76]. With close to 5 million cord blood units (CBUs) stored in public and private banks
worldwide, cord blood banking (CBB) plays an increasingly important role in stem cell
transplantation and other cellular therapeutics [69, 71].

Despite these advantages, the cost of procuring CBUs is over 10 times more than pe-
ripheral blood and bone marrow, which makes it less accessible to the end user and is
causing a decrease in the use of UCB for transplantation. The high cost of CBUs is due,

in part, to high discard rates of CBUs before cryopreservation [70, 77]. Indeed, 66% to
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75% of collected CBUs fail to meet storage criteria [78, 79] due to insuf cient volumes
[80], delayed arrival at the processing site, and, more importantly, low total nucleated cell
counts [81, 82], which correlate with poor success rates of transplant engraftment [83].

Thus, there is an unmet need to monitor the contents of CBUs at the collection site
(i.e., maternity unit) and assess the units' suitability for storage before undergoing further
expensive processing at the CBB [84]. However, several unique requirements must be met
in order to satisfy this unmet need. First, the procedure must be fast, easy to implement,
and robust in order to be conducted at the collection site. Second, the device must be
low-cost and have a small footprint. Finally, the procedure must be performed in such a
way that the cord blood remains under a sterile environment at all times to avoid the risk
of contamination. In other words, any monitoring procedure of UCB must not breach the
sterile conditions of the CBUs.

The nal requirement is particularly onerous given that existing procedures to monitor
blood, using ow cytometry [85, 86] or a hematology analyzer [87], require extraction of
a blood sample from the CBU and are unable to maintain the sterile conditions required
for CBU monitoring. Recently, sophisticated nonlinear imaging techniques have been pro-
posed to monitor blood contents non-invasively inside storage bags [88], but such methods
require large and expensive systems and highly trained individuals to operate them.

In this chapter, we describe qOBM as a solution to this unmet need and present a fast,
fully automated, label-free, non-invasive, and accessible tool to facilitate the assessment of

storage viability of CBUs in the collection room.

3.2 Materials and Methods

3.2.1 Pilot studyandexperimentatiesign

For this proof of principle study, fteen cord blood collection bags were obtained from
the Carolinas Cord Blood Bank at the Duke University Medical Center and imaged in the

Optical Imaging and Spectroscopy (OIS) Lab at the Georgia Institute of Technology. Only
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research CBUs which did not meet storage criteria due to low collection volumes were
used. Samples were imaged within 48 hours of collection.

Once samples arrived at the OIS lab, 250 pL of blood were transferred from the col-
lection bags to a custom-made, clear bag (Instant Systems). The samples were diluted in
the clear bag in 1% phosphate-buffered saline (PBS) with a 1:100 (blood to PBS) ratio,
and then imaged by the qOBM system. Note that while the procedure used here does not
maintain a sterile environment, future work will use an integrated bag design that includes
the collection bag and the additional clear bag for imaging (with the diluent included),
connected through sterile tubing. CBUs are already preloaded with anticoagulant citrate
phosphate dextrose solution, and the same solution can be preloaded into the clear bag to
serve as the diluent. A small amount of blood can be transferred to the clear bag in a con-
trolled fashion while ensuring that no contaminants enter the integrated CBU. Aside from
this difference in transferring the blood to the clear bag, the procedure described in this
work could be used while maintaining sterility.

A complete blood count for each sample was obtained using an automated hematology
analyzer (Sysmex XN-1000 R analyzer), which includes ow cytometry with a semicon-
ductor laser to perform the white blood cell (WBC) differential. These results were used as

ground truth to validate and compare our imaging and segmentation results.

3.2.2 Imagingconditionsandprotocol

In this work, we demonstrate gOBM to be a suitable imaging system to scan through diluted
UCB and analyze its cellular contents To do so, we rst modi ed the gOBM illumination
wavelengths. One of the LED pairs were powered at 627 nm, while the other pair had a
central wavelength of 530 nm.

As aforementioned, in gOBM the sample is sequentially illuminated by the four LED
sources to reconstruct a quantitative phase image. In addition to the quantitative phase, we

acquire two relative spacial transmission images by summing the two opposing captures

30






	Title Page
	Acknowledgments
	Table of Contents
	List of Tables
	List of Figures
	List of Acronyms
	Summary
	1 | Introduction and Background
	A brief history of label-free microscopy
	Quantitative phase imaging fundamentals
	Tomographic phase microscopy modalities
	Specific research aims for this thesis

	2 | Quantitative oblique back-illumination microscopy
	qOBM system design and quantitative phase reconstruction
	qOBM image formation and optical transfer function theory
	Monte Carlo simulations for system optimization

	3 | Non-invasive cord blood viability assessment for banking with qOBM
	Motivation
	Materials and Methods
	Results and conclusion
	Discussion

	4 | Towards intraoperative brain tumor edge detection guidance with qOBM
	Motivation
	Brain tumor edge detection in 9L gliosarcoma tumor models
	Human brain tumor margin detection with qOBM
	Virtual staining of qOBM images for pathological analysis
	Discussion

	5 | Functional imaging with dynamic qOBM
	Motivation
	Dynamic qOBM and phasor analysis
	Dynamic qOBM enables monitoring of 3D mesenchymal stem cell cultures
	D-qOBM for label-free T-cell expansion monitoring and cytometry
	Discussion

	6 | Deep learning enabled single capture qOBM
	Motivation
	Generative adversarial networks for image reconstruction
	Results
	Discussion

	7 | Discussion and future directions
	Appendices
	A | Monte Carlo simulations code

	References

