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Nothing in life is to be feared, it is only to be understood. Now is the time to understand
more, so that we may fear less.

Marie Curie
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4 um at each of the three wavelengths, with O um being designated as the
in-focus plane. . . . . . . . 117
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SUMMARY

Imaging with ultraviolet (UV) light (wavelengths ranging from 200 nm to 400 nm)
enables label-free molecular imaging due to the distinctive absorption and dispersion prop-
erties of several physiologically important, endogenous biomolecules in this spectral re-
gion. In addition, the shorter wavelength of UV light offers higher spatial resolution than
conventional imaging systems that use visible light. Furthermore, advances in UV light
sources and detectors have resulted in setups that enable contiguous imaging of live cells
over long durations without signi cant photodamage.

This dissertation aims to enhance the capabilities of deep-UV microscopy for accessible
imaging of biological samples. Initially, we introduce a simple technique for hyperspec-
tral UV microscopy to extract quantitative absorption information from biological samples
without prior knowledge of their optical properties. Following this, we employ multi-
spectral deep-UV microscopy to quantify hemoglobin in red blood cells. Subsequently,
we leverage recent advances in deep learning to develop an automated pipeline for label-
free hematology analysis using single-wavelength UV microscopy images. In conjunction
with a compact deep-UV microscope and custom micro uidic devices, this work can en-
able low-cost, ef cient, and label-free hematology analysis within minutes, suitable for
clinical, at-home, or low-resource settings. Additionally, we explore the development of a
multispectral UV microscope for high-resolution, 3D tomographic imaging of cells.

Overall, this dissertation advances UV microscopy through improved instrumentation,
analysis, and computational reconstruction, establishing it as an effective and economi-
cal label-free imaging tool for research, clinical, and point-of-care applications. We an-
ticipate that the high-resolution molecular and structural information obtained from UV
microscopy will further our understanding of fundamental biology and aid in disease diag-

nosis, monitoring, and treatment planning.
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CHAPTER 1
INTRODUCTION AND BACKGROUND

Microscopy has been instrumental in studying the morphological, molecular, and func-
tional properties of biological samples. Since the development and use of early micro-
scopes by Hooke and Van Leeuwenhoek in1f#@ century, microscopy has played a cru-
cial role in advancing our understanding of fundamental biology, thereby providing insights
into the progression, detection, and treatment of diseases [1].

Over the past few centuries, various microscopy techniques with diverse contrast mech-
anisms and capabilities have evolved to image different biological samples or address spe-
ci ¢ scienti ¢ and clinical needs [2]. The bright eld microscope, which relies on the inter-
action of visible light with a sample, facilitated the initial observation of cells. Nonetheless,
intracellular structures and organelles, like nuclei, appeared transparent and were challeng-
ing to visualize, primarily owing to their weak absorption of visible light. Consequently,
exogenous chemical stains and dyes, such as Haematoxylin and Eosin (H&E) and Ro-
manowsky stains, were developed to enhance sample contrast. These methods have since
seen extensive use in medicine and biology for visually analyzing and classifying various
tissue and cell components [3]. Although the stains facilitate the clear visualization of
distinct target constituents and offer unique advantages, the staining protocols must be per-
formed by trained personnel and are typically lengthy, resource-intensive, and expensive.
Furthermore, staining is limited to xed cells and tissues, which restricts the application of
these methods to study dynamic processes in live specimens [4].

Another prevalent approach to image and study biological samples is uorescence mi-
croscopy. The phenomenon of uorescence was rst documented in 1845 by Herschel
when he observed that a clear quinine solution emitted a blue glow when exposed to sun-

light [5]. The earliest uorescence microscopes were developed nearly fty years later to



image various molecular targets, such as deoxyribonucleic acid (DNA) or speci ¢ proteins
in biological samples, by tagging them with labels, namely uorophores [6, 7]. These u-
orophores are excited by speci ¢ wavelengths of light, typically ultraviolet (UV) light, and
emit visible light of a longer wavelength that can be seen by the naked eye or measured by
a detector, resulting in high-resolution images with high molecular speci city. Although
uorescence microscopy is a workhorse for biological discovery, it suffers from several
inherent limitations. First, sample preparation using uorescent labels can be costly, time-
consuming, and require multiple chemical reagents. In addition, uorescence microscopy
suffers from a loss of signal-to-noise ratio (SNR) due to photobleaching and phototoxicity
from the excitation light, which hinder accurate quanti cation and limit live-cell imaging
[8, 9]. Fluorophores can also interfere with the sample under study in many ways, such
as increasing the likelihood of cell death via apoptosis [10] or altering the localization and
aggregation of intracellular components [11]. Finally, only a limited number of uorescent
channels (different uorophores) can be imaged simultaneously with a single uorescence

microscope [12].

1.1 Label-free microscopy

1.1.1 Qualitativephasdamagingtechniques

Numerous label-free techniques have been developed to overcome the limitations of tradi-
tional methods by utilizing the inherent optical properties of the sample. Qualitative phase
imaging techniques, like phase contrast (PC) and differential interference contrast (DIC)
microscopy, capitalize on refractive index (RI) variations among different sample compo-
nents and convert changes in the phase of light into intensity variations that can be seen
by eye or captured by a detector [13, 14, 15]. These techniques produce high-contrast im-
ages of unstained, transparent specimens in which morphological features can be clearly
observed compared to bright eld images, as can be seen in Figure 1.1. In PC microscopy,

variations in the optical path length (OPL), which is the product of Rl and thickness) of
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the sample, result in differences in image intensity (see Figure 1.1(b)). In DIC microscopy,
contrast is primarily generated by optical path length gradients. Steep RI gradients give
images a pseudo-three-dimensional (3D) relief effect, while shallow gradients, as in at
specimens, produce minimal contrast and appear at a similar intensity as the background
(see Figure 1.1(c)). PC microscopy generally involves a simple set-up compared to DIC
microscopy, but the images suffer from halos and shade-off artifacts that are not present in

DIC images (see Figure 1.1).

Figure 1.1: Images of bovine pulmonary artery endothelial cell taken with (a) Bright eld
(b) PC (c) DIC. Adapted from [16]

As both these microscopy methods do not require xing and staining of cells, they can
be used to monitor live cells and study dynamic processes such as motility and mitosis
within living cells over long periods of time without inducing photodamage. However, the
data obtained through these methods is qualitative and cannot be used to generate quanti-
tative spatial maps of the biologically relevant RI. Quantitative phase imaging (QPI) tech-
nigues overcome this limitation by providing absolute phase values that are linearly related

to the RI difference between the sample and the surrounding medium.

1.1.2 Quantitativephasamaging(QPI)

QPI has become a fundamental tool for imaging live, unlabeled specimens, such as mono-

layer cell cultures, and studying their morphology, growth, and dynamics [17, 18, 19]. QPI
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is designed to detect the optical eld of light, encompassing both amplitude and phase
information, which has interacted with the unlabeled sample. Typically, this is achieved
by encoding phase variations as changes in intensity and employing a reconstruction pro-
cedure, which can either be based on interferometric techniques or phase retrieval algo-
rithms, to extract phase values from the acquired intensity images [17, 20]. The different
QPI methods involve trade-offs between complexity, speed, sensitivity, and spatio-temporal
resolution.

Interferometric QPI techniques are based on the interference of the eld transmitted
through a sample and a reference eld. This interference can be achieved through one of
two primary methods: (i) phase-shifting QPI (see Figure 1.2(a)) and (ii) off-axis QPI (see
Figure 1.2(c)). In phase-shifting QPI, a phase delay is introduced in a reference wave using
a translational mirror, a liquid crystal phase modulator, or a spatial light modulator (SLM)
[21, 20]. Initially, phase-shifting QPI was implemented in dual-path con gurations, similar
to the one seen in Figure 1.2(a), but these setups were highly sensitive to noise. As a result,
more robust common-path interferometers have been introduced to address this issue. This
technique usually requires four captures to obtain quantitative phase information [22]. In
contrast, off-axis QPI can derive quantitative phase data from a single raw interferogram
or hologram. While there are various con gurations for off-axis QPI, a Mach-Zehnder
interferometer-based con guration as shown in Figure 1.2(b), is common. However, off-
axis QPI has a much lower space-bandwidth product (i.e., much more limited eld of view)
compared to phase-shifting QPI for a given spatial resolution.

Interferometric QPI modalities offer a fast and accurate means of measuring the quan-
titative phase of transparent samples. However, these systems are complex and can be
challenging to set up and operate, and they are often prone to noise. Computational phase
retrieval techniques address these issues by eliminating the need for a dedicated interferom-
eter and allowing for simpler optical con gurations. Computational phase retrieval involves

the use of deterministic or iterative algorithms to recover quantitative phase information



Figure 1.2: Interferometric QPI techniques. (a) General schematic for phase-shifting QPI.
(b) Dual-path interferometric system with an example interferogram and recovered phase
image. (c) General schematic for off-axis QPI. (d) Mach-Zehnder interferometer-based
con guration with an example interferogram and recovered phase image. Images (a) and
(c) taken from [17], and images (b) and (d) taken from [20].

from a series of intensity images acquired with different illumination or detection schemes.
Among the iterative phase retrieval algorithms, the Gerchberg-Saxton (GS) [23] and
Fienup methods [24] are the most prominent. In the original GS formulation, two intensity
measurements are acquired: one at the image plane and another at the diffraction plane.
Mathematically, the wavefront ( eld) propagation between these planes is equivalent to a
Fourier transform. The algorithm commences with an initial estimate of the phase and then
alternates between the diffraction and image planes, iteratively updating the amplitude of
the eld using the square root of the measured intensity plane. This process continues until
prede ned convergence criteria are satis ed. The generalized-GS algorithm, known as the

error reduction algorithm, and several of its variations [24, 25] have proven to be effective



in retrieving phase information from intensity images acquired with varied illumination or
sample translation.

Deterministic computational phase retrieval methods utilize knowledge of light prop-
agation and light-matter interactions to recover the quantitative phase by solving deter-
ministic equations. These methods can be quite fast and often provide phase values in real
time. One example of such a deterministic equation is transport of intensity equation (TIE),
which is founded on the idea that phase information is embedded in defocused intensity im-
ages [26, 27, 28]. The TIE mathematically characterizes how changes in image intensity
along the optical axis are related to the phase and amplitude properties of the object. To
solve the TIE, typically, two or more images at different focal positions are needed, and
the speci c solution method depends on the sample's nature and the type of illumination
[29, 26, 30, 27, 28]. Although TIE-based phase retrieval is ef cient, it is dependent on the
paraxial and the weak object approximation, which may not always be applicable [28]. Ad-
ditionally, the accuracy of TIE-based methods is often lower compared to interferometric
approaches [28].

Another example of a deterministic QPI technique is differential phase contrast (DPC)
imaging. In this approach, asymmetric illumination is employed to generate phase contrast
in the acquired intensity images. Typically, two images with complementary asymmetric
illumination patterns are acquired and then subtracted to generate a DPC image [31]. Re-
trieving the quantitative phase from the DPC image entails a deconvolution with the phase
gradient transfer function [31, 32]. Generally, at least two DPC images along orthogonal
axes of illumination are required for accurate phase retrieval [32]. DPC-based methods
also rely on a number of assumptions about the sample, which might not always hold true.

The quantitative phase (x;y) ) at a speci c wavelength and vy location, obtained

from QPI techniques is directly proportional to the RI difference between the sample and



the medium, n, and the thickness of the specimerg(x;y), given by

(xjy) = z(x;y) n; (1.1)

where refers to the illumination wavelength [17]. Quantitative phase images can provide
valuable insights about sample morphology and be applied to clinical and diagnostic ap-
plications [33, 34]. The detected optical phase signals enable the computation of various
parameters of cellular samples such as dry mass, which is linearly proportional to RI, and
volume, enabling the study of cell growth and mobility [35, 36, 18]. Additionally, QPI can
also provide insights into the biophysical properties of cells, such as stiffness and viscosity
[37, 20]. In spite of these advantages, QPI techniques lack the molecular speci city to

differentiate cellular constituents with different chemical compositions [38].

1.1.3 Ramanmaging

Raman spectroscopy or microscopy [39, 40] is a label-free, chemical imaging technique
that nds extensive applications in analyzing a diverse range of samples, including biolog-
ical specimens, polymers, minerals, and even diagnosing diseases such as cancer [41]. It
operates on the principle of Raman scattering, where monochromatic light interacts with

a sample and is scattered inelastically. The energy difference between the incoming and
scattered photons, known as the Raman shift, is dependent on the chemical composition
and structure of the sample under study. In case of Stokes Raman scattering, the scattered
photon has a lower energy than the incoming photon, whereas in the case of anti-Stokes
Raman scattering, the scattered photon has a higher energy than the incoming photon (see
Figure 1.7(a)). Various implementations of Raman imaging, both linear, such as sponta-
neous Raman (SpR) scattering [42], and nonlinear, like stimulated Raman scattering (SRS)
and coherent anti-Stokes Raman scattering (CARS) [43, 44], have enabled the characteriza-

tion and classi cation of both dry and aqueous samples based on the structural information



as well as the detection of different biomolecules such as lipids, proteins, and nucleic acids
[39, 43, 42, 44].

Although Raman imaging techniques provide rich chemical information, SpR is too
slow for most imaging applications and nonlinear Raman methods require expensive and
complex optical instrumentation, as seen in Figure 1.3, often with sophisticated data pro-
cessing pipelines [44]. Furthermore, they depend on point-scanning techniques, which can
limit their imaging speed. The use of expensive and complex lasers, some of which are not

approved for in vivo use, makes them unsuitable for certain clinical applications [40].

Figure 1.3: Schematic of a non-linear Raman imaging set-up. The system involves a two-
color laser source, pulse shaping or focusing optics for femtosecond (fs) pulses, followed
by the imaging optics in a few different con gurations. Adapted from [43].

1.1.4 Infraredspectroscopiamaging

Infrared spectroscopic imaging is a non-destructive and label-free imaging technique that
combines the principles of infrared (IR) spectroscopy with conventional light microscopy

[45]. IR spectroscopy is based on the principle of IR absorption: when IR light interacts
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with a sample, it is absorbed, altering the rotational and vibrational energy states of the
constituent molecules (see Figure 1.7(a)). This absorption phenomenon probes the vibra-
tional modes within a sample and offers valuable insights into its chemical composition and
molecular structure. The IR spectrum of a biological specimen, like the Raman spectrum,
can be divided into several crucial regions, including the ngerprint region, the amide I and
amide Il (amide I/11) region, and the higher-wavenumber region. Each region corresponds
to unique molecular composition and structures, and hence, these regions together provide

a biochemical ' ngerprint' of the sample under study [46] as shown in Figure 1.4(a).

Figure 1.4: (a) Representative IR spectrum from a biological sample. (b) Schematic of an
Fourier transform infrared (FTIR) imaging system. Adapted from [46].

IR spectroscopic imaging, or IR microspectroscopy, typically combines Fourier trans-
form IR (FTIR) spectroscopy with conventional microscopy. While these microspectro-
scopic images offer chemical and structural information, they tend to have lower resolution
due to the longer wavelength of IR light and may not be suitable for examining subcellu-
lar morphology, and are severely hampered by strong water absorption. A typical FTIR
imaging system, as depicted in Figure 1.4(b), consists of an IR source, an interferometer,
a microscope, and a detector. These setups require specialized optics and can be bulky
and complicated. In addition, many IR microspectroscopy systems entail point-scanning,

which limits their imaging speed and throughput and poses challenges for use in clinical



applications and point-of-care settings [47].

1.1.5 Auto uorescencdmaging

Several intrinsic biomolecules, such as nicotinamide adenine dinucleotide + hydrogen (NADH),
avin adenine dinucleotide (FAD), elastin, collagen, tryptophan, tyrosine, and phenylala-
nine, act as endogenous uorophores and emit visible light when exposed to speci c wave-
lengths of UV light, as shown in Figure 1.5. This phenomenon, known as auto uorescence,
forms the basis for a family of label-free uorescence microscopy technigues for examin-

ing biological samples [48]. The auto uorescence emission properties of these functionally
important biomolecules depend on the metabolic and morphological attributes of the sam-
ple. This enables live cell and tissue imaging with molecular speci city in l@tlvivo

andin vivo settings. However, the use of conventional wide eld auto uorescence imaging

Figure 1.5: (a) Fluorescence emission spectra of several biomolecules, taken from [46].
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is often unsuitable for most samples because it yields poor image quality, primarily due
to contributions from out-of-focus regions of the sample. To enhance image quality, con-
focal microscopes, deconvolution techniques, and multi-photon excitation are employed
[49]. However, many of these approaches come at the cost of slower imaging speed, due
to point scanning and the relatively low quantum yield of these endogenous uorophores.
Additionally, multi-photon imaging necessitates costly ultrafast laser sources and often re-
sults in a complex setup that may not be suitable for clinical and diagnostic applications.
Further, the use of ultrafast lasers for imaging human tissues in-vivo is not US Food and
Drug Administration (FDA) approved in the US.

Although auto uorescence intensity images can reveal the spatial distribution of various
biomolecules, they are unable to differentiate between uorophores with similar spectra or
provide insights into the molecular environment surrounding a uorophore [50]. To address
these limitations, uorescence lifetime imaging microscopy (FLIM) has been developed.
FLIM is based on measuring the uorescence lifetime, which refers to the average dura-
tion during which a uorophore remains in the excited state before emitting a photon and
transitioning back to the ground state. The uorescence lifetime is contingent on the molec-
ular structure and the microenvironment of the uorophore, allowing FLIM to distinguish
biomolecules with spectra that overlap. FLIM can be employed in various con gurations
tailored for speci c applications and has proven highly effective in metabolic imaging of
cells and tissues within their natural physiological context, making use of the auto uores-
cence of biomolecules like NADH and FAD [50].

FLIM provide unique molecular and metabolic information about samples, however,
like other modalities, it requires costly and complex instrumentation and specialized analy-
sis techniques. Additionally, the lower quantum yield of endogenous uorophores, coupled
with the larger number of photons to accurately estimate uorescence lifetimes can severely

limit the imaging speed.
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1.2 Imaging and spectroscopy with UV light

1.2.1 Historicalcontext

The understanding of UV radiation and its characteristics developed gradually over the
course of three centuries. In 1801, Ritter observed that rays just beyond the violet end
of the spectrum, produced a pronounced darkening of silver chloride-soaked paper [51,
52]. These invisible rays were originally termed “deoxidizing rays” and later referred to
as“chemical rays” before the term “ultraviolet” (UV) was adopted. UV light has wave-
lengths smaller than visible ligh€ @00 nm) and larger than X-rays. The UV region of the
spectrum can be subdivided into a number of ranges based on the wavelength, such as the
UVC (100 nm to 290 nm), UVB (290 nm to 320 nm) and UVA (320 nm to 400 nm) [51].
The region of the spectrum with wavelengths in the range 200-280 nm is referred to as the
deep-ultraviolet (DUV) region.

Several endogenous biomolecules exhibit strong absorption peaks at different UV wave-
lengths and this property has been leveraged for imaging and spectroscopy since the rst
transmission-based UV microscope was reported by Koehler in 1904 [53]. This micro-
scope was developed as part of an effort to enhance the spatial resolution of microscopes,
based on Abbe's theory of the resolution limit, and it produced the rst images from a
DUV microscope. It featured an objective lens made from quartz and calcium uoride,
with DUV illumination generated through an electric spark involving cadmium and mag-
nesium. Subsequently, in 1906, American pathologists employed a DUV microscope to ob-
serve microstructures within bacteria [54]. Images from these early microscopes are shown
in Figure 1.6 and underscore the capability of DUV microscopy to visualize intracellular
structures and minute morphological features that were beyond the reach of conventional
visible light-based microscopes.

The progress of DUV imaging systems continued during the early 1920s and 1930s, and

DUV microscopy was used to study a diverse range of biological samples. This included
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