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Abstract

Advances in Stimulated Raman Scattering Microscopy via Deep Learning

Bryce Adrian Manifold

Chair of the Supervisory Committee:
Dan Fu
Department of Chemistry

Stimulated Raman scattering (SRS) microscopy is a powerful chemical imaging technique that
acquires images based on the vibrational-spectral “fingerprints” of molecules within an imaged
field of view often without the need for exogenous fluorophores or labels. SRS microscopy has
found an established niche in biophotonics with many examples of translational clinical
applications and demonstrations of imaging various biological systems on subcellular to tissue
spatial orders. Concurrent to the development of SRS microscopy, computational advancements
have seen a democratized adoption of deep learning platforms for a wide variety of computer
vision tasks. In this work I document my contributions in integrating SRS microscopy and deep
learning towards advancing the capability to study biological systems. Specifically, deep learning
will be shown to address technical limitations of SRS microscopy such as imaging noise and
ultimate imaging depth in tissue samples. Deep learning will also be shown to improve analysis of
SRS images via the development of a novel convolutional neural network architecture designed to
handle a variety of chemical imaging techniques and perform a variety of computer vision tasks.

Finally, I will show how these advancements and novel architecture can be used to diagnose



thyroid cancer in label-free human tissue samples and to classify and study T cells based on label-

free images.
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Chapter 1. INTRODUCTION

1.1 MOTIVATION AND OVERVIEW

Stimulated Raman scattering (SRS) microscopy is a powerful optical imaging technique
that uses the intrinsic vibrational contrast of molecules to provide chemical maps of biological
cells and tissues. Due to its label-free imaging capability and subcellular spatial resolution, SRS
imaging has shown great promise in many biological and biomedical applications such as
metabolic studies, drug imaging, tissue diagnosis [1-8].

Despite recent advances, SRS imaging still faces technical shortcomings that prevent it
from becoming more widely used in biological imaging. Similar to multiphoton fluorescence, SRS
imaging uses ultrashort laser pulses to excite weak nonlinear optical transitions [9]. Specifically,
two ultrafast laser pulses (pump and Stokes) are used to coherently excite a Raman vibrational
transition via a virtual state at the focus of a scanning laser microscope. As the lasers are scanned
through the focus of the objective, an image is formed that contains quantitative chemical
information at micron scale. However, SRS microscopy sensitivity can be low, especially when
trying to image low concentration molecules, deep into tissue, or at high speed. Low signal
conditions may also be inevitable when considering the limitation of laser power for in vivo
imaging to avoid tissue damage [10,11]. In vivo experiments with SRS imaging are also often
inherently signal-limited where “epi” detection (where weak back-scattered light is collected from
the sample) is typically required. To this end we show the capability of deep learning to
significantly improve image quality and even extend the ultimate imaging depth limit in scattering

tissue samples.



2

In addition to these technical limitations (imaging depth, laser power, or detection scheme)
that affect image quality, SRS imaging may also present limitations in chemical specificity even
when used in a “hyperspectral” capacity. That is, where multiple spectral components of a field of
view are depicted in their own image. Though the vibrational information afforded by SRS
microscopy can be specific to a given molecule, there are often many overlapping contributions to
vibrational signals, especially in biological samples, that confound image interpretation. This may
belie claims of the value of SRS as a label-free imaging technique, as any value of avoiding labels
may be offset by not knowing exactly what molecular vibration is being probed. Linear
decomposition, phasor analysis, and some machine learning methods have been developed for
analysis of hyperspectral imaging datasets|[12-16], however these methods tend to focus on
interpretation of only the spectral information while the spatial information may be underutilized.
Recently, deep learning via Convolutional Neural Networks (CNNs) has shown significant
promise in both enhancing image quality [17-19] and improving hyperspectral image analysis
[20-24]. Indeed, with the continuous improvement and increasing availability of advanced
computing hardware and open-source methods, deep learning is finding broader use in a wide
variety of imaging, sensing, and biophotonics research [25,26].

In this work, my contributions of using deep learning to improve SRS image quality and
hyperspectral image analysis will be presented. Specifically, deep learning denoising is shown to
significantly improve SRS image quality in differing sample types and to be applicable to SRS
images outside of the explicitly trained data space [27]. | will also present corollary work better
defining the limits of SRS imaging depth in tissue and how such depths can be extended via deep
learning [28]. | will then present my work in creating and utilizing a novel deep learning

architecture (the U-within-U-Net, or UwU-Net) for hyperspectral image analysis [29].
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Specifically, I will show the ability of the UwU-Net to perform simultaneous segmentation and
classification of hyperspectral remote sensing imagery and label-free prediction of fluorescence
images from hypserpectral SRS images. | then show how these advancements in deep learning for
SRS microscopy can be translated both to clinical relevance by predicting the diagnosis of thyroid
cancer samples, and to study biological systems such as immunological cells in a label-free

capacity.

1.2 STIMULATED RAMAN SCATTERING MICROSCOPY

SRS is a third-order nonlinear interaction that coherently probes the same vibrational
chemical information recovered from a linear (or spontaneous) Raman experiment[9]. This
information arises from the vibrational excitation of electrons within bonds to higher energy
vibrational states via a virtual excited state (Figure 1.1) induced by an photon of some energy that
corresponds to neither a real vibrational nor electronic eigenstate. This stands in contrast to linear
infrared absorption where photons of energies equal to some vibrational transition (these
wavelengths are in the infrared section of the electromagnetic spectrum) are directly absorbed to
acquire vibrational information (Figure 1.1). Given infrared photons’ strong water absorption cross
section, linear infrared spectroscopy is usually not ideal for a microscopy of biological systems.
Instead Raman scattering has found a particular niche here with fast and readily quantitative

analysis of vibrational chemical information.
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Figure 1.1. Energy Level Diagrams of Vibrational Spectroscopy Interactions
The energy level diagrams represent some theoretical molecule with electrons trapped in bonds.
The solid black lines are shown grouped into 2 electronic states denoted by “G” and “E1”
representing the ground and 1% electronically excited state, respectively. Within each electronic
state are shown vibrational energy levels. Photons are represented as arrows whose lengths
correspond to their respective energies. Different energies of photons are color coded for clarity.
The vibrational energy levels can be excited directly via linear infrared absorption (left most) or

by a Raman process (either spontaneous or stimulated). Elastic scattering is also shown.

Stimulated Raman signal, specifically, is generated by the coincident interaction of two
laser pulses (pump and Stokes beams) at the sample. There, a pump-probe process occurs by which
the probed Raman band of frequency, €2, corresponds to the difference in frequency of the pump
and Stokes beams, i.e. Q = @pump — ®stokes (Figure 1.1). The three-photon interaction and resulting
signal photon can be thought of as transmuting a pump photon into a Stokes photon via the coupled
Raman band. This intensity loss in the pump pulse is stimulated Raman loss (SRL) and the
subsequent gain in intensity of the Stokes pulse is stimulated Raman gain (SRG). In this work,
only the SRL process is discussed as it is the detection scheme used for all experiments. The SRL
process only attenuates the pump beam by a miniscule fraction often far below the typical pulse-

to-pulse intensity differences. In order to quantify the transfer of energy (i.e. number of nonlinear
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events) between pulse trains, lock-in detection is employed. By modulating the Stokes pulse train
(typically 10-40 MHz) and detecting the modulation transfer to the pump pulse train, SRS signal
can be detected down to millimolar sensitivity. If the pump and Stokes beams are raster scanned
through a microscope with known speed and subsequently detected at a photodiode triggered to
the scanning rate, an image can be constructed with pixel values corresponding to SRS signal.

Stimulated Raman scattering (SRS) microscopy was first demonstrated in 2008 by
Freudiger et al. as an alternative coherent Raman microscopy technique to the then-more-popular
Coherent Anti-Stokes Raman Scattering (CARS) microscopy [30]. Both SRS and CARS
microscopy use synchronized pulsed lasers to coherently excite the inherent chemical vibrations
of molecules. This contrasts with so-called “spontaneous Raman scattering”, where a single
(typically continuous wave) laser source focused on a sample will cause spontaneous emission of
photons of different wavelengths (i.e. energies) corresponding to vibrational energy differences
with respect to the original laser source. While spontaneous Raman scattering affords broad and
readily interpretable spectral information about a sample, the probability of spontaneously emitted
Raman photons is typically quite low with differential scattering cross-sections in the ~10° cm?
regime [31-33]. Thus, if microscopy is desired via spontaneous Raman, acquisition times are often
egregiously slow given the typical excitation wavelengths and maximum laser powers appropriate
for biological samples. Coherent Raman scattering microscopies offer significantly faster and
more sensitive Raman imaging via coherent nonlinear optical interactions typically at the expense
of broad spectral coverage and some spectral specificity [34,35].

CARS microscopy has seen broad use in biophotonics research since its first demonstration
but has largely fallen wayside to SRS microscopy [36—42]. This is due largely to the shortcomings

of CARS microscopy with respect to SRS microscopy. Specifically, CARS microscopy, though
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technically easier to implement and detect signal, suffers from a significant “non-resonant”
background effect and spectral distortion (with respect to the spontaneous Raman spectrum). This
non-resonant background and resultant spectral distortions (wavenumber shifts, peak broadening,
peak intensity changes, etc.) make quantitative chemical analysis of CARS microscopy images
difficult [43,44].

SRS microcopy, in contrast, does not suffer from the non-resonant background issue. SRS
signal arises from energy transfer between the two lasers sources and the molecular vibration, with
spectral features nearly identical to spontaneous Raman except for slight peak broadening related
to the pulse duration and bandwidth of the lasers [9]. Additionally, SRS microscopy offers the
distinct advantage of signal strength that is linearly dependent on sample concentration. This
affords SRS microscopy with fast, sensitive, label-free, and quantitatively intuitive detection of
chemically specific imaging contrast of samples. Moreover, SRS microscopy is well-suited for
biological samples because Raman scattering of water vibrations is relatively weak and the
typically used near infrared picosecond laser sources cause minimal photodamage due to heating
and multiphoton ionization. Indeed, SRS microscopy has found its largest use in biophotonics as
a label-free yet chemically specific alternative to more ubiquitously adopted fluorescence
microscopy techniques. While fluorescence microscopy is a valuable tool with relatively low
barrier to utilize, the use of exogenous fluorophores has some commonly cited shortcomings
[35,45-49], including label specificity, cytotoxicity, photobleaching, and color cross-talk. SRS
microscopy has found utility in a wide variety of biological applications such as imaging
pharmacokinetics [50-54], cellular and physiological metabolism [55-59], antibiotic susceptibility

and resistance [60,61], and histopathological diagnosis [62—-65]. While such experiments could
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also be performed using fluorescent labels, the value of a label-free method that also provides
quantitative insight is highly desirable for modern biological studies.

However, this quantitative insight is limited in other ways. For example, scattering of light
in turbid media (as biological samples often are) often makes calibration and validation of
quantitative SRS measurements difficult [66]. Further, because the SRS process and detection
scheme relies on focusing ultrafast laser pulses through a high numerical aperture objective, other
nonlinear processes often confound or distort SRS signal. For example, given the presence of
appropriate molecules, transient absorption (absorption of multiple photons to excite an electronic
transition of molecules) processes may also occur at the focus of the objective giving rise to
spurious signal features unrelated to the desired vibrational information. Cross-phase modulation
(XPM) is often another parasitic process that contributes broad chemically-nonspecific
background signal in SRS microscopy. XPM arises from a nonlinear modulation of refractive
index at the focus of the objective causing down field focus changes at the same frequency as the
SRS signal being sought by the lock-in amplifier. Similarly, thermal lensing, where a temperature
gradient creates a similar effect, can also contribute background signal in a resultant SRS image.
Indeed, the background limitation of SRS has warranted many technical improvements to improve
the sensitivity of SRS [8,67].

These background limitations are often related to the pulse duration used in SRS
microscopy. Modern SRS microscopes typically are operated in two main types in this regard
based on the laser source chosen. The first type utilizes an ultrafast source with output pulses in
the 5-12 picosecond regime. This allows for higher average power at focus (as longer duration
pulses have lower peak energies meaning less sample damage) and higher spectral resolution (i.e.

the ability to resolve nearby peaks in the vibrational spectrum). The trade off is slightly lower
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signal at commensurate average powers, and slower acquisition of hyperspectral images (where
images are taken at different Raman transitions) due to having to tune the laser wavelength output
at the cavity. The second type of system, and that which is used throughout all of the SRS
experiments presented here utilizes a broadband femtosecond source. Where the pulses leaving the
laser cavity near the transform limit (~100 fs) with ~10 nm bandwidth at the center wavelength.
This offers slightly higher signal and quick acquisition of hyperspectral data (when used in the
spectral focusing mode). The trade offs here are potentially more damage being done to samples,
typically lower spectral resolution and the above mentioned background issues.

Ultimately it is important to consider the comparison of SRS microscopy to other similar
microscopy methods, especially fluorescence microscopy which stands as a gold standard method
for subcellular microscopy. Stated plainly, SRS microscopy achieves 3 main advantages over
fluorescence microscopy:

1. Label-free visual contrast based on endogenous molecules at near equivalent spatial
resolution
2. No photobleaching, as the molecules providing the visual contrast are not breaking down
during continued imaging.
3. Inherently quantitative information given appropriate calibration and validation
But SRS microscopy also suffers from significant trade-offs in comparison to fluorescence
microscopy:
1. Lower sensitivity, usually uM sensitivity at best versus all the way down to single molecule
detection

2. Scattering limits imaging depth to 100’s of um versus multiple mm.
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3. Specificity issue when multiple endogenous molecules contribute SRS signal at a given
Raman transition, as is common in the carbon-hydrogen region. This additionally
complicates interpretation of hyperspectral image datasets

Throughout this work | present how the challenges posed by these limitations in SRS microscopy
can be addressed through deep learning, and how deep learning can augment the capabilities and

applications of SRS microscopy.
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Chapter 2. DEEP LEARNING DENOISING OF STIMULATED

RAMAN SCATTERING MICROSCOPY IMAGES

The work presented in this chapter has been published in the following article[27]:

Manifold, B.; Thomas, E.; Francis, A. T.; Hill, A. H.; Fu, D. “Denoising of Stimulated
Raman Scattering Microscopy Images via Deep Learning” Biomed. Opt. Express, BOE
2019, 10 (8), 38603874

2.1 INTRODUCTION

As described in the previous chapter, SRS images, though powerful towards imaging
biological samples in a label-free modality, often suffers with respect to sensitivity with respect to
the more gold-standard fluorescence imaging. Indeed, typical SRS images often are noisy and of
low quality when imaging deep and/or at high speed. For example, SRS signal is often
unacceptably noisy when imaging tissue at depths below 90 um even for high abundance
biomolecules such as proteins and lipids [68,69]. Additionally, low signal conditions may be
inevitable when compensating for potential damage to biological samples when imaging at short
pulse durations or high powers. In vivo experiments with SRS imaging may also be signal-limited
where “epi” detection is typically required in comparison to experiments where light can be
transmitted through a sample and collected on the other side. Epi imaging acquires back-scattered
light from the sample which yields significantly weaker signal in comparison to transmission mode
detection unless samples are sufficiently thick (as will be discussed in greater detail in Chapter 3).
These challenges (depth, laser power, and detection scheme) are common in biological imaging
and often result in the acquisition of low SNR images. While in some applications this can be

mitigated by increasing imaging times, in vivo applications require rapid image collection to both
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observe physiologically relevant processes and avoid imaging artifacts due to sample motion. As
a result, many in vivo studies turn to denoising algorithms to increase their image SNR [70-72].

While standard denoising algorithms can be used to improve image quality, they typically
require either a priori knowledge about the interfering noise or multiple images of the same
features to enable averaging and often introduce undesirable consequences such as a decrease in
the effective spatial resolution of the image [73-75]. Recently, deep learning via CNNs has shown
significant promise as a denoising tool [17-19]. These CNN-based algorithms have been used to
denoise images with inherent compression corruption or induced Gaussian noise, often even
performing well in blind denoising tests. However, the fully-connected architecture of the most
common CNNs for denoising involve significant training times and require large training samples
to be effective. Moreover, these deep learning denoising algorithms are based on RGB images
with relatively narrowband noise (noise centered around a small frequency range) [76]. To our
knowledge, this is the first report of using a CNN to denoise nonlinear optical images, particularly
SRS images.

Here, we report the use of a U-Net architecture CNN to denoise SRS images in low signal
situations. Previous work with this U-Net architecture has been able to create algorithms that
predict label-free fluorescence images from brightfield microscopy images with high fidelity while
requiring relatively few training images [77]. The use of a CNN presents an elegant way of
tailoring a specialized denoising algorithm to significantly improve the quality of SRS images in
situations where low signal is unavoidable. In this work, we train a deep learning algorithm with
corresponding SRS images taken at low and high laser power (i.e. images with low and high signal
to noise ratios) then use the trained algorithm to denoise new images with similarly low SNR. Our

method significantly outperforms other denoising methods with respect to many common noise
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and image fidelity metrics. Moreover, we find that the trained algorithm is applicable to images
acquired at differing fields of view, imaging powers, imaging depths, and even experimental
geometries (epi versus transmission) than the images used to train the algorithm. Lastly, we note
that while the denoising algorithm is demonstrated for SRS imaging, it should be equally
applicable to other nonlinear optical imaging techniques, providing a generalizable method to
improve tissue imaging quality. Our findings demonstrate the power of CNN-based deep learning
as a denoising technique and provide an avenue to significantly improve the quality of biological

images acquired in a wide variety of low SNR conditions.

2.2 METHODS

2.2.1  Sample Preparation

HeLa cells were cultured in Dulbecco’s modified eagle medium with 10% fetal bovine
serum at 37 °C with 5% CO, atmosphere. Cells were seeded on coverslips 24 hours prior to being
fixed using 1% paraformaldehyde.

Murine brain tissue was harvested from recently sacrificed animals provided by UW
Animal Use Training Services (AUTS) according to IACUC protocol 3388-03. After excision,

thin (~200 pum) sections of tissue were collected and mounted on glass microscope slides.

2.2.2 SRS imaging

SRS images were acquired using a homebuilt SRS microscope as described previously
[78-80] and as shown in Figure 2.1. The laser used is a femtosecond dual-output Spectra-Physics
Insight DeepSee+ which emits a tunable beam (680-1300 nm) and fixed beam 1040 nm pulse trains
at a synchronized 80MHz repetition rate. For HeLa cell imaging, a spectral focusing approach,

described elsewhere [81], is adopted. The 800 nm pump pulse is chirped using high density glass,
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while the Stokes pulse (centered at 1040 nm) is stretched using a grating-based pulse stretcher
[82]. HeLa cell images were collected at 2913 cm™ using a spectral resolution of 15 cm™. In the
two-color mouse brain images two 1040 nm pulse trains, modulated 90° out of phase with each
other, are used to enable simultaneous two-color acquisition as shown previously [83]. Murine
brain images were collected at 2913 cm™ and 2994 cm™ with a spectral resolution of 45 cm™. The
microscope used is a Nikon Eclipse FN1 equipped with a 40x 1.15 NA water immersion objective
for HeLa images and a 25x 1.05 NA water immersion objective for the tissue images. In the HeLa
cell imaging, the pump beam (800 nm) power was held constant at 20 mW at focus, and images
were taken using 1 mW and 20 mW of Stokes power for each field of view. In the mouse brain
imaging, the pump beam was held at 20 mW and images were taken at either ImW or 15mW each

for both Stokes beams for all fields of view. All images collected were 512 x 512 pixels.
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Figure 2.1. SRS microscope setup with spectral focusing

Epi detection used the same setup with the addition of a polarizing beam splitter prior to the
objective to collect back scattered light and send it to the photodiode detector.
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2.2.3  Deep Learning Training and Denoising

In this work, a U-Net CNN was utilized for creating deep learning denoising models[84].
The U-Net CNN creates a series of filters that images get passed through as they are successively
broken down into lower resolution components. The filters used to break down the initial image
are then subjected to a long training process minimize the mean square error (MSE) between the
high-power, low noise truth images and the prediction based on the low-power, high noise images.
The expectation is that some filters learn to address “macro” effects (optical aberration,
nonuniform illumination, object shape and size, etc.) while others address “micro” effects (Poisson
noise, pixel-to-pixel variations, fine structural features, etc.). Those filters accounting for macro
effects likely reside higher in the architecture, where the image resolution is still comparatively
high and the large portions of the image are considered collectively. Macro effects are sample
specific, and much of the structural information utilized in the U-Net CNN training process is
likely dealt with in these high level filters. Filters accounting for micro effects likely lie lower in
the architecture, where image resolution has been significantly reduced and smaller portions of the
initial image are considered. Because of the structural specificity learned by the CNN model, best
results are only attainable on a model which has been trained on the specific system it is being
asked to denoise. For this reason, different models were trained for each of the systems (HeLa cells
and murine brain) studied in this work.

The U-Net CNN used in this work was created by Ounkomol et al[77] with small
optimizations made for our specific applications. Corresponding low and high SNR images (i.e.
low/high power or epi/transmission modality) were used without any pre-processing to train a
denoising algorithm over 50,000 epochs. All deep learning algorithms were supplied 40 fields of

view for training with a randomized 10/30 test/train split. The CNN used in this work utilizes a
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four-layer network. Each layer consists of two 3x3 kernel convolutions followed by batch
normalization and a ReLU activation function, then 2-pixel convolutions followed by batch
normalization. Our CNN employs a learning rate of 0.001 with an Adam optimizer, momentum
values of 0.5 and 0.999, and a batch size of 20 images.

In the case of the two-color mouse brain images, lipid and protein images were fed
simultaneously with additional fields of view withheld for further validation. All images shown
here and those used for the relevant peak signal to noise ratio (PSNR), root mean squared error
(RMSE), and correlation coefficient (CC) comparisons were not part of the training of the deep
learning algorithm. All training sessions and predictions were performed on the University of
Washington Hyak Mox supercomputer equipped with an Nvidia P100 GPU. Training sessions
lasted ~7 hours depending on training batch and buffer sizes. Utilization of the trained algorithm

to denoise batches of images took on average 10 seconds depending on the size of the batch.

2.3 RESULTS AND DISCUSSION

2.3.1  Denoising Low Power SRS Images of Fixed HeLa Cells

We first denoised images of HeLa cells acquired at 2920 cm™® with low optical power. Because
the SNR is linearly proportional to the Stokes power in SRS imaging [85], images acquired at 1
mW (Fig. 2.2A) display 20-fold lower SNR than those acquired at 20 mW (Fig. 2.2D). Low power
images appear grainy with low cellular contrast relative to the background and lacking the expected
distinct features such as lipid droplets and nuclei as seen in the corresponding high power SRS
image. Pairs of corresponding low and high SNR images similar to those shown Fig. 2.2A and
2.2D provided the signal and truth images for the deep learning algorithm training. The resulting
algorithm takes an input low SNR image (Fig. 2.2A) and returns a predicted high SNR image such

as the image shown in Fig 2C. For comparison, the image shown in Fig. 2.2A is also denoised with



16

variance stabilization transform (VST) Poisson denoising [86], the result of which is shown in Fig.
2.2B. To better visualize the ability of the denoising techniques to recover cellular features and
background contrast, pixel value plots along the same line region in all images are shown in Fig.
2.2E. An image of the same field of view denoised using PURE-LET is provided in the Appendix
A (Fig. Al). In the low SNR plot (orange), the variation in pixel value along the image dominates
the cellular features more clearly seen in the high SNR line plot (red). While these spatial features
are partially recovered and the variation from the noise is suppressed in the VST denoised plot
(magenta), the sharp features (cell edges, lipid droplets, nucleoli, etc.) are not well recovered and
significantly blurred. The deep learning algorithm, however, demonstrates significant denoising
of the low SNR image with near perfect separation of the cells from the background and significant

recovery of cellular features such as lipid droplets and nuclei.
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Figure 2.2. Denoising of HeLa Cell SRS Images
(A-D) SRS images at 2920 cm-1 of fixed HeLa cells where (A) was imaged using ImW Stokes
and 20 mW pump (low power) then subsequently denoised using VST (B) and the trained deep
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learning algorithm (C); (D) shows the same field of view as (A-C) imaged at 20 mW Stokes and
pump (high power). Corresponding pixel value plots along the shown line are demonstrated in (E).

To further quantify the denoising capability of the deep learning algorithm in comparison to
other denoising methods, PSNR, RMSE, and CC values were calculated with respect to the high
power images (equations and explanations shown in Appendix A). PSNR is a metric that expresses
a logarithmic measure of image quality with respect to a truth image. High PSNR indicates higher
image fidelity. RMSE expresses the accuracy of the denoising method with respect to a truth
image. A low RMSE indicates an accurate denoising method. CC is the Pearson correlation
coefficient that expresses colocalization of features in the test and truth images as a number
between -1 and 1. A CC of -1, 0, or 1 would indicate perfect anti-correlation, no correlation, or
perfect correlation respectively. These values were calculated in ImageJ using previously written
plugins [87] with the withheld test images to avoid concerns of overfitting. As shown in Table 2.1,
the deep learning denoising significantly outperforms other denoising algorithms optimized for
removing Poisson-shaped noise (VST and PURE-LET [86,88]). VST denoising slightly decreases
PSNR and increases RMSE in comparison to the original input image likely due to the extremely
low starting PSNR and significant blurring of spatial features during the denoising process.

Table 2.1. Denoising Quality Metrics of HeLa Cell SRS Images.

Images/Denoising Method  PSNR (dB) NRMSE CC
Low Power 9.99 0.279 0.34
VST Denoised 9.78 0.289 0.59
PURE-LET Denoised 13.53 0.186 0.70
Deep Learning Denoised 28.87 0.049 0.94

*Calculated with respect to high power images. Numbers based on 10 witheld test images

Overall, our data suggests that given the correct training (even on a relatively small training
set of 30 images), the U-Net CNN deep learning algorithm demonstrates strong capability for

denoising images taken using low powers.
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2.3.2  Denoising Low Power Two-color SRS images of ex vivo Mouse Brain

To further assess the utility of deep learning denoising in SRS imaging of tissue, we utilized
our algorithm to denoise murine coronal brain tissue section images. While images of fixed HeLa
cells have well-defined internal features and a truly signal-free background (parameters which U-
Net architectures excel in learning [89]), murine brain tissue exhibits significantly more
heterogeneity and no true background. In this case our algorithm was trained with corresponding

low and high power two-color SRS images acquired in transmission mode.

Figure 2.3. Denoising SRS images of mouse brain

Coronal mouse brain SRS images acquired at 2990 cm™. (A) Low power image acquired at 1 mW
Stokes and 20 mW pump. (B) The low power image denoised with VST. (C) The low power image
denoised with the deep learning algorithm. (D) The high power image acquired at 20 mW Stokes
and 20 mW pump.
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The relative denoising capability of the algorithm is first shown in Fig. 2.3 with only lipid
channel (2990 cm™) of the two-color images. The lipid images shown in grey scale demonstrate
the high fidelity of denoising by the deep learning-trained algorithm. Figs 3A and 3D show the
low and high power images for the field of view respectively. Figs 3B and 3C show the VST and
deep learning denoised versions of the low power image respectively. It is clear given the low SNR
of the initial image, that VST again significantly blurs spatial features in comparison to the high
power image. The deep learning denoised image, however, demonstrates significant denoising
without the loss significant loss in spatial resolution, especially in the center of the image. Spatial
field of view heterogeneity is common in SRS imaging due to chromatic aberration near the edges
of the image. VST denoising fails to recover features around the edges while deep learning does

reasonably well.
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Figure 2.4. Denoising two-color SRS images of mouse brain
Two-color (lipids and proteins) composite SRS images of ex vivo mouse brain and corresponding
pixel value line plots. (A) Low power image acquired at 1 mW Stokes 20 mW pump. (B) The low
power image denoised using VST. (C) The low power image denoised with the deep learning
algorithm. (D) The high power image acquired at 20 mW Stokes and pump. Pixel value line plots
along the red line are shown for each composite image.

The two-color SRS images (where lipids are colored green and proteins are colored blue) at an
imaging depth of ~ 10 um are shown in Fig. 2.4. In two-color SRS images, significant contrast

between the lipid and protein transitions can be used to generate diagnostic maps for pathology



21

applications [5,90,91]. In the low power images (Fig. 2.4A) however, such contrast is absent,
making low SNR images inadequate for pathology. While both VST denoising (Fig. 2.4B) and
CNN denoising (Fig. 2.4C) recover the nuclei contrast, the latter performed significantly better in
terms of imaging fidelity and spatial resolution. The pixel value plots along the shown lines for
both the lipids and protein channels are shown next to their respective images. Here it is evident
that, despite the noise in the initial low power image and the heterogeneity in tissue features, deep
learning significantly recovers many of the sharp features (mostly axons in green and nuclei in
blue) visible in the high power image. While VST does remove a significant portion of the noise,
features are blurred, especially around the edges of the image (as seen in Fig. 2.2 and Fig. 2.3).
Further, the relatively narrow axons evident in the line plots are recovered with high fidelity
indicating deep learning denoising does not sacrifice spatial resolution as other denoising
techniques do.

Analysis of PSNR, RMSE, and CC values in these two-color images (shown in Table 2.2)
reveals a similar trend to that seen in the HelLa cells. That is, deep learning significantly
outperforms other Poisson denoising methods across all metrics for these low power images. While
the CC value doesn’t approach unity as in the HeLa images, this is likely due to the more
heterogeneous background in the tissue compared with the fixed HeLa cell images.

Table 2.2. Denoising Quality Metrics of Mouse Brain SRS Images.

Images/Denoising Method  PSNR (dB) NRMSE CC
Low Power 18.04 0.133 0.59
VST Denoised 17.18 0.141 0.73
PURE-LET Denoised 19.75 0.112 0.74
Deep Learning Denoised 25.24 0.066 0.82

*Calculated with respect to high power images. Numbers based on 10 witheld test images including lipid

and protein images
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This data demonstrates that U-Net based deep learning can create a powerful denoising
algorithm with relatively small training sets not only for low power SRS imaging of fixed cells,
but also of heterogenous tissue samples. This suggests the possibility of using deep learning to

further enhance the current capabilities of SRS imaging.

2.3.3  Denoising Deep SRS Images of ex vivo Mouse Brain

One major limitation of deep learning based denoising approaches is blind denoising of
images markedly different from those in the training set. This would pose a potential limitation to
denoising SRS images deep in tissue as adequate supervised-learning training sets cannot be
created due to the inherently low SNR. However, because SRS images at any depth share the same
noise features, we hypothesize that we can apply the algorithm trained at shallower imaging depths
to images deeper into tissue. We tested this approach by using the algorithm trained in the previous
section to SRS images of the same tissue at depths up to 175 um, a depth that has not been reached
before in previous reports of native SRS imaging. In this validation, two-color images were taken
at high power (15/20 mW Stokes/pump for both channels) at depths of up to 175 um into the mouse
brain tissue. They were then denoised using the previously shown VST denoising and CANDLE
denoising [92]. Images at a depth of 175 pm and denoising of the acquired SRS image are shown
in Fig. 2.5. Here, there is no truth high SNR image with which to compare. The SRS image taken
at high power is shown in Fig. 2.5A and denoised via VST, CANDLE, and the trained deep
learning algorithm are shown in Figs. 5B-5D respectively. The corresponding pixel value line plots
are shown for each image. Fig 5A demonstrates the loss in SNR as images are acquired deeper
into tissue, even when higher powers are used. From the images and line plots it is clear VST and
CANDLE do not fully remove the noise inherent to SRS images at this depth. The deep learning

denoising significantly removes the noise, resulting images and pixel plots similar to the denoised
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low power images at shallower depths (Figs. 3 and 4). Specifically, the deep learning denoising
recovers the expected axons in the lipid channel and better resolves nuclei from the background in

the protein channel without significant blurring of any features.
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Figure 2.5. Denoising SRS images from 175 pum into brain tissue
(A-D) Two-color (lipids-green, proteins-blue) SRS images of coronal mouse brain slice at a depth
of 175um. (A) shows the field of view taken at 15 mW Stokes 20 mW pump (high power) and (B-
D) show denoising of (A) via VST (B), CANDLE (C), and the trained deep learning algorithm
(D). Corresponding pixel plots along the lines shown next to their respective images.
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The recovery of signal in both the lipid and protein channels demonstrates that the training of
the deep learning algorithm at low and high powers in shallower tissue imaging can improve
images acquired at much deeper depth. While the laser powers used here are the same as in the
high power images shown previously, the images collected have inherently low SNR due to power
lost to tissue absorption and scattering. In SRS imaging where shot noise is expected to be the
limiting factor in low signal regimes, it would follow that a deep learning algorithm trained to
recover signal among this shot-noise would effectively improve imaging depths. The validation
shown in Fig. 2.5 suggests that the algorithm is robust in denoising these two-color SRS images,
despite not having explicitly trained on images this deep into the brain. Furthermore, it is
unnecessary to acquire multiple images of a given field of view to create an average denoised
image. CANDLE, for example, requires multiple images over which to learn the average noise
distribution. In this case one need only provide a reasonable training set from which the algorithm
may learn, then any single image may be denoised using the trained algorithm.

To further examine the generalizability of the algorithm trained in Fig. 2.4, the algorithm was
also validated with a low power image taken with a 142 x 142 um field of view, compared to the
285 x 285 um fields of view used in the training set. As shown in Fig 2.6A-2.6C, the algorithm
remains effective in denoising the low power image even at a zoom different from the images
utilized for the training set. The axons and nuclei are reliably recovered without any significant
augmentation of shape or size. This further indicates that while the model likely uses structural
information in its predictions it does not strictly impose the object size distributions native to its
training set. This suggests that a well-trained algorithm would be widely applicable for low SNR

situations of a given sample.
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Figure 2.6. Denoising SRS images at 2x zoom. Two-color (lipids-green, proteins-blue)
SRS images of coronal mouse-brain slice. Images (A-C) show an area imaged at 2x zoom where
(A) was imaged at low power, (B) was the low power image denoised using the same deep learning

algorithm from Figs. 3 & 4, and (C) was imaged at high power.

2.3.4  Denoising epi Two-color SRS Images of Mouse Brain using a Model Trained on

Transmission Images

Finally, we examine the ability of deep learning to create an algorithm that can improve
the quality of epi-SRS images to the level of transmission SRS images. This capability is
particularly important for in vivo imaging, where epi-imaging is required due to the opacity and
thickness of many samples. Less light is recovered and directed towards the detector in epi-SRS
imaging with respect to the transmissive experiment. This results in a significant loss in SNR. We
hypothesize that we can apply training algorithm obtained from transmission images to improve
epi SRS imaging and reduce the image quality discrepancy between the two experiments.

Fig. 2.7 depicts the application of our denoising algorithm, trained with transmissive SRS
images to the denoising of images collected using an epi-SRS geometry. The images shown in
Figs. 2.7A and 2.7C show high power two-color images of murine brain at a depth of 15 um in epi
and transmission mode respectively. Fig. 2.7B shows the epi image denoised by the deep learning

algorithm.
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Figure 2.7. Denoising epi SRS images using the transmission-trained model.

Two-color (lipids-green, proteins-blue) SRS images of coronal mouse-brain slice. Images (A-C)
show an area of coronal mouse brain imaged in epi mode (A), the epi field of view denoised via

deep learning algorithm (B), and the same field of view imaged in transmission mode (C).

Fig. 2.7A demonstrates how the noise starts to obfuscate the signal features even at high powers
near the surface of the tissue in epi-SRS. In applying this algorithm to the epi SRS images, similar
to the demonstrations shown in Figs. 2.1-2.6, image quality is significantly improved, approaching
the quality of simultaneously acquired transmission-SRS images (Fig. 2.7B-C). This suggests an
exciting method of improving in vivo epi-SRS imaging, whereby the epi images can be improved
and denoised by a pre-trained algorithm using ex vivo tissue. This would effectively increase the

imaging depth and utility of SRS imaging in vivo.

2.4  CONCLUSIONS

SRS imaging is a powerful label-free imaging technique that provides chemical
information at sub-micron resolution. When using SRS imaging to examine biological systems,
however, some limitations become evident. Scattering and absorption in tissue attenuates signal
which ultimately limits image quality and imaging depths. Additionally, tissue can also be

damaged by high power lasers but lowering laser power conversely lowers the signal. Finally, the
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requirement of an epi imaging modality in in vivo applications inherently reduces the collected
SRS signal as backscattered light is weaker than forward propagating light in transmission
modality. These limitations stem from the same basis problem: signal strength is limited in the
collection of an image resulting in noise dominated images.

While many general denoising algorithms have been developed for removing Poisson
shaped shot-noise (mostly in the context of fluorescence imaging), none are aptly suited for the
extremely low SNR’s observed in the limits of SRS imaging. The general denoising algorithms
fail to recover the inherent quantitative information in SRS images and often blur the relevant
biological features.

Here we demonstrate the first use of deep learning to denoise and improve the quality of
SRS images that outperforms more general denoising methods. Given the appropriate training, the
deep learning denoising algorithms demonstrated here spatially recover relevant biological
features (e.g. lipid droplets, axons, nuclei, etc.) without blurring or overfitting of features.
Additionally, the deep learning algorithms appear to recover appropriate pixel values for truth
images indicating the potential for recovery of quantitative information (pixel value plots from
Figs. 2.2, 2.4, and 2.5). The main limitation of using a deep learning algorithm is the necessitation
of acquiring an appropriate training set and the inherent trade off in generalizability of denoising
in comparison to other denoising algorithms such as the here shown VST, PURE-LET, and
CANDLE methods. For example, denoising the HelLa images with the mouse brain-trained
algorithm or vice-versa exhibits worse performance than the appropriately trained algorithm for
the given system. This trade-off, however, does not detract from the overall performance of the
deep learning trained algorithm when used appropriately, especially considering the relatively

small training sets used in these experiments (30 images for training). It is also worth considering
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the relative generalizability of the trained algorithm of the system. For example, we demonstrated
that training a single 30 image dataset is applicable to images acquired at different zoom, imaging
depth, imaging power, and even imaging geometry. This demonstrates that the U-Net based
algorithm created here should be treated as a specialized tool for improving SRS imaging.
Additionally, while all results shown here are acquired with ex vivo samples, there is strong
indication that in vivo images could be similarly improved given appropriate algorithm training
(such as that shown in Fig. 2.7).

Ultimately, deep learning is valuable in augmenting the capabilities of SRS imaging in
biological systems. Specifically, deep learning can improve the depths at which native biological
information may be recovered, in vivo tissue imaging, and imaging of biomolecules at low
abundance. The generalizability of this deep-learning based denoising approach may be improved
in future work aimed at training a CNN on the noise profile in low-power SRS images directly.
Additionally, utilizing a structural similarity (SSIM) loss function rather than an MSE loss function
may provide more robust results.[93] That will be the subject of future studies. We expect future
deep learning work in SRS imaging to expound on these improvements towards improving the

utility of SRS imaging.
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Chapter 3. EXTENDING THE IMAGING DEPTH LIMIT OF

STIMULATED RAMAN SCATTERING
MICROSCOPY

The work presented in this chapter has been published in the following article[94]:

A. H. Hill*, B. Manifold*, and D. Fu, "Tissue imaging depth limit of stimulated Raman
scattering microscopy," Biomed. Opt. Express 11(2), 762 (2020).

*Denotes Co-first Authors

3.1 INTRODUCTION

Coherent Raman microscopy is severely limited in penetration depth for tissue imaging
applications, similar to many other nonlinear optical imaging techniques such as two-photon
fluorescence (TPF) and second-harmonic generation microscopy. Understanding the limitations of
coherent Raman microscopy in tissue imaging is critically important to evaluate its potential for a
wide range of ex vivo (e.g. intraoperative tumor margin detection), in vitro (e.g. drug screening),
and in vivo (e.g. early cancer diagnosis) applications. Due to light scattering, it is widely
recognized that the signal to noise ratio of coherent Raman microscopy deteriorates rapidly with
imaging depth. Compared to TPF microscopy, imaging depth of coherent Raman microscopy is
typically much less due to inherently much lower Raman cross-section of molecules. This
limitation equally applies to both major variants of coherent Raman microscopy: stimulated
Raman scattering (SRS) microscopy and coherent anti-stokes Raman scattering (CARS)
microscopy. Both experiments utilize ultrafast laser pulses to coherently excite vibrational
transitions in target molecules. Though their origin of signal and detection methods differ, both
experiments typically operate in either transmission mode (for thin samples) or epi mode (for thick

samples).
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Unfortunately, to date there has been scarce report on the penetration depth limit of
coherent Raman microscopy. Those studies which explicitly report the achieved imaging depths
of coherent Raman microscopy in tissue suggest the limit to be around 20 um — 100 um[68,95—
98], with varying tissue types being the cause of the large variance. Additionally, there have been
no reports (to our knowledge) directly comparing the performance of epi and transmissive coherent
Raman imaging in a side-by-side manner. Transmissive imaging is often advantageous in the case
of optically thin samples and epi imaging is the default for optically thick samples (typically live
animals or whole excised tissue). For samples of intermediate optical thickness (for example,
sectioned tissues) there is no clear understanding of which imaging modality will provide the best
results. A better understanding of these fundamental imaging limits and questions surrounding
coherent Raman microscopy is crucial to the continuing development of these techniques as they
continue gaining popularity in the biomedical imaging space.

Here we report a comprehensive study of epi and transmissive SRS signal size and imaging
depth using a variety of ex vivo murine tissues (brain, lung, liver, and kidney). In this work we
begin by characterizing SRS signal size and imaging depth through simultaneous epi and
transmissive imaging of murine brain samples of varying thicknesses. As one would expect, epi
(transmissive) SRS signal size and imaging depth increases (decreases) as tissue thickness grows,
reflecting an increase (reduction) in backscattered (transmitted) photons. When tissue thicknesses
reach 2 mm epi and transmissive signal sizes are roughly equivalent, and epi images provide
slightly higher penetration depths than transmissive images. Using this method, we further
characterized three additional tissue types (kidney, lung, and liver), each of which displays
different scattering character reflecting their disparate structures and chemical compositions.

Finally, we applied a recently developed convolutional neural network (CNN) based denoising
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algorithm to SRS images and demonstrated the ability to resolve structural features at depths
exceeding 210 pm in epi-imaging of brain, representing a 40 um increase in imaging depth. We
hope that this work will serve as a useful benchmark for the growing number of experimentalists
entering the SRS microscopy field and a useful source to consult when considering how best to

image a given sample.

3.2 METHODS
3.21  Sample Preparation

Murine tissue was harvested from recently sacrificed animals provided by UW Animal Use
Training Services (AUTS) according to IACUC protocol 3388-03. After excision, samples of
varying thicknesses were cut using razor blades with pre-measured spacers (250 pm, 500 um, 1
mm, and 2 mm) to ensure accurate and uniform sample thicknesses. In the case of brain imaging,
samples were prepared and imaged at all four thicknesses. Liver, lung, and kidney samples were

all imaged at 1 mm thicknesses.

3.2.2 SRS Imaging

SRS images were collected using the homebuilt SRS microscope shown in Figure 2.1. The
pump (800 nm) and Stokes (1040 nm) pulses are provided by the tunable and static outputs,
respectively, of a dual output ultrafast oscillator (Insight DeepSee +, SpectraPhysics). The Stokes
pulse is directed through an electrooptic modulator which modulates the 80MHz output pulse train
to 20 MHz and provides the reference frequency used for lock-in detection. After modulation the
Stokes pulse is sent onto a delay stage (used to control temporal delay between the pump and
Stokes pulses) and then to a grating stretcher used to impart linear chirp[82]. The delay stage is

used to determine the vibrational frequency images are collected at, and was positioned at the
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temporal delay corresponding to 2920 cm for the duration of these experiments. The pump pulse
is directed through 60 cm of H-ZF52A glass to provide similar chirp. The pump and Stokes pulses
are recombined at a dichroic mirror and routed to a set of galvanometer mirrors and finally into
the back aperture of a microscope objective (Olympus XLPLN25XWMP2). Transmitted probe
light is collected by a condenser lens and directed to a photodiode for lock-in detection. In the epi
direction, backscattered and depolarized light is recollected by the focusing objective and isolated
using a polarizing beam splitter. After filtering out residual Stokes light, backscattered pump
photons are sent to a separate photodiode for lock-in detection. Transmissive and epi images were
collected simultaneously for all samples and fields of view. SRS images were collected using 40
mW average power in both the pump and Stokes pulse trains. Each image samples a 285 um x 285

pum field of view. All images were collected with an acquisition time of 4 s.

3.2.3  Deep learning training and denoising

Deep learning denoising was performed as reported previously[27]. Briefly, SRS images
of murine brain samples were acquired at a depth of ~20 um at low power (40 mW pump, 2 mW
Stokes) and high power (40 mW pump, 40 mW Stokes) A U-Net deep learning architecture
(publicly available code originally developed by Ounkomol et al.[77] and optimized for this
application) was used to train a denoising algorithm that takes the low power (low SNR) images
as input and predicts a corresponding high power (higher SNR) image of the same field of view
similar to previously reported methods[99,100]. We then use the trained algorithm to denoise
images taken deep in the murine brain at high power where SNR is low due to scattering and
absorption of light in tissue.

The algorithm used here was supplied with 40 fields of view at both low and high power

corresponding to signal and truth respectively. The 40 fields of view were randomly split into
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10/30 test/train pairs. The algorithm was then trained over the course of 50,000 epochs using a
learning rate of 0.001 with an Adam optimizer, momentum values of 0.5 and 0.999, and a batch
size of 30 images. Following training, the algorithm was then fed the fields of view acquired deep
in the brain for denoising. Training and denoising were performed on the University of Washington
Hyak Mox supercomputer equipped with an Nvidia P100 graphics processing unit. The training
session lasted ~10 hours, while denoising of the test and deep images took ~0.1 seconds per field

of view.

3.3 RESULTS AND DISCUSSION

3.3.1  Effects of Tissue Thickness on SRS Signal and Imaging Depth

As described above, murine brain tissue samples were cut to varying thicknesses (250 pum,
500 ym, 1 mm, and 2 mm) and simultaneously imaged in transmissive and epi geometries.
Throughout each experiment, images were collected down to 240 um at 5 um intervals. The DC
(unmodulated) and AC (modulated) portions of the epi and transmissive signal were recorded as a
function of depth. Each measurement was performed in triplicate (on different fields of view) for
each tissue thickness. Samples were prepared to enable imaging of areas with similar structural
features and chemical composition across multiple samples. All brain data discussed in this
manuscript refers to images collected of the cortex.

Transmissive DC signal size (in the form of absolute photocurrent detected) as a function
of depth and tissue thickness is shown in Figure 3.1A. As one may expect, this signal represents
total pump photons detected and the signal size is highest for the thinnest sample (250 pum, black)
and decreases with thickness. Depth-dependent epi DC signal sizes, which increase as a function
of tissue thickness, are shown in Figure 3.1B. The trends observed agree with what one might

expect from thicker tissues enabling more scattering. Differences in the magnitude of the DC signal
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between Transmissive and epi imaging largely reflect the differing collection efficiencies of the

two imaging modalities.
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Figure 3.1. DC and SRS signal sizes for epi and transmissive images as a function of brain
tissue thickness
(A) Transmissive DC signal size as a function of depth for four different tissue thicknesses. (B)
Epi DC signal size as a function of depth for four different tissue thicknesses. (C) Transmissive
SRS signal sizes as a function of depth for four different tissue thicknesses. (D) Epi SRS signal
sizes as a function of depth for four different tissue thicknesses. X’s and lines correspond to three-

trial averages while shaded areas correspond to standard deviations.

Maximum recorded AC (SRS) signal sizes follow the same trends as the DC signal sizes
for both transmissive and epi imaging. As expected, thinner samples (< 1 mm) yield significantly

higher signals in transmissive mode than epi mode. When samples reach 2 mm thick, however, epi



35

and transmissive signal sizes are functionally identical. Maximum DC and SRS signal sizes in both
epi and transmissive mode are compiled below in Table 3.1, along with the calculated modulation
depths (the ratio of AC to DC signal) recorded using each imaging modality across all samples. In
principle, the modulation depths recorded using epi and transmissive images should be identical.
However, here we report roughly a factor of two shallower modulation depth for epi images in thin
samples than those recorded in a transmissive geometry. This is possibly due to the fact that in thin
tissue, a larger fraction of detected photons are due to reflection from the cover slide or tissue
surface.

Table 3.1. Maximum DC and SRS Signal Sizes as a Function of Tissue Thickness and SRS

Imaging Geometry in Murine Brain Tissue

DC Signal DC Sianal Max SRS Max SRS SRS SRS
Thickness Trans %mA,) Epi (r%A)’ Signal, Signal, Epi Modulation ~ Modulation
' P Trans. (LA) (HA) Depth, Trans.  Depth, Epi

250 pm 1206 +0.44 050+0.04 333+0.16 0.07+0.01 1.42 x 10* 6.0 x 10°
500 pm 8.80+0.89 0.61+0.08 2.5+0.28 0.09 £ 0.02 1.44 x 10* 6.89 x 10°°
1 mm 726+097 067+x011 244+023 0.13+0.04 1.60 x 10* 9.55 x 10
2mm 0.99+001 130+0.14 0.26%+010 0.24+0.03 1.10 x 10* 9.23 x 10°

Figures 3.1C and 3.1D show the recovered transmissive and epi SRS signal sizes as a
function of depth, respectively. Unlike the DC signals, SRS signal decreases exponentially as a
function of depth. The exponential decay of each curve can be fit to Equation 3.1 to determine

tissue scattering length:
—ZZ/
ISRS = Ae LS (31)
where A is maximum signal intensity, z is the depth beneath the surface, and Ls is the effective

scattering length[101]. Scattering lengths recovered from 250 pum, 500 pm, 1 mm, and 2 mm using

transmissive (epi) imaging are 119.3 £ 5.4 (104.2 £ 1.4), 110.3 + 1.5 (101.9+ 1.2), 1050+ 1.1
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(95.7 £ 1.1), and 91.4 £ 1.9 (83.8 + 1.1), respectively. We note that the exact scattering lengths

generally match the lower end of previously reported range of 90 um — 120 um[102,103]. One
likely contribution of low value measured here is the fact that unlike two-photon fluorescence, the
use of two different wavelengths in SRS makes it more susceptible to aberration (both chromatic
and spherical) induced signal degradation. This additional signal decrease with depth manifests as
shorter scattering length. Detailed comparison with literature is further complicated by the

dependence of scattering length on animal age and sample preparation.

3.3.2 Imaging depth limit of SRS microscopy in Murine Brain

While direct signal size measurements and comparisons are useful from a benchmarking
point of view, the metrics of merit in many biological imaging experiments are signal-to-noise
ratio (SNR) and effective imaging depth. For signal to noise measurements the signal value used
was calculated as the mean pixel value of the field of view at a given depth. We chose this
approach, as opposed to using the brightest features in an image to determine signal size, in an
attempt to quantify the depth at which meaningful structural information could be observed. The
standard deviation used in the calculation was the standard deviation of the deepest frame of each
image stack. This frame was chosen since the negligible amount of SRS signal present at extreme
depths suggests that the standard deviation would be dominated by shot noise as opposed to
heterogeneities in signal magnitude across the field of view, as can be seen in images taken from
shallower depths.

Figure 3.2 shows plots of epi and transmissive image SNR as a function of depth for four
different tissue thicknesses. Maximum SNR for 250 um thin tissue is 10 times higher in
transmissive imaging compared with epi-imaging. The achievable imaging depths for transmissive

and epi modalities (defined by the depth at which SNR first falls below 2.0, shown by black dashed
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lines in Figure 3.2) are 205 um and 110 pum, respectively. The difference becomes much smaller
as tissue thickness increases. In agreement with the observed trends for both transmissive AC and
DC signal size, maximum SNR and imaging depth decrease with tissue thickness for transmissive
measurements. The maximum SNR for 2 mm thick tissue is 4 times lower. The SNR and imaging
depth for the epi geometry follow the same trends seen for epi AC and DC signal sizes as well, in
that they increase as a function of tissue thickness. 2 mm thick tissue yields maximum SNR that
is 3 times higher than that in 250 um thick tissue. Peak SNR and maximum imaging depth values
for all four tissue thicknesses are compiled in Table 3.2.

In the case of thinner samples (250 um — 1 mm) it is unsurprising that peak SNR is so much
lower in epi images than transmission images. Since SRS microscopy is in general a shot-noise
limited experiment, signal will scale as the square root of the average power of the detected pump
pulse[85]. Based solely on the differences between transmission and epi DC signal sizes, thinner
tissues should see a factor of 3.5 — 5 lower SNR in epi imaging as seen in Table 3.2. Here we report
peak epi SNRs which are a factor of 3.7 — 9.7 lower than their transmission counterparts. This
outsized loss of SNR in epi images can be traced back to the differences between epi and

transmissive SRS signal modulation depths reported in Table 3.1.
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Figure 3.2. SNR as a Function of Depth for Murine Brain Epi and Transmissive Mode SRS
Images in Samples of Varying Thickness
(A) SNR as a function of depth for a 250 um thick tissue sample. (B) SNR as a function of depth
for a 500 pum thick tissue sample. (C) SNR as a function of depth for a 1 mm thick sample. (D)
SNR as a function of depth for a 2 mm thick sample. All curves shown are averages over three

fields of view. Shaded areas reflect standard deviation within those datasets.

At a thickness of 2 mm, however, epi imaging yields a higher peak SNR (41.75 compared
to 34.8) and a slightly deeper imaging depth (135 um compared to 130 um) than transmissive
imaging. This reversal of SNR suggests that for brain samples thicker than 2mm, it is advantageous
to use epi imaging. We expect that imaging SNR and penetration depth will further increase in

intact brain due to even higher numbers of backscattered photons.
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Table 3.2. Epi and Transmissive SRS Image Peak SNR and Imaging Depth for Murine Brain

Tissue Samples of Varying Thickness

Peak SRS SNR, Achieved Imaging  Peak SRS SNR, Achieved Imaging

Thickness Transmissive Depth, Trans. (um) Epi Depth, Epi (um)
250 pm 140.6 £ 19.7 205 145+29 110
500 pm 111.0 £ 29.0 195 176+ 2.7 120
1 mm 100.5+ 345 185 276+59 125
2 mm 348+23 130 41.8+6.2 135

3.3.3  Epiand Transmissive Imaging through Different Murine Tissues

Following analysis of epi and transmissive SRS signals in murine brain tissue, we sought
to gain a better understanding of SRS imaging in additional types of murine tissue. To that end,
simultaneous transmissive and epi imaging experiments were conducted on 1 mm thick slices of
murine lung, liver, and kidney tissue. Raw SRS and DC signal sizes in epi and transmissive modes
for each tissue sample are shown in Figures 3.3A and 3.3B, respectively. When compared to the
measurements conducted on 1 mm thick murine brain tissue slices, we can see that kidney and
liver tissue yield rather similar transmissive DC signals but roughly half epi DC signals. Lung
tissue, on the other hand, yields a transmissive DC ~60% lower and an epi DC signal four to eight
times higher than all other studied tissues, suggesting that lung tissue is a much stronger scatterer

than brain, kidney, or liver tissue.
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Figure 3.3. Transmissive and Epi SRS Signal Sizes for Different Murine Tissues
(A) Transmissive DC signal size as a function of depth in murine kidney, lung, and liver tissue.
(B) Epi DC signal size as a function of depth in murine kidney, liver, and lung tissue. Dashed lines
reflect fitting to equation 1. (C) Transmissive SRS signal size as a function of depth in murine

kidney, lung, and liver tissue. (D) Epi SRS signal size as a function of depth in murine kidney,
liver, and lung tissue. Dashed lines reflect fitting to Equation 1.

SRS signal sizes as a function of depth for each of the three tissue types during transmissive
and epi imaging are shown in Figures 3.3C and 3.3D, respectively. To compare the scattering
properties of each tissue type, the signal decay curves were fit with Equation 1 to determine the
scattering length of photons in each tissue type. The results of the fittings are shown in Table 3.3.
SNRs as a function of depth for each tissue type were also calculated for each of the three tissue

types. The imaging depths and peak SNRs are tabulated in Table 3.3. For both kidney and liver
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tissues, transmissive imaging provided a higher peak SNR than epi imaging, in agreement with the
trends we report above for brain tissue. Transmissive imaging also achieved a significantly deeper
imaging depth relative to epi imaging for kidney and liver tissues. In the case of lung tissue,
however, epi imaging yielded a higher SNR and comparable imaging depth.

Table 3.3. Epi and Transmissive SRS Image Peak SNR and Imaging Depth for Various

Murine Tissues

Achieved Achieved
Tissue TransIFrSl,ission Ls, Epi (um) PegllillgRS Peak SRS Imaging Imaging
s EPHH S SNR, Epi  Depth, Trans.  Depth, Epi
(um) Transmissive
(um) (um)
Kidney 78.8+0.9 705+1.2 110.1+115 101x14 165 65
Liver 842+1.7 77.1+0.7 136.3+£39.2 13.4+53 170 80
Lung 41.0+0.8 38.48 £ 0.7 52.8+4.8 71.2+52 70 70
Brain 95.7+1.1 105.0+1.1 1005+345 27.6%6.0 185 120

3.3.4  Deep Learning to Enhance Imaging Depth

After comparing the epi and transmission SRS imaging modalities across a variety of
murine tissues, we decided to explore possible avenues to increase the potential imaging depth of
SRS microscopy. To that end, we employed our previously reported CNN-based denoising
technique to determine whether its denoising capabilities would translate into deeper achievable
imaging depths. Figure 3.4 shows the application of a machine learning denoising algorithm to epi
collected SRS images at various depths. Panels 5A — 5D show data from an epi imaging experiment
imaging a 2 mm thick sample of murine brain tissue at 15 pum, 100 pum, 170 pum, and 210 pum
depths respectively. Figures 3.4E — 3.4H show versions of the images shown in 3.4A — 3.4D that
have been passed through a machine learning based denoising algorithm. While all images show

some improvement over their noisy counterparts, the effect truly becomes significant when



42

comparing Figures 3.4D and 3.4H. In Figure 3.4D some distinct features such as nuclei and axons
are visible, but the quality of the image as a whole is quite low. By comparison, Figure 3.4H shows
significantly more identifiable features and a higher quality image.

With respect to quantitative measurements of quality at these depths, the image shown in
Figure 3.4C has an SNR of 2.1, which means it represents the maximum imaging depth based on
the criterion we outline above. For the denoised images, however, SNR as defined above is not a
responsible metric to compare image quality as there is no field void of signal features post-
denoising. Other commonly used metrics such as peak SNR, root mean squared error, Pearson’s
correlation coefficient, and structural similarity index are also not useful here as a reliable truth
image is not available for comparison at this depth of imaging. As such, signal to background
(SBR) is calculated for each image and compared. SBR was chosen as a comparison metric over
SNR because the SNR of images ran through the CNN denoising algorithm were found to be
invariant with depth. We suspect this is caused by the algorithm adjusting the average value of the
input images to better match the images used in its training, resulting in all images having very
similar SNRs after denoising, regardless of the SNR of the input image. To calculate SBR, an area
of low signal and few features is selected for both the noisy and denoised image (for example, the
dark area in the bottom center of Figures 3.4C — 3.4D and 3.4G — 3.4H). The average pixel value
of this area is taken to be the background. Then 6 lines spanning the field of view are selected in
the image (3 horizontal and 3 vertical, each set of 3 equally spaced from one another). The peak
pixel value from each of these lines is taken as signal plus background. The background value is
subtracted from the peak value and then divided by the background value to give SBR. The SBR
for the image is the average value from the 6 lines sampled on the image. We have chosen to use

an area average for the background as noisy images (like those in Figures A.B.1 — A.B.2, shown
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in the Appendix B) have large variance along a sampled line and using the minimum pixel value

along such a line as the “background” will often grossly inflate SBR values for an image.

Figure 3.4. Demonstration of CNN-based denoising leading to an increased maximum

imaging depth
(A) Epi SRS image collected at 0 um depth. (B) Epi SRS image collected at 100 um depth. (C)
Epi SRS image collected at 165 um depth, defined as the maximum imaging depth based on SNR.
(D) Epi SRS image collected at 210 um depth. (E) CNN denoised version of image in A. (F) CNN
denoised version of image in B. (G) CNN denoised version of image in C. (H) CNN denoised

version of image in D.

Using the outlined method for calculating the SBR, Figures 3.4C — 3.4D exhibit an SBR
of 2.6 and 2.3 respectively. After denoising, the same fields of view shown in Figures 3.4G — 3.4H
exhibit an SBR of 7.2 and 6.4 respectively. Thus, the deep learning denoising used here effectively
improves the SBR of images at the defined limit of image quality by a factor of over 2.5. This data
confirms that deep learning provides a promising avenue in extending the depth limitations of SRS

microscopy. Line plots of the images used in this calculation are provided in Appendix B.
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3.4 CONCLUSIONS

SRS microscopy is a powerful technique for the characterization of biological samples.
When a transmissive collection is not possible, or the sample is thick enough that transmissive
imaging results in minimal signal collection, an epi imaging geometry offers a viable alternative.
The relative performances of epi and transmissive imaging are, as we demonstrate above,
dependent on many parameters including tissue type and tissue thickness.

In the case of murine brain tissue, we report that tissue samples under 2 mm are most

effectively imaged using a transmissive imaging geometry. Samples 2 mm or greater in thickness
yield the best results in terms of peak SNR and imaging depth when imaged in an epi geometry.
The threshold for which tissue thickness yields higher SNR in epi mode is strongly dependent on
tissue scattering length. For example, lung tissue (which exhibited the shortest scattering length of
all the interrogated tissues) yielded significantly better images in an epi geometry at a thickness of
just 1 mm. We also report significant variation in absolute signal magnitude and achievable
imaging depth between different tissue types, and even between samples of the same tissue type,
confirming the role tissue heterogeneity plays in determining imaging quality.
Finally, we demonstrated the potential utility of CNN-based denoising algorithms towards
achieving deeper maximum imaging depths. An algorithm developed for the purpose of these
experiments was able to denoise images and increase imaging depth from 170 um to 210 pum in 2
mm thick murine brain tissue samples. This 40 um increase in imaging depth proves deep learning
based denoising algorithms are poised to play a pivotal role in biological imaging in the coming
years.

There are several other avenues to improve signal size and imaging depth in coherent

Raman imaging that could be explored as well. In our measurements, the maximum pump photons
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detected in the epi-direction is <10% of total pump photons. Saar et.al. has shown that using an
annular detector [104] for epi imaging, up to 28% of photons can be collected. In combination
with the polarizing beam splitter-based epi-imaging, it is possible to increase the collection
efficiency by four-fold and sensitivity by two-fold, pushing imaging depth over 250 um. Of course,
this comes at the cost of additional experimental complexity[104]. Imaging at longer pump/Stokes
wavelengths has also been shown to increase imaging depth in phantom samples due to increased
scattering length, however this approach comes at the cost of SRS signal intensity[105]. The actual
benefit in using long wavelength for tissue imaging warrants further study. Correcting for optical
aberration is another approach that can push the imaging depth even lower. Previous report shows
that coherent Raman signal can be increased by 6-fold in muscle tissue[95], potentially allowing
another increase of over 50-100 um. Tissue clearing methods can also be used to achieve deeper
imaging depths[68,106], though some methods have been shown to alter the structure of the
cleared tissue[107,108]. However, tissue clearing (with the exception of skull clearing[109]) is
incompatible with live processes and therefore is limited to study of fixed tissue.

In conclusion, we have conducted a comparative study of epi and transmissive imaging in
various types of murine tissue. Throughout this study we have characterized epi and transmissive
imaging efficacy as a function of tissue thickness and tissue type, and we report the recovered
scattering lengths, maximum imaging depths, SNRs, and absolute signal magnitudes.
Additionally, we have shown that CNN-based denoising algorithms can increase the maximum
imaging depth in coherent Raman microscopy experiments, though further experiments are

required to ascertain the quantitative utility of this approach.
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Chapter 4. THE U-WITHIN-U-NET: A VERSATILE DEEP

LEARNING ARCHITECTURE FOR
CLASSIFICATION AND LABEL-FREE
PREDICTION OF HYPERSPECTRAL IMAGES

The work presented in this chapter has been published in the following article[110]:

Manifold, B.; Men, S.; Hu, R.; Fu, D. A Versatile Deep Learning Architecture for
Classification and Label-Free Prediction of Hyperspectral Images. Nat Mach Intell 2021, 3
(4), 306-315. https://doi.org/10.1038/s42256-021-00309-y.

4.1 INTRODUCTION

Computer vision techniques based on deep learning have recently demonstrated a myriad
of novel applications in many disciplines. With the continuous improvement and availability of
advanced computing hardware and open-source methods, deep learning is finding broader use in
a wide variety of imaging, sensing, and biophotonics research[25,26]. The flexibility of deep
learning for image processing enables facile adoption of existing frameworks for many different
imaging modalities such as transmitted light microscopy, fluorescence microscopy, X-ray
imaging, magnetic resonance imaging, and many more[111-115]. Often the images from such
techniques are passed to a deep learning algorithm to perform tasks like classifying diseases,
segmenting spatial features, improving image quality, or predicting alternate imaging
modalities[99,116-118]. However, the majority of work done so far performs deep learning on
monospectral images. Such monospectral images contain only a single intensity value at each
pixel. That is, there is no spectral information inherent to the imaging technique such as in black-
and-white photography, X-ray imaging, or magnetic resonance imaging. Contrary to monospectral

images are multispectral and hyperspectral images where multiple spectral components of a field
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of view can be depicted in their own image. We take “multispectral” to be a subset of
“hyperspectral“ specifically pertaining to images that contain relatively few spectral channels (e.g.
RGB imaging). Hyperspectral imaging combines spectroscopy and imaging such that each pixel
of the image contains a wide spectral profile that allows for detailed characterization.

Linear decomposition, phasor analysis, support vector machines and other machine
learning methods have indeed been used for analysis of hyperspectral imaging datasets[12—
16,119,120]. While many of these techniques have demonstrated promising results, such methods
may suffer from limited generalizability or information loss, limiting their ultimate
performance[121,122] Deep learning, in contrast, potentially offers a method for learning based
on both spectral and spatial signatures and their nonlinear interplay allowing for improved
performance in a variety of hyperspectral imaging analysis tasks[123,124]. However, techniques
for these hyperspectral stacks face unique challenges in computer vision research[20,21]. For
example, standard deep learning architectures that work for monospectral images (consisting of 2
or 3 spatial dimensions), may not work for hyperspectral stacks due to the extra dimension needed
for spectral information. Frameworks such as Mayerich et al’s Stain-less Staining[125] or
Behrmann et al’s work in mass spec imaging[126] address this by interpreting the spectra at
individual pixels of hyperspectral images to produce excellent results in label-free prediction and
classification, but may be missing contextual information from spatial convolutions of the whole
image. Zhang et al’s recently published work bypasses the need for spectral deep learning by using
machine learning to interpret spectral information and create truth maps to which spatial deep
learning of images can be trained[127]. Other frameworks for hyperspectral deep learning based
on spectral-spatial convolutions also exist but are often rigid; only performing a particular task like

binary pixel or multi-class label classification[22—-24]. Further, a convolutional framework for
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predicting entirely alternate imaging modalities (where the final number of spectral channels is
unlikely to match the input, but spatial resolution is maintained) from hyperspectral images, to our
knowledge, has not been reported. We thus present a new architecture, the U-wthin-U-Net (UwU-
Net) to address these current shortcomings in hyperspectral deep learning and improve the utility
of hyperspectral imaging techniques.

The UwU-Net Architecture presented here is based on the U-Net architecture developed
originally by Ronneberger et al where a specialized autoencoder encodes and decodes spatial
feature information in an input image to reconstruct some new output image[84]. The U-Net
separates itself from a traditional autoencoder with the recontextualization of information through
concatenations at equivalent encode-decode levels (noted as blue arrows in Figure 4.1a). This
eliminates the discarding of information as in a traditional autoencoder. While the original work
was concerned with image segmentation, the U-Net has seen use in a variety of applications
including segmentation, label-free prediction, and denoising[27,99,128,129]. However, most
works that utilize the U-Net in this way are not concerned with images that contain multiple
spectral channels. Indeed, the original U-Net is generally not applicable to hyperspectral images
as the architecture is dedicated to encoding multiple spatial feature channels starting from a single
spatial channel image as shown in Figure 4.1a. The typical 2D kernel of a U-Net is thus not well
suited for hyperspectral stacks which have a third tensor dimension dedicated to spectral channels.
A 3D kernel could potentially be used, but then the spatial and spectral information are being
mixed during the feature encoding in a problematic fashion for image reconstruction[130].
Modification of input and output layers to match spectral dimensions is often useful in the
multispectral regime but may be too facile of a change to adequately handle spectrally complex

hyperspectral images. While other recently reported modifications to the U-Net have also shown
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improvements with respect to the original U-Net on semantic segmentation and classification of
remote sensing datasets (some of which involve multispectral datasets)[131-133], we report a
robust architecture for multiple hyperspectral imaging tasks.

To create a hyperspectral deep learning architecture with the robustness and features of the
traditional U-Net, we have amended the U-Net architecture such that spectral channel information
is handled by a separate “U” structure “outside” of an arbitrary number of traditional spatial U-
Nets as shown in Figure 4.1b. This UwU-Net architecture allows dedication of tunable free
parameters to both spectral information (outer U) and spatial information (inner U’s). The
architecture’s parameters can be empirically tuned to change the spectral layer depth, number of
spatial U’s at the center, or output spectral size based on the dataset. Here we demonstrate the
utility of this new architecture in 3 different tasks on 3 different types of hyperspectral imaging:
feature segmentation and classification on the high altitude hyperspectral imaging Indian Pines
dataset, monoisotopic drug location prediction in rat liver from mass spectrometry images, and
label-free prediction of cellular organelle fluorescence in stimulated Raman scattering (SRS)

microscopy.
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Figure 4.1. Architecture Diagrams and Indian Pines Classification
Panel a shows a schematic representation of the traditional U-Net (adapted from Ounkomel et
al.[129]) where a single 2D image is convolved to encode and decode spatial features. The “U” in
the upper right corner of panel a denotes its schematic representation as used in panel b. Panel b
shows the schematic representation of the UwU-Net where an arbitrarily dimensioned
hyperspectral stack is convolved both spectrally and spatially to produce an arbitrarily
dimensioned output stack. The symbols used in panels a and b are noted at the bottom of the figure
to show their operational meanings. Here, “conv” is short for convolution and the “NxN” shown
describes with pixel size of the kernel used for convolution. Panel ¢ depicts a false color composite
of 3 different spectral bands from the original 200-band hyperspectral stack, the truth

classifications, and predicted classifications from the UwU-net.

The first task concerns segmentation and classification of the Indian Pines dataset which
depicts a scene of farmland in northwest Indiana across a large range of wavelengths spanning the
ultraviolet to short infrared region (400-2500 nm)[134]. The publicly available dataset was

acquired by the Airborne Visible/Infrared Imaging Spectrometer and provides a model task for
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hyperspectral deep learning: segmentation and classification of various crop and foliage types. The
broad spectrum and spatial heterogeneity of the scene demonstrates a deep learning algorithm’s
ability to correctly identify and segment features based on both spectral signatures and spatial
positions. Moreover, the use of this dataset by previous work in hyperspectral deep learning allows
for comparison of our proposed architecture[135-137].

The second task concerns predicting drug location in a model rat liver tissue sample from
mass spectrometry imaging. Mass spectrometry imaging (MSI) is a powerful technique that
provides spatially resolved, highly specific chemical information in the form of molecular ion
masses. Where most deep learning computer vision work is centered around interpretation of
optical images, MSI is particularly interesting to approach with deep-learning as it has an
enormous spectral dimension that provides highly specific, but difficult to interpret in situ
chemical information[138,139]. Most MSI work follows from traditional linear decomposition and
analysis that is well-developed and ubiquitous in mass spectrometry[140-144]. Deep learning has
been demonstrated for MSI datasets[126,138,145,146], but has been chiefly used for spectral
dimensionality reduction or interpretation. To our knowledge, the simultaneous interpretation of
spatial and spectral information using convolutional deep learning in MSI has yet to be reported.
We demonstrate one way the UwU-Net architecture could be used in MSI by simultaneously
predicting the highly specific monoisotopic peak locations of 12 drugs from low mass resolution
binned images.

Finally, the third task demonstrates the capability of the UwU-Net to perform label-free
prediction of fluorescence images from SRS microscopy images. SRS microscopy is a
hyperspectral imaging technique where molecular vibrational bonds are coherently interrogated

by two ultrashort laser pulses[9,34,147]. While the vibrational information afforded by SRS



52

microscopy can be specific to a given molecule, there are often many overlapping contributions to
vibrational signals that confound image interpretation. In this work, we show that the specificity
of SRS microscopy can be improved by deep learning to predict fluorescence images that are
highly specific to an organelle. Further, we show that the trained algorithms can be multiplexed to

create label-free cell organelle images in live cells.

4.2 METHODS

4.2.1  Cell Sample Preparation

A549 cells were cultured in ATCC F-12K medium with 10% fetal bovine serum at 37 °C with
5% CO2 atmosphere. Cells were seeded on coverslips 24 hours prior to imaging. Fixed cells were
first dyed then fixed using 2% paraformaldehyde. Live cells were first mounted, imaged with SRS
and then stained for fluorescence imaging. The fluorescent dyes used were Hoescht 33342,
MitoTracker Red CMXRos, and ER-Tracker Green for nucleus, mitochondria, and ER

respectively. All dye protocols were based on the provided instructions from the manufacturer.

4.2.2  Simultaneous SRS and 2-Photon Fluorescence Microscopy

SRS Microscopy was performed on a homebuilt SRS microscope as described previously.
Briefly, an Insight DeepSee+ provides synchronized 798 nm and 1040 nm laser pulses which are
passed through high density glass and a grating stretcher pair, respectively, to control pulse chirp.
The 1040 nm bean is modulated by an electro optical modulator and polarizing beam splitter to
operate in the stimulated Raman loss scheme. Time delay of the 1040 beam was controlled by a
computer-controlled Zaber X-DMQ12P-DE52-KX14A delay stage. Both pulses are combined on
adichroic mirror before being directed through the microscope by a pair of scanning galvo mirrors.

The microscope is a Nikon Eclipse FN1 equipped with a 40x 1.15 NA objective. The 800 and 1040
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nm laser powers were set to 20 mW at focus for both beams in all experiments. Light passed
through the sample is collected by a 1.4 NA condenser, filtered by a 700 nm long pass filter (to
remove fluorescence light) and 1000 nm short pass filter (to remove the 1040 nm light), and finally
collected on a homebuilt photodiode connected to a Zurich Instruments HF2LI lock-in amplifier.
Two photon fluorescence is captured in the backwards direction by a 650 long pass dichroic
towards a photomultiplier tube. SRS signal from the lock-in amplifier and fluorescence signal from
the photomultiplier tube were collected simultaneously using Scanlmage[148]. Images were
acquired with 512 x 512 pixels and a pixel dwell time of 8 pus at each of the 10 vibrational
transitions as noted in Figure 4.3d. It is noted that the transitions noted in Figure 4.3d represent
only the center of the probed band with 19 cm™ spectral resolution. This means that at the step size

of ~15 cm™ per image in the stack, the full CH region is probed during hyperspectral imaging.

4.2.3  UwU-Net Functional Description

An input hyperspectral stack of dimensions (L, X, Y) is first passed to the architecture.
Here, L represents the number of input channels of the hyperspectral stack (e.g. 200 for Indian
Pines, 300 for MSI drug location prediction, or 10 for SRS images) and X and Y are the number
of spatial pixels in the image (in all cases here X =Y). The stack is first reduced to (M, X, Y) in
the channel dimension, where L > M, with a 3x3 kernel convolution of stride 1 over all L channels
followed by a batch normalization and rectified linear unit (ReLU) activation function. The new
stack is then reduced once more in the channel dimension by the same process to a stack of (N, X,
Y) where N is the desired final number of spatial tuning channels. The stack is then split at the
channel dimension (if N > 1) such that there are now N number of (X,Y) images. Each of these
images is passed to its own U-Net for spatial feature learning as described previously[129]. The

resulting N number of images from each spatial U-Net are then reconcatenated in the channel
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dimension to reform a (N, X, Y) stack. This (N, X, Y) stack is then concatenated in the channel
dimension to the (N, X, Y) stack from prior to splitting (mimicking the recovery of information as
in the traditional U-Net) to form a stack of (2N, X, Y). This (2N, X, Y) stack is reduced to (O, X,
Y) by a 3x3 kernel convolution of stride 1 over the 2N channels followed by a batch normalization
and ReLU activation function. This predicted stack is then compared to the truth stack (also of
dimension [O, X, Y]), a mean squared error is calculated for all channels, and parameters are tuned

in a backpropagating fashion.

4.2.4  Training Parameters, Data Preparation, and Computational Hardware

The models trained and shown in this paper were developed and built using the pytorch-
fnet framework originally developed by Ounkomol et al[129]. All models were trained using the
pytorch-fnet default parameters with a few exceptions. The models were trained using randomized
starting parameters on batches of randomized patches from the given dataset. Model parameters
are tuned in a stochastic gradient descent manner based on minimization of mean squared error.
The pytorch-fnet framework utilizes an Adam optimizer with a 0.001 learning rate and beta values
of 0.5 and 0.999. The rat liver drug prediction model which was trained only for 23,000 iterations
due to the satisfactory prediction accuracy and long training iteration time. The Indian Pines and
rat liver drug prediction models were trained with buffer size of 6 due to the reduced number of
training datasets. The Indian Pines classification and rat liver drug prediction model used patch
sizes of 64 x 64 pixels for training, while all organelle prediction models utilized patch sizes of
256 x 256 pixels.

Nearly all image preparations and processing discussed below were performed using Fiji,
an imageJ platform. The exception was the additional use of Datacube Explorer for initial

processing of the raw MSI data.
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The 200 band Indian Pines dataset was used natively from the published source. The ground truth
stack was created by separating the individual labeled images via thresholding then concatenating
all truth images into a TIF stack. The native pytorch-fnet cropper was used to crop the images to
144 x 144 pixels from 145 x 145 pixels to accommodate the spatial learning in the central U-Nets
of the UwU-Net architectures. Training data was augmented by rotations and flips with the original
dataset withheld for testing. This equated to 6 training datasets and 2 test datasets. Final predictions
were recolored for each label and then overlaid into the shown prediction image (Figure 4.1c). The
UwU-Nets reported in Table 1 use 1 (1-U) or 17 (17-U) spatial U-Nets at their center during
training.

The rat liver MSI dataset was first prepared by saving the 330-630 m/z window at 1 m/z
bins from the raw data using Datacube Explorer. All 300 images were concatenated into a TIF
stack using Fiji. The monoisotopic images at 0.001 m/z resolution were then saved for each drug
using Datacube Explorer following the m/z peaks and appropriate FWHM bins as noted by
Eriksson et al[149]. The 12 drug peak images were concatenated into a TIF stack using Fiji. Both
stacks were padded with zeros in Fiji from their native 247 x 181 pixel size to 256 x 256 pixels to
be compatible with the spatial U-Nets within the UwU-Net architecture. Training data here was
also augmented by rotations and flips with the original dataset withheld for testing. There were 7
datasets used for training. The shown 1 m/z bin, truth peak, and predicted peak images for the
drugs were normalized, contrast adjusted to the same level, and colored using the “Red Hot” Fiji
lookup table. The UwU-Nets reported in Table 4.1 use 1 (1-U), 5 (5-U), or 12 (12-U) spatial U-
Nets at their center.

The simultaneously collected SRS and Fluorescence images were first separated into 2

respective TIF stacks. The SRS stack was used as is for training and prediction. The fluorescence
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stacks were averaged to a single image and used as the truth for training and prediction. The fixed
cell nucleus, mitochondria, and ER models utilized 43, 46, and 35 images, respectively, with a
randomized 80%/20% train-test split for each model. Images predicted by the model were
normalized, contrast adjusted to the same level, then colored using the “mpl-inferno”, “Cyan”,
“Green”, and “Magenta” Fiji lookup tables for SRS, nucleus, mitochondria, and endoplasmic
reticulum, respectively.

All model development, training, and prediction as well as image processing was
performed on a homebuilt machine running Ubuntu 18.04. The machine is equipped with an AMD
2950X processor, Nvidia Titan RTX graphics processing unit, 64 GB memory, and a 2 TB solid
state drive. All dependency software versions were based on the pytorch-fnet requirements. On
our machine, trainings for Indian Pines, rat liver drug, and organelle models took ~4, ~8, and ~5

hours respectively. In all models, prediction of individual test images took 1 second or less.

4.2.5  Quantitative Metrics

Prediction quality was assessed by overall accuracy (OA), Intersection Over Union (I0U)
Pearson’s correlation coefficient (PCC), normalized root mean squared error (NRMSE), and
feature similarity index (FS1M)

OA is used to evaluate the binary pixel values assigned for each classification. Here, the
number of errantly predicted pixels are counted, subtracted from the total number of pixels, then
divided by the total number of pixels. A percentage score is reported here where accuracy closer
to 100% indicates a more accurate prediction.

IOU also measures the segmentation and classification accuracy by taking the ratio of the
intersection between predicted pixels and true pixels (i.e. true positives) and union of predicted

pixels and true pixels (i.e. true positives plus false positives). The resulting ratio indicates how
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accurately the model segments and classifies areas where values closer to 1 indicate more accurate
prediction.

PCC is used to correlate the pixels of the truth and predicted images. The covariance of the
two images is divided by the standard deviation of the two images to provide a value indicating
pixel-to-pixel correlation. A PCC of 1 would indicate perfect correlation while 0 would indicate
no correlation.

NRMSE is used to express the accuracy of a predicted pixel versus the same pixel in the
truth image. Here a value closer to 0 indicates a more accurate prediction model.

FSIM is used as an image quality assessment metric that mimics human perception of
image similarity. Like the structural similarity index (SSIM), FSIM incorporates the spatially
associated pixels in the images during calculation to provide a better notion of perceived similarity.
However FSIM emphasizes low-level features of images to more accurately reflect the human
visual system’s perception of image similarity[150]. Here an FSIM of 1 indicates perfectly similar
images while 0 would indicate no similarity.

Quantitative metrics were calculated using Fiji “Coloc 2” (PCC), and “SNR” (NRMSE)
plugins on the normalized images produced by the trained prediction model. FSIM was calculated

using the MATLAB code provided by Zhang et al[150], following the prescribed instructions.

4.3 RESULTS AND DISCUSSION

43.1 Indian Pines Classification

To demonstrate this flexibility and to validate the architecture’s capability to classify an
arbitrary number of features from hyperspectral images, a 1-U UwU-Net (where there is 1 spatial
U-Net at the center of the architecture) and 17-U UwU-Net (where there are 17 spatial U-Nets at

the center) were trained to classify the Indian Pines AVARIS dataset[134]. The hyperspectral
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images consist of 200 spectral channels (where 20 of the original 220 bands have been removed
due to water absorption) across a broad range of wavelengths (400-2500 nm) with 144 x 144 pixel
images (cropped from 145 x 145 to be compatible with the spatial U-Nets) at each wavelength.
The images contain a high-altitude 2 mile by 2 mile field of view of farmland in northwest Indiana.
The ground truth images consist of non-mutually exclusive hand-drawn maps of the various crops
and foliage depicted in the field of view. In total, there are 16 classifications shown in Figure 4.1c
and listed in Table 4.1. Here, the UwU-Net is trained to predict a 17 x 144 x 144 image stack (16
classifications plus an unused background) from the 200 x 144 x 144 input image stack. The initial
200 channels are first reduced via convolution to 100 then to the final 1 (for the 1-U UwU-Net) or
17 (for the 17-U UwU-Net) before spatial learning. The output predicted images are thresholded

to create a binary map to compare against the ground truth image.

Table 4.1. Classification Accuracy of the Indian Pines Dataset

UwU-Net AU-Caps- UwU-Net

Classification Label (1-V) ResNet[136] MPRNJ[136] Gan[137] (17-U)
Alfalfa 97.40 98.33 98.89 99.15 99.96
Corn (No Till) 93.66 99.28 99.51 99.50 98.57
Corn (Min Till) 95.98 98.80 98.92 99.12 99.19
Corn 98.83 98.20 98.52 98.34 99.78
Grass (Pasture) 97.60 97.97 97.92 98.70 99.48
Grass (Trees) 98.26 98.80 99.08 99.42 99.80
Grass (Mowed Pasture) 99.98 100 98.18 98.74 99.98
Hay (Windrowed) 97.65 100 100 99.27 99.91
Oats 99.90 97.50 97.50 98.68 99.98
Soybeans (No Till) 96.35 97.99 98.14 98.45 99.18
Soybeans (Min Till) 79.37 99.27 99.38 99.12 98.49
Soybeans (Clean Till) 97.15 98.35 98.69 98.34 99.23
Wheat 99.50 99.14 98.90 98.69 99.93
Woods 94.87 99.88 99.98 99.33 99.18
Buildings 98.07 99.55 99.68 99.41 99.18
Stone-Steel Tower 99.74 94.52 96.44 98.94 99.91

Overall Accuracy 96.52+4.7 99.01 99.16 99.12+0.25 99.48 +£ 0.50
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The individual and overall classification accuracy of the Indian Pines dataset from various
hyperspectral deep learning models and the presented UwU-Net model. Note the ResNet, MPRN,
and AU-Caps-GAN models are reported as produced in their respective references, the ResNet
and MPRN classifications were reported without uncertainties. Reported uncertainties refer to the

standard deviation among the n= 16 classifications.

Looking at the results in Table 4.1, the 17-U UwU-Net performs well with nearly all
classifications exceeding 99% accuracy. The exceptions are the classification of an untilled corn
field in the upper left of the field of view that are instead identified as a mixture of the three soybean
classifications. We also note the prediction of crops at the top-middle, top-right, and bottom of the
field of view. While these areas contribute to the error, we note that crops do exist in these parts
of the hyperspectral images (as seen in the composite image in Figure 4.1c) but are unidentified in
the hand-drawn truth maps. To better reflect the model’s performance, especially in these cases,
counts of false positive and negative pixels and the intersection over union (I0U) for each class is
provided in Appendix C Table A.C.1. The overall accuracy (99.48% + 0.50%), however, is in
concordance with state-of-the-art architectures for hyperspectral classification on the Indian Pines
dataset[136,137,151-153]. Three of these architectures’ (ResNet, Multi-Path ResNet, and
Auxillary Capsule GAN) classification accuracies are shown in Table 4.1 for comparison with the
17-U UwU-Net demonstrating the highest accuracy. We note that the 1-U UwU-Net (with its more
modest modifications to the original U-Net) performs worse than the other models suggesting that
the additional spatial parameters afforded by the parallel U-Nets at the center of the UwU-Net
contribute towards a more accurate model. For additional comparison, a basic U-Net (where the
initial and final layers have been simply adjusted to accommodate the desired input/output channel
number) was also trained. However, it was unable to classify any of the labels properly suggesting

that UwU-Nets spectral layers are critical for proper identifications. A representative example of
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one of the basic U-Net’s errant classifications is shown in Appendix C Figure A.C.1. These results
demonstrate the UwU-Net’s ability to simultaneously segment and classify features from
hyperspectral images with high accuracy. However, the UwU-Net is not limited to a binary pixel
classification, like some hyperspectral architectures here compared, but can also predict intensity

features as shown in the demonstrations below.

4.3.2  Drug Location Prediction in Mass Spectrometry Images

To further demonstrate the utility of the UwU-Net in deep learning of hyperspectral
images, we predict the location of multiple drugs (most of which are cancer treatment drugs) in a
rat liver slice from publicly available mass spectrometry imaging data originally taken by Eriksson
et al[149]. Here, a frozen-fixed rat liver section was spiked with 5 mixtures of diluted drugs, where
each mixture contains some combination of 4 of the 12 potential drugs at varying concentrations.
MSI was then performed on the liver slice in the mass-to-charge-ratio (m/z) range of 150 — 1000
m/z at a mass resolution of 0.001 m/z. This means that this particular raw hyperspectral dataset
contains 850,000 images which is not uncommon for MSI datasets. Given this colossal spectral
density, MSI datasets must be narrowed to small “windows” (e.g. only 1000 images between
300.000 m/z — 300.999 m/z are shown) and/or “binned” (e.g. all the 0.001 m/z images from
300.000 m/z — 300.999 m/z are summed together to form a single 1 m/z bin image) to be viewable.
Both windowing and binning sacrifice information for interpretability. Windowing allows for only
seeing a few mass components at a time while binning sacrifices the hallmark specificity of mass
spectrometry[154]. Analysis of these large datasets can also be cumbersome, taking potentially

hours or longer to interpret per dataset.
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Figure 4.2. Mass spectrometry images of drug-spikes rat liver slice
Each row (a-1) shows (from left to right) a 1 m/z bin image from the input 300 image hyperspectral
stack that contains a given drug’s monoisotopic peak, the 5-U UwU-net predicted 0.001 m/z bin
image of the drug, and the 0.001 m/z bin image specific to that drug’s monoisotopic peak. The
following drugs are depicted in their respective panels: Ipratropium (panel a), Vatalanib (panel b),
Erlotinib (panel ¢), Sunitinib (panel d), Pazopanib (panel ), Gefitinib (panel f), Sorafenib (panel
g), Dasatinib (panel h), Imatinib (panel i), Dabrafinib (panel j), Lapatinib (panel k), Trametinib

(panel ). Scalebar = 4 mm.

The work we present here demonstrates a potential solution to this information trade-off

issue by predicting high mass resolution drug location images (corresponding to each drug’s
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monoisotopic peak) from a window of hyperspectral low-resolution binned mass images of the
spiked rat liver tissue. Specifically, the region of 330 — 630 m/z (a window containing all
monoisotopic drug peaks) was binned into 1 m/z images and concatenated into a hyperspectral
image stack. Then, the 0.001 m/z resolution images corresponding to the monoisotopic peaks of
the 12 drugs (as determined in the previous publication) were isolated from the raw MSI data and
concatenated to produce a stack where each image corresponds to a specific drug. The UwU-Net
architecture was trained to predict 12 drug images from the 300-channel hyperspectral images.
Figure 4.2 shows the results of these predictions and the corresponding 1 m/z bin image that
contains the monoisotopic peak. While some of these low mass resolution bins are already highly
correlated with the specific monoisotopic peak (e.g. Ipratropium and Vatalanib in Figures 4.2a and
4.2b, respectively), other images have strong background contributions and or conflicting drug
spot signal due to fragment peaks from other drugs (e.g. Erlotinib and Gefitinib in Figures 4.2c
and 4.2f, respectively). From Figure 4.2, it is apparent that the deep learning algorithm is able to
reliably predict each drug’s location from the low-resolution hyperspectral data even when there
are conflicting background/fragment peaks or when the drug concentration is low (as in Lapatinib
and Trametinib in Figures 4.2k and 4.2l). Even in Trametinib, where the drug is near the sensitivity
limit for this MSI experiment, the UwU-Net correctly predicts the spot where the drug is present.
Though the exact pixels predicted do not cleanly match (as noted by the PCC values for Trametinib
in Table 4.2), the grouping of these sparse pixels in the correct spots suggest that the UwU-Net is
picking-up the relevant spectral and spatial components for prediction.

Table 4.2. Quality Metric Values for the MSI Dataset Predictions

1 m/z bin U-Nets UwU-Net (Li\_/\LlJU'O'\rlﬁt UwU-Net UwU-Net
Drug (Non-HS) (12-U)  Only (1-V) (5-U)
drug bins)
(mass, m/z)
Ipratropium (332.223) | 099 0.003 | 0.99 0011 [ 0.99 0013 | 099 0007 [ 099 0014 0.99 0.013
Vatalanib (347.107) 097 0010 | 098 0019 | 095 0012 | 097 0010 | 095 0.013 0.96 0.013
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Erlotinib (394.177) 038 0.104 | 093 0059 | 089 0025 | 094 0023 | 093 0022 0.93 0.022
Sunitinib (399.220) 008 0096 | 012 0399 | 0.67 0055 | 0.86 0033 | 089 0.029 0.89 0.030
Pazopanib (438.171) | 063 0076 | 0.99 0030 | 097 0013 | 098 0014 | 098 0011 0.98 0.013
Gefitinib (447.160) 024 0250 | 0.84 0053 | 0.88 0026 | 056 0.044 | 0.88 0.027 0.89 0.022
Sorafenib (465.094) 021 0077 | 093 0121 | 093 0021 | 093 0020 | 093 0020 0.992 0.021
Dasatinib (488.267) 091 0033 | 0.99 0016 | 0.98 0014 | 098 0014 | 098 0.013 0.98 0.012
Imatinib (494.267) 025 0240 | 0.72 0096 | 0.59 0.057 | 073 0042 | 0.78  0.040 0.75 0.039
Dabrafinib (520.143) | 035 0295 | 096 0058 | 092 0027 | 095 0024 | 096 0020 0.96 0.019
Lapatinib (581.143) 026 0084 | 0.8 0024 | 080 0023 | 076 0026 | 0.80 0.024 0.74 0.024
Trametinib (616.086) | 005 0047 | 011 0023 | 012 0030 | 003 0024 | 010 0.025 0.24 0.023
PCC 044+034  078%032  0.81+0.25 0.81+0.28 0.85+0.25 0.85+0.21
NRMSE 0.110£0.098 0.076+0.11  0.026+0015  0.023+0.012  0.021+0.008 0.021 + 0.007

The table shows spiked drugs, their respective masses, and the Pearson correlation coefficients
(PCC, left column under each model) and normalized root mean squared error (NRMSE, right
column under each model) for the low resolution and predicted images from various models with
respect to the high resolution image for the drug. U-Nets (Non-HS) refers to individual traditional
U-Nets trained from a single image input of low mass resolution (i.e. non-hyperspectral images).
The “only drug bins” UwU-Net was trained on a 12 image input stack of only the relevant 1m/z
images that contain the drug peak. All other UwU-Nets were trained using the full 300 image stack
with various numbers of spatial U-Nets at their center (1-U, 5-U, or 12-U). The uncertainty values

refer to the standard deviation among the respective metrics for the given model (n=12 for all).

To better understand the role of spectral and spatial learning in the UwU-Net, other U-Net
and UwU-Net models were trained on this data with some varying parameters and compared in
Table 4.2. To first understand the role of spectral vs spatial learning and their interplay on model
accuracy, multiple basic U-Nets were trained on a single drug at a time. Here the single 1 m/z bin
image and corresponding high mass resolution peak image were used for training. While some of
the drugs are correctly identified and predicted (suggesting spatial learning of a single image from
the hyperspectral stack may drive some drugs’ predictions), many of the drugs (sunitinib, gefitinib,
sorafenib, dabrafinib, and trametinib) go partially or entirely unpredicted. A single basic U-Net
modified to accept 300 channels and output 12 channels again produces unacceptable results
(Appendix C Figure A.C.1). The use of a UwU-Net with a single spatial U-Net at its center

(denoted as 1-U in Table 4.2) allows for spectral learning of the data in addition to spatial learning.
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When a stack of just the 12 drug 1 m/z bins is used for training (1-U, only drug bins in Table 4.2),

only gefitinib, dabrafinib, and trametinib were unidentified. The use of the full 300 hyperspectral
stack in the 1-U UwU-Net shows further improvement leaving only one spot of dabrafenib
unpredicted. This suggests additional spectral information improves the accuracy of the model in
drugs where spatial information from the principal bins is insufficient for prediction. The use of a
12-U UwU-Net on the full hyperspectral data eliminates any unidentified drug spots, but errantly
predicts spots in sunitinib and initinib that do not exist in the respective truth images. A 5-U UwU-
Net demonstrates the most accurate prediction of drug spots with no missing or errantly predicted
spots for any of the 12 drugs (as seen in Figure 4.2). This analysis and comparison suggest that,
like “depth” in a traditional U-Net or ResNet, architecture parameters such as spectral depth or
number of spatial U-Nets at center can be empirically tuned to improve model accuracy.

These results highlight a capability of the UwU-Net to mine MSI datasets for relevant
features from both spatial and rich spectral features afforded in MSI in a convolutional manner.
One way this is potentially useful for MSl is in the design and execution of experiments. If a priori
ground-truth information is available (in this case, the masses of the drug molecules sought, their
locations, and their concentrations), a UwU-Net model can be trained and utilized in other similar
experiments to vastly improve analysis speed. For example, while the training of this algorithm
took ~8 hours, the final prediction of all images shown takes only ~1 second. This upfront single-
time investment of training then affords analysis of further samples to be performed extremely
quickly in comparison to costly linear analysis of each dataset. The specific demonstration
presented here could also be highly useful for the miniaturization of MSI systems for in situ use
where the tradeoff of reduced mass resolution would be mitigated by a pretrained algorithm. We

also note the possibility of combining MSI with an orthogonal method such as fluorescence or
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Raman imaging, to predict alternate imaging modalities using the UwU-Net as we demonstrate

below.

4.3.3  Label-free Organelle Fluorescence Prediction from SRS Microscopy Images

Label-free prediction via deep learning has been a recent area of interest for augmenting
the information acquired from a given microscopy modality[155]. The label-free prediction
usually involves a microscopy image, such as transmitted light or autofluorescence microscopy,
being converted to an image that mimics a more complex label-requisite modality like fluorescent
or histologically stained images[120,129,156]. The value of this type of work is clear due to the
elimination of staining protocols and the disadvantages associated with labeling the sample
(photobleaching, toxicity, disruption of biological structures or functions, etc.). However, the
quality of label-free prediction depends heavily on the information present in the input
images[157]. For example, while transmitted-light microscopy is relatively simple to perform, it
only reveals information based on light scattering due to differences in refractive index. In the
context of cells and their organelles, there may not be significant enough difference between an
organelle and cytosol to produce relevant information for a deep learning algorithm to reliably
predict a corresponding organelle’s fluorescence.

Compared to simple bright field or autofluorescence imaging, Raman imaging is a much
more information-rich, label-free alternative. The Raman spectrum of a sample reflects specific
molecular vibrations quantitatively associated with the molecules within. Hyperspectral SRS
imaging improves the conventional Raman imaging by significantly speeding up the image
acquisition by 3-4 orders of magnitude[34,35,38]. Regardless of the acquisition method, for
biological samples, the Raman spectra are often congested and highly convolved due to the

overlapping Raman bands from many different molecules. Principle component analysis and
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phasor analysis have been used to extract individual organelles from the myriad of vibrational
signatures in a cell[15,120]. However, the subtle variations of Raman spectra for individual
organelles present significant challenges to the analysis of smaller structures such as mitochondria
and endoplasmic reticulum (ER). Previous attempts to produce label-free staining based on
hyperspectral Raman imaging have shown promising results for some organelles but not as rich of
predictions for smaller ones[120]. The architecture we present here shows improved fluorescence
prediction across 3 organelles. Deep learning using the rich spectral and spatial information
afforded by hyperspectral SRS microscopy also outperforms previous work of label-free prediction

from transmitted light microscopy[129].

Input SRS Truth Fluorescence Precicted Fluorescence

Figure 4.3. Predicted organelle fluorescence from hyperspectral SRS microscopy images
All SRS images shown depict only the peak signal image from the hyperspectral stack. Panel a
shows the prediction of nucleus fluorescence. Panel b shows the prediction of mitochondria
fluorescence. Panel ¢ shows the prediction of endoplasmic reticulum fluorescence. Panel d shows
a typical cellular SRS spectrum (black) and the 10 vibrational transitions imaged and used for
prediction (red). Note that the transitions marked in red represent the center of a band of probed

transitions with a resolution of 19 cm™. The 15 cm™ steps between each spectral image means the
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entire CH vibrational region is effectively probed during hyperspectral imaging. Panel e shows an
SRS image of live cells (left) that contain no dye, each algorithms predicted fluorescence (right,
top row), and fluorescence images taken after the cells are stained (right, bottom row). Panel f
shows an overlaid combination of each organelle prediction (left), and the same group of cells after
staining (right).

As shown in Figures 4.3a — 4.3c, we create label-free prediction algorithms for nuclei,
mitochondria, and endoplasmic reticulum fluorescence in fixed lung cancer cells (A549, from
ATCC).. The accuracy of the predictions is quantified in Table 4.3 by Pearson’s correlation
coefficient (PCC), normalized root mean squared error (NRMSE), and feature similarity index

(FSIM)[150,158].

Table 4.3. Quality Metric Values for the Label-free Prediction of Organelle Fluorescence

Organelle Model PCC NRMSE FSIM
Nucleus 0.92 +£0.03 0.047 £ 0.022 0.89+£0.04
Mitochondria 0.84 £0.05 0.059 £ 0.019 0.93+0.02
Endoplasmic Reticulum 0.94 +0.02 0.038 £ 0.016 0.92 +0.03

The table shows pearson correlation coefficients (PCC), normalized root mean squared error
(NRMSE), and feature similarity index (FSIM) values for the 3 organelles predicted from
hyperspectral SRS images. Numbers shown are based on the average of all withheld test images
(9, 9, and 7 images for nucleus, mitochondria, and ER, respectively) of 512 x 512 pixels.

Uncertainty refers to the standard deviation among the withheld test images.

Across all computed quality metrics, we find high correlation and acceptably low error
between predicted images and their respective truths. Previous work reported PCC values of 0.58,
0.69, and 0.70 for DNA (nucleus), mitochondria, and endoplasmic reticulum, respectively[129].
Thus, we see a significant improvement in label-free organelle prediction with the information-
rich hyperspectral SRS microscopy in comparison to bright field microscopy. A basic U-Net was

again trained for comparison as seen in Appendix C Figure A.C.1. While this task was more
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successful than in the previous demonstrations, unacceptable residual SRS features were also
present in the image. For additional comparison to another modern architecture used for image
reconstructions, a U-Net utilizing ResNet Blocks[131,159] was also trained to predict the
organelles (Appendix C Figure A.C.2 and Table A.C.2). While the Res-U-Net showed slightly
improved organelle predictions in comparison to previously reported results, the UwU-Net
predictions still outperformed across all organelles and metrics.

The utilization of both spectral and spatial information is paramount towards demonstrating
utility of this architecture. This is most clearly demonstrated in the mitochondria prediction model
by the differentiation of the organelle from lipid droplets in the cell. In SRS images, lipids droplets
appear as bright “dots” typically ~1 pm in size. This means they have a similar size and shape to
mitochondria, yet the trained models have clearly learned to exclude such similar features. This
suggests that the model is not simply searching for the spatial features in the image to isolate and
predict, but likely utilizing both spatial and spectral information to determine the position of the
desired organelles. To confirm this, a simple 2D U-Net was trained using the single brightest SRS
image to predict the fluorescence image (Appendix C Figure A.C.3). While the PCC values
demonstrated by this traditional U-Net training still outperform previous work (likely due to the
higher input image quality with respect to transmitted-light microscopy), they slightly
underperform the UwU-Net where spectral information augments the prediction capability
(Appendix C Table A.C.3). Moreover, the 2D U-Net models predict some spurious features such
as nucleoli (Appendix C Figure A.C.3) or lipid droplets (Appendix C Figure A.C.4) as they are
incapable of seeing the difference in vibrational spectral information for such features.

Finally, to demonstrate the multiplexing capability of the trained algorithms, hyperspectral

SRS images of live A549 cells with none of the dyes present are used to predict organelle
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fluorescence in Figures 4.3e and 4.3f. Here new prediction models have been trained for live cells
in a similar manner as in the fixed cells (Appendix C Figure A.C.5). However, instead of predicting
based on SRS images of cells where the dye is present (such as in Figures 4.3a — 4.3c and Figure
A.C.5), the live cells are first imaged with SRS when no dye is present (Figure 4.3e, left). The cells
are then stained while still mounted on the microscope and reimaged with two-photon fluorescence
to acquire reference fluorescence images (Figure 4.3e, right, bottom row). The stain-free SRS
images are used to predict fluorescence images using the pretrained models (Figure 4.3e, right, top
row) and overlaid for comparison against the reference images (Figure 4.3f). As shown in Figure
4.3f, the label-free prediction in live cells matches well with the truth fluorescence images. We do,
however, note slight mismatches in fields of view and cellular shape. This is due to both the sample
moving and focus changing slightly during the staining process while mounted on the microscope.
Additionally, organelle movement and cellular reorganization between SRS and fluorescence
imaging (~10 minutes) leads to mismatch of exact spatial features. Regardless of these differences,
the UwU-Net demonstrates a firm ability in predicting label-free fluorescence of organelles from

SRS images of live cells.

4.4 CONCLUSIONS

In this work we have presented UwU-Net, a new architecture for deep learning using
hyperspectral images. The architecture is highly flexible in both the types of tasks it can perform
(e.g. classification, segmentation, label-free prediction) and the types of hyperspectral images with
which it is compatible (e.g. remote sensing, MSI, and SRS microscopy). Specifically, we show
excellent performance of Indian Pines classification with 99.48% overall accuracy for all
classifications. We also demonstrate successful drug location prediction in fixed tissue from MSI

data from windowed and binned images. This highlights the capability to mine spectrally dense
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MSI datasets using both spectral and spatial information and offers new possibilities for deep
learning in MSI. Finally, we show improved label-free prediction of organelle fluorescence by
using hyperspectral SRS microscopy. We note a significant improvement in nuclear,
mitochondrial, and ER prediction correlation with respect to previous work by the use of the UwU-
Net to interpret spectral and spatial information.

We further note that while all models were trained using randomized starting parameters
and stochastic gradient descent to minimize mean squared error (MSE) between output and truth
images, the architecture is easily amenable to transfer learning methods and more complex error
functions for particular tasks. We also note that the UwU-Net architecture can potentially be used
in a generative adversarial network (GAN) framework to perform an even broader class of
tasks[26,160]. However, GAN training of a UwU-Net is not feasible currently given memory
constraints.

Finally, while only a subset of tasks and imaging techniques are demonstrated here, we
expect the UwU-Net to be broadly applicable or adaptable to any reasonably designed computer
vision task involving a hyperspectral imaging technique with potential use in medical imaging,

microscopy, and remote sensing.
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Chapter 5. LABEL-FREE CLASSIFICATION OF IMMUNE CELLS

FROM HYPERSPECTRAL STIMULATED
RAMAN SCATTERING MICROSCOPY IMAGES

5.1 INTRODUCTION

T cells are an integral part of the adaptive immune system. The various types of T cells
(e.g. cytotoxic, helper, regulatory) and their respective functions modulate dynamically through
the life of a given cell and are an important point of study in immune response, vaccine
development[161], and cancer treatment[162]. The differentiation of T cells from their progenitors
is thought to be a combination of transcription factor activation, other signaling molecule
activations, and stochastic development[163,164]. Irrespective of the exact mechanisms behind
cell differentiation, once developed and differentiated, a given T cell’s identity and fate is
irreversible in the body (unless genetic or epigenetic reprogramming is performed). Identification
and study of T cells rely on surface protein markers that are associated with T cell types and
differentiations. Current methods for studying T cells typically rely on extraction, fluorescent
antibody staining tagged to the identifying surface proteins, and separation via flow
cytometry[165]. While these methods can readily identify and collect the varying T cell
differentiations, they are not typically applicable to in situ study of T cell function and response.
Microscopy based studies of T cells have recently shown promising results in understanding T cell
selection and fate in situ[166,167], but they often involve fluorescent labeling may limit the
observation breadth and duration. Specifically, breadth of targets is limited to a few fluorescent
labels at a time by the color crosstalk between dye molecule while the duration is limited by the

photobleaching of the dyes. In this work we demonstrate stimulated Raman scattering (SRS)
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microscopy as a potential label-free alternative to study of T cells with capability towards in situ
imaging.

In contrast to fluorescent labeling or brightfield scattering microscopy, SRS microscopy
targets the endogenous vibrational chemical differences of a sample at high spatial resolution
without the need fluorescent labeling. This offers a significant label-free tool towards advancing
the study of immune cells in situ without concerns of modulating biological potentially associated
with fluorescent staining or the above-mentioned challenges with fluorescence microscopy.

Unlike fluorescence microscopy, however, SRS microscopy is limited in its specificity
with respect to identifying both specific biological structures and isolating vibrational transitions
from specific molecules in particular frequency regions. The latter is particularly relevant when
imaging in the so-called carbon-hydrogen (CH) stretching region (~2800 — 3000 cm't). However,
CH region imaging is often desirable due to the abundance of CH molecules, and thus, signal
strength in this vibrational region which produces higher quality (i.e., higher signal to noise ratio
[SNR]) images. While not as chemically specific as the “fingerprint region” of the vibrational
spectrum (~400-1700 cmY), the CH region still offers chemical information related mostly to the
lipid and protein profiles of biological samples. At the single cell level, the ratio of protein to lipid
signal, as SRS signal is inherently quantitative, is correlated to the metabolic phenotype
irrespective of molecular specificity. To this end, deep learning methods have been utilized to
offset this tradeoff between the CH region’s high SNR and lower chemical specificity. For
example, recent publications have shown the ability to create semantic segmentation maps of
organelles within cells[127], classify cancer[116], and predict organelle fluorescence images[110] all
from label-free SRS images in the CH region. With deep learning, the strengths of SRS imaging

in the CH region are augmented to enhance analysis and the capabilities of SRS microscopy. Here,
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we demonstrate how deep learning can be used to classify label-free T cells from hyperspectral
SRS images. We compare our deep learning method with traditional machine learning
classification based solely on Raman spectral information. This comparison demonstrates how
deep learning outperforms traditional machine learning; likely by incorporating relevant spatial
information and its nonlinear interplay with the spectral information. We also demonstrate the
ability to predict T cell fluorescence in genetically labelled lymph node tissue and suggest a
scheme for training in situ label-free predictions using a model based on antibody fluorescent

stains.

5.2 METHODS

5.2.1 T Cell Extraction and Separation

Male and female mice, 8-12 weeks of age, were used in compliance with University of
Washington Institutional Animal Care and Use Committee Guidelines. Spleens were harvested
and a single cell suspension was generated by compressing the spleen between rough glass slides.
This cell suspension was filtered through 40 um mesh into FACS buffer (HBSS, 0.5% BSA, 10
mM HEPES, pH 7.4). Cells were centrifuged at 350g for 4 minutes, resuspended in FC Block
(33% 2.4G2 supernatant in FACS buffer) and incubated on ice for 15-30 minutes. Cells were
stained with antibodies at concentrations listed in the antibody table (See Appendix E Table A.E.1)
for 15-20 minutes in FC Block. Cells were resuspended in FACS buffer and sorted with a BD
FACS ARIA I1II (BD Biosciences). Cells were sorted as follows: Naive CD8:
CD8+CD62L+CD44-, Central Memory CD8: CD8+CD62L+CD44+, Effector Memory CDS8:
CD8+CD62L-CD44+, Naive CD4: CD4+CD62L+CD44-, Central Memory CD4:
CD4+CD62L+CD44+, Effector Memory CD4: CD4+CD62L-CD44+, Sorted cells were washed

and transferred to poly-I-lysine coated 8 well chamber slides (ThermoFisher) and were centrifuged
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at 300g for 3 minutes. Cells were fixed for 15 minutes at room temperature with 4%

Paraformaldehyde (Electron Microscopy Sciences) in PBS, rinsed with PBS, and cover slipped.

5.2.2  Preparation of Lymph Node Slices for Imaging

Male and female mice, 8-12 weeks of age, were used in compliance with University of
Washington Institutional Animal Care and Use Committee Guidelines. Axial and inguinal lymph
nodes were dissected from mice as shown previously[168]. The lymph nodes were washed with
pbs before being fixed in 4% paraformaldehyde for 1 hour. Any excess fat tissue around the lymph
node was then removed. The lymph nodes were then embedded in agarose, being careful to orient
the lymph nodes on their side so as to expose the B and T cell follicle zones. The embedded lymph
nodes were then sliced using a vibratome set to 300 um thick slices. Only slices from the center
sections of the lymph node were used for imaging. For the YFP genetically encoded line, the lymph
nodes were imaged without additional processing. For the antibody stained lymph nodes, the slices
were placed in FC Block for 2 hours before CD3+:PE (T cell, 540/580 nm ex/em) and
CD19+:eFluo450 (B cell, 405/450 nm ex/em) were added. The cells were allowed to stain for 16
hours. The slices were then placed in PBS for 90 minutes to wash any additional stain or dye

aggregations. Finally, the slices were placed on a glass slide and cover slipped for imaging.

5.2.3 SRS and Two-photon Fluorescence Imaging

SRS and Two-photon imaging were performed as described in the above section (See
Figure 2.1, and Chapter 4 section 4.2.2). Briefly, SRS microscopy was performed in the CH region
at powers of 20 mW for both beams for the flow separated cells and genetically encoded lymph
node slices. Powers were set to 10 mW for each beam for the antibody fluorescence images. The

flow separated cells were confirmed to exhibit no significant fluorescence signal on a PMT. For
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the genetically encoded fluorescence imaging, a single PMT equipped with a 520/40 nm band pass
filter was used to collect fluorescence images. For the antibody staining images, two PMTs were
placed above the objective with fluorescent light separated first by a 700 nm long pass dichroic,
then by a 500 nm long pass dichroic. A 570/40 nm band pass filter and 450/30 nm band pass filter
were used to collect fluorescence from the T and B cells, respectively. SRS was acquired in spectral

focusing hyperspectral stacks as described above in the spectral range of 2850-3000 cm™.

5.2.4  Data Processing and Deep Learning

Images of the flow separated T Cells were normalized at their 2920 cm™ peak and had their
background subtracted. In total 352 images were acquired across all T cell differentiations from
two different mice. Truth “images” were created as 1x6 “vector” 8-bit images where each pixel
corresponded to a given differentiation (Effector Memory CD4 [CD4E], Memory CD4 [CD4M],
Naive CD4 [CD4N], Effector Memory CD8 [CD8M], Memory CD8 [CD8M], Naive CD8
[CD8N]). The pixel value was set to 255 for the given class and 0 for the other classes.

Hyperspectral SRS images from the lymph node slices were used without additional
processing. The fluorescence images were averaged to a single image and used as ground truth in
the training of models.

Deep learning classification for the flow separated cells was performed using a modified
ResNet-50 architecture where the initial layer has spectral convolutions to handle the input 36-
image hyperspectral stack as shown in Figure 5.1. 252 images randomly selected images were used

for training while 100 images were withheld for testing.
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Figure 5.1. Architecture Diagrams and Indian Pines Classification
ResNet-50 architecture modified and used for deep learning classification of hyperspectral
SRS T cell images. Adapted from reference [169] with permission.
For the lymph node slice image predictions a UwU-Net architecture (as shown in Figure

4.1) was used[110]. Here the default 80/20% test train split was used. The UwU-Net utilized 2

spectral steps with 6 central U-Nets, as described in Chapter 4.
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All models were trained on a homebuilt Linux machine equipped with a Titan RTX GPU
and AMD Threadripper 4 X399 CPU. The T cell classification and fluorescence prediction models
took ~22 hours and ~14 hours to train respectively. Once trained, classification and prediction of

the individual fields of view takes milliseconds.

5.3 RESULTS AND DISCUSSION

5.3.1  Hyperspectral SRS Images of Flow Cytometry Separated T Cells

Representative SRS images of the different T cells and the average SRS spectra of the cells
are shown in Figure 5.2. We note no obvious visual differences among the different types of T
cells across the populations of ~40-50 cells in each class with the exception of CD4N cells which,

in aggregate, exhibit less distinct sub cellular features (such as nuclei, nucleoli, lipid droplets, etc.).
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Figure 5.2. SRS Images and Spectra of T Cells
Panel a shows representative SRS images for each type of T Cell separated by flow. Where the
image is an average projection of the entire SRS hyperspectral stack. Panel b shoes the average
cellular SRS spectra across each differentiation normalized to the protein (2935 cm™ peak).

Standard deviations are drawn as splines into the spectra. Scalebar = 5 pm

While the overall spectral shape is consistent, there are subtle differences between the cell

types especially with respect to CD4 vs CD8. These spectra indicate the chemical makeup of the
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cell differentiations may provide leverage in creating a classification model based on the data.
These chemical differences likely result from phenotypic differences in metabolism within the
cells. Specifically, the ratio between the protein and lipid peaks within the cellular spectra may
reflect more catabolic or anabolic states that T cells express depending on differentiation[170]. We
have observed these spectral differences between CD4 and CD8 cells across the two different mice
from which T cells were captured, as well as on a separate SRS microscope using broader band

laser pulses.

5.3.2  Machine Learning Classification of T Cells

Here, the average cellular spectra are utilized to create a machine learning classifier. The
normalized spectra of 252 training cells were explored with principle component analysis (PCA).
The 1% and 2" principle components capture ~97% of the variance in the data. If these principle
components are mapped back to the spectral domain, we see that they are apparently related to the
protein sidebands (2900 — 2950 cm™) and the lipid peak centered at 2850 cm™ as seen in Figure

5.3a.
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Figure 5.3. Machine Learning Results on T Cell Spectra
Panel a shows the loading of the first and second principle components from the T Cell data of
all differentiations as mapped to the Raman spectrum. Panel b shows a simple clustering analysis
of when the labeled cells are plotted with respect to their scores on the first and second principle
components. Panel ¢ shows the confusion matrix plots for the classifier based on PLS-DA of the
withheld T Cell spectra. Overall Accuracy: 93.5%. CD4 vs CD8 Accuracy: 100%.

In addition to the loading plots of the principle components, the labeled T cell spectra can
be mapped based on their scores within the principle components. Clustering analysis as shown in
Figure 5.3B demonstrates that the CD4 and Cd8 groups of cells are highly separable based solely
on their spectra, though there may be some overlap between the Effector/Memory/Naive

differentiations within each group. We then build a classifier based on this data using partial least
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squares discriminant analysis (PLS-DA) and predict withheld test spectra as shown in Figure 5.3C.
The classifier demonstrates an overall accuracy of 93.5% across the test dataset. This classifier is
also able to, as expected, identify CD4 vs CD8 T cells based solely on their SRS spectra with 100%
accuracy. The differentiations with CD4 cells are further also predicted with 100% accuracy. It is
only the CD8-Effector-Memory and CD8-Memory T cells that exhibit confusion in their
classification. Considering this model with reasonably high accuracy was trained only on, it stands
to reason the spectral information as it relates to metabolic phenotype (here seen as the protein/lipid
signal proportions in the spectra) may drive a large portion of a deep learning prediction which

should perform at least as well.

5.3.3  Deep Learning Classification of Hyperspectral SRS Images of T Cells

Considering the reasonably accurate classification of T cells based on simple machine
learning of their SRS spectra, we expect an equivalently rich deep learning classification model
with further improved accuracy with the incorporation of spatial information. To this end, we used
the same 252 T Cells in the training of our modified ResNet-50 (Figure 5.2). However, rather than
only providing the 1-dimensional spectral information, we allowed the deep learning algorithm to
convolve our 3-dimensional hyperspectral images. The trained model was then used to predict 100

withheld test images as depicted in Figure 5.4
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Figure 5.4. Deep Learning Classification of Hyperspectral SRS Images of T Cells
Panel a shows the confusion matrix plots for the classifier based on a modified ResNet-50
architecture for hyperspectral image classification into the 6 relevant classes. Overall Accuracy:
99% across the 100 test images. CD4 vs CD8 Accuracy: 100%.

We observe a continued 100% accuracy in classifying CD4 vs CD8 cells as was observed
in the machine learning work. We also see an improvement in overall accuracy to 99% over all
differentiations of T cells. We suggest this demonstrates the added benefits of both incorporating
spatial information in the classifier and learning the nonlinear relationship between the input
hyperspectral data and the output classes. Indeed, even though the cells are apparently visually
indistinguishable, there may be subtle differences between the CD8-Eff and Cd8-Mem cells that
allow for improved differentiation of the classes. In future work, the extent of this spectral vs

spatial influence could be studied as was shown in the original UwU-Net paper (Chapter 4, [110])
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with the mass spectrometry imaging data. That is, the number of free parameters associated with
spectral and spatial features could be modulated to empirically determine optimum
hyperparameters of the architecture. Further, the strongest demonstration and validation of our
classifier would be imaging a mixture of T cells (all differentiations) in hyperspectral SRS
microscopy, predicting their identity with our pretrained classifier, then staining and reimaging the

same cells to confirm their truth identity.

5.34  Deep Learning Prediction of Genetically Encoded Fluorescent T Cells in Lymph Node

While classification of individual cell images suggests that SRS imaging can identify T
cells based on label-free vibrational imaging, the value of performing this label-free classification
lies in identifying cells in situ in tissue where long term, nondestructive imaging techniques could
greatly benefit immunology. In this section we explore two possible methods towards building
deep learning algorithms to identify and image specific immune cells within tissue. Specifically,
we demonstrate the ability to predict T cell fluorescence in lymph node tissue from mice with
YFP-encoded T cells. We also demonstrate the ability to acquire simultaneous SRS and two-

photon fluorescence images of antibody-stained cells in wild type lymph node.

Figure 5.5. Deep Learning Prediction of T Cell Fluorescence from SRS Images
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Panel a shows the average SRS image projection of the hyperspectral stack. The 36 spectral
points interrogated are the same as those shown in Figure 6.2 for the T cell characterization. Panel
b shows the same field of view in the fluorescence channel. Panel ¢ shows the deep learning
algorithm’s prediction of T cell fluorescence from the input hyperspectral SRS image (panel a).

Scalebar =25 um

Genetically encoded axial lymph nodes were first imaged under our simultaneous SRS and
fluorescence microscope as described above. Here, 40 image pairs of SRS and fluorescence of
various fields of view from the lymph node were used to train a UwU-Net model to predict
fluorescence images from hyperspectral SRS images. As shown in the representative field of view
in Figure 5.5a -5.5c¢, the model demonstrates a strong ability to identify and predict the fluorescent
T cells in the SRS image. Across the test images (n = 10) a pearson correlation coefficient of 0.90
is achieved with respect to the truth fluorescence images. However, it is evident in the SRS images
that some cells express so much YFP as they are noticeably bright even in the SRS image. This is
likely due to some transient absorption signal leaking into the SRS image. This is a concerning
feature for this particular method of imaging T cells in situ towards a label-free method. That is,
the algorithm may be learning from the wrong signals (i.e. transient absorption of the encoded dye
vs SRS signal). It is also not easily remedied, as it may be difficult to change the particular
expression level of the YFP within these cells. We do not, however, that T cells with similar SRS
signal to non-T cells also appear to be properly predicted. Further this fluorescence prediction
method does not seem to have an obvious validation method to check our trained deep learning
algorithm as in the UwU-Net organelle fluorescence prediction. Considering this significant hurdle
in amending the fluorescence levels towards insensitivity in the SRS channel and in validating the
output predictions of our model. We do not expect this to be a valuable target towards label-free

in situ classification of immune cells.
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Instead of the prediction of genetically encoded fluorescence to identify immune cells in
situ. Antibody fluorescent staining may also provide a promising avenue towards a deep learning
based label-free prediction and classification scheme. Indeed, for studies interested the study of
the spatial distribution of immune cells antibody fluorescence has already been
demonstrated[166,167,171,172]. It is theoretically possible to either directly predict this antibody
stain from hyperspectral SRS images as was seen in the UwU-Net organelle fluorescence
prediction, or to create ground truths for individually segmented SRS images of cells to be
classified as shown above in the flow-separated cells. Within this scheme however, is a careful
balance of staining a lymph node strongly enough to detect its fluorescence without influencing
the SRS images as was observed in Figure 5.5. Our preliminary experiments to this end have
demonstrated the difficulty in optimizing this staining process for our simultaneous SRS and two
photon imaging though recent data suggest a strong possibility towards acquiring a training dataset

for deep learning models as shown in Figure 5.6.
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Figure 5.6. Simultaneous SRS imaging and Antibody Fluorescence Images of Lymph Node
Panel a shows the average SRS image projection of the hyperspectral stack across a fixed axial
Ilymph node slice. Panel b shows the same field of view in both fluorescence channels. Here B

cells are shown in cyan and T cells are shown in red. Scalebars for panels a and b are 500 pm.
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Panel ¢ shows a zoomed in area of panel b (highlighted in yellow in panel b) showing an area

where the B cell follicle and T cell follicle meet. Scalebar =25 um

The SRS images of the the lymph node slice in Figure 5.6a show a relatively homogenous
signal across the tissue with no observable fluorescence cross talk. Careful examination however
reveals some field heterogeneity artifacts as is to be expected in such low power imaging (10 mW
in both arms). The fluorescence channels in Figure 5.6b and the zoom in shown in Figure 5.6¢ do
demonstrate the expected B cell (cyan) follicle and T cell (red) follicle zones in the expected places
showing a promising method for identifying B vs T cells in lymph node tissue. However, because
of the weak powers and stingy overlapping of tiles, field heterogeneity effects significantly affect
the overall stitching of lymph node images. The zoom in area of Figure 5.6¢ shows the meeting
area between the B and T cell follicles demonstrating the specificity of the staining and imaging
with no fluorescence crosstalk. It also shows the lower SNR of these fields of view near adjacent
image edges. Preliminary deep learning predictions based on this dataset are not particularly rich
in their prediction, especially outside of the very center of images. Additionally, outside the center
of SRS images, cells are difficult to distinguish from the background making segmentation of
individual cells in this dataset difficult. Imminent experiments will repeat this promising staining
protocol with higher powers and a higher magnification objective to address the current
shortcomings in training a robust deep learning model for B and T cell prediction in lymph node
images. Future work may also utilize the antibody staining rather as a guide for segmentation and
classification of individual cells within the tissue, or to create semantic segmentation maps of T vs

B cell zones in lymph nodes.
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5.4 CONCLUSIONS AND FUTURE WORK

We have demonstrated how hyperspectral SRS images in combination with deep learning
algorithms can be used to study T cells as a potentially label-free alternative to traditional
fluorescence microscopy and flow-cytometry based experiments. Specifically, we have shown that
deep learning can be used in conjunction with SRS imaging to produce high quality models that
can predict T cell differentiation identity with 99% accuracy and fluorescence of T cells in lymph
nodes with fidelity. This classification appears to be largely driven by spectral differences between
the differentiations of T cells which relates to their metabolic phenotype. We also demonstrate two
exciting methods to produce imaging datasets of immune cells in lymph nodes that can be used to
train label-free prediction algorithms of immune cells from hyperspectral SRS imaging. While
genetically encoded fluorescence may be improperly predicting to transient absorption signal,
antibody fluorescent staining has recently shown promise as a valuable target towards the goal of
label-free deep learning classification algorithm training. While this work demonstrates a sound
foundation for studying immune cells in a label-free microscopy modality, future work will be
needed to validate the pretrained classification models and to observe and classify cells in situ

label-free.
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Chapter 6. LABEL-FREE CLASSIFICATION OF THYROID

CANCER FROM HYPERSPECTRAL
STIMULATED RAMAN SCATTERING
MICROSCOPY IMAGES

6.1 INTRODUCTION

Thyroid cancer is the most common endocrine system cancer an estimated 43,800 new
cases diagnosed in 2022[173]. Often, an initial thyroid nodule is discovered during routine
checkups. After some initial waiting period to determine a nodule’s growth and potential
malignancy, a nodule may be further evaluated by ultrasound-guided fine needle aspiration (FNA)
biopsy. This biopsy uses a small gauge needle to directly stick and extract cells from the suspicious
nodule without the need for invasive surgery. The FNA sample is then interpreted by specialized
pathologists to more accurately asses and diagnose the nodule following the “Bethesda System for
Reporting Thyroid Cytopathology”[174]. This system categorizes FNA biopsy samples as: 1.
Nondiagnostic, 2. Benign, 3. Atypia of undetermined significance, 4. Follicular neoplasm, 5.
Suspicious for malignancy, and 6. Malignant. However, cytopathology may not give a full picture
of a thyroid nodule’s status as 15-30% of FNA Dbiopsy analysis are considered
“indeterminate”[175]. This indeterminate form covers the latter 3 categories of the Bethesda
system and as such are carefully assessed further for potential malignancy. Unfortunately, many
of the features that distinguish such latter categories of thyroid nodules are based on spatial features
of the nodule in the context of the whole tissue which can only be properly assess with invasive
surgery, biopsy, and traditional pathology work up. Further, given the potential malignancy of
such cases, thyroidectomy or partial thyroidectomy is often performed in these cases anyway,

though it has been shown that as many as 70-80% of nodules excised and evaluated are ultimately



90

diagnosed as benign[176]. These potentially unnecessary thyroidectomies put a serious burden on
patient quality of life as daily medication is required to balance the hormonal production of a
healthy thyroid, and complications from surgery such as nerve damage, trouble swallowing, or
trouble speaking are common.

As such recent works have offered potential alternatives to traditional cytopathology on
FNA samples to improve their minimally invasive diagnostic accuracy and minimize unnecessary
surgeries. For example, genetic sequencing assays have recently been developed and adopted to
further asses and diagnose FNA sampled nodules. While these have been helpful in improving
diagnostic accuracy and enhancing treatment planning, they’re predictive power may still be
lacking[177]. Other recent works have utilized machine learning and deep learning models on
thyroid images to diagnose thyroid nodules. For example, Halicek et al. show deep learning on
hyperspectral reflectance images of thyroid tissue with up to 79% overall accuracy[178]. Oliveira
et al. show hyperspectral spontaneous Raman scattering microscopy as a promising imaging
method to diagnose thyroid cancer in combination with machine learning achieving 97% accuracy
in discriminating classic variant papillary thyroid carcinoma and benign nodules[179,180]. It is
worth noting that the latter works are based solely on the Raman spectra of the imaged cells. While
the apparent accuracy is high and related to putative chemical differences (e.g. phenylalanine’s
peak at 1000 cm™ being much stronger in particular cancer types), throughput becomes an issue
with imaging individual cells with spontaneous Raman microscopy. For example, even with line
scanning, Oliveira et al report imaging times into the tens of minutes per single cell. Here we show
SRS microscopy in combination with a deep learning classifier may be a high throughput

alternative to the previously demonstrated spontaneous Raman microscopy.
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6.2 METHODS

6.2.1  Thyroid Sample Preparation

Thyroid nodule samples were collected from thyroidectomy patients through
NWBiosamples. In addition to the suspicious nodules, normal thyroid was also collected from the
same patient if possible to be used as a control sample for deep learning training. The collected
samples were first chopped finely with a razor blade before dissociating in collagenase
(Worthington type Il) overnight at 37°C. The dissociated tissue was then filtered through a 70 um
mesh filter and centrifuged at 250 G. The cell pellet was then resuspended in formalin solution and
allowed to fix for 20 minutes. The cells were then centrifuged again and resuspended in fresh PBS.
This wash step was repeated once more before imaging. Finally, the pellet of fixed cells was
suspended in a small amount of PBS. A small amount of the cell suspension was sandwiched

between a glass slide and coverslip and imaged.

6.2.2 SRS Imaging

SRS imaging was performed as described before in combination with a parabolic fiber
amplifier[8]. SRS images of the thyroid samples were taken at 3 different spectral zones by tuning
the pump laser color: 900 — 1200 cm™, 1350 — 1720 cm™, and 2850 — 3030 cm™. The two
fingerprint regions were chosen based on the putative distinguishing Raman peaks demonstrated
by Olveira et al. The CH region was additionally taken given the high SNR of the images in

comparison to the fingerprint images.

6.2.3 Deep Learning

Deep learning classification for the dissociated thyroid cells was performed using a

modified ResNet-50 architecture where the initial layer has spectral convolutions to handle the
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input various hyperspectral stacks similar to the architecture shown in Figure 5.1. Only the input
and output channels were changed to suit the thyroid datasets. That is, 54, 65, or 36 input channels
for the three preciously listed spectral zones, respectively. And either 2 output classes (for normal
vs cancer classification) or 7 output classes (for simultaneous classification of all potential cancer
types.

With respect to computing hardware, models were trained on a homebuilt Linux machine
equipped with a Titan RTX GPU and AMD Threadripper 4 X399 CPU. The single cell prediction
models were trained within 3 hours. Whole field of view models were trained in 20 hours. Trained

models were able to predict fields of view within milliseconds.

6.3 RESULTS AND DISCUSSION

6.3.1  Machine Learning Results on SRS Spectra from Thyroid

Hyperspectral SRS images of both tumor and normal cells revealed some similar spectral
features in the fingerprint region as reported by Oliveira et al. as shown in Figure 6.1a — 6.1d.
However, given the lower sensitivity and thus lower SNR in the fingerprint region, attempts at
machine learning classification based on these images were not particularly rich (accuracy ~60%).
This low accuracy is also potentially due to slight spectral shifts in our lasers from one day to
another over the course of multiple years during case collection. The fingerprint region is
particularly sensitive to these spectral shifts, while the CH region has been shown to be far more
stable and spectrally consistent over a long time. In addition to spectral stability, CH region offers
a greater abundance of SRS signal thus affording higher SNR images. As such, we have chosen to

focus classification on the hyperspectral SRS images taken in the CH region.
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Average SRS Spectra of Thyrokd Tissue
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Figure 6.1. Hyperspectral SRS imaging of Dissociated Thyroid Tissue
Panel a normal thyroid cells imaged in the ~1000 cm™ spectral regime. Panel b shows
cancerous thyroid cells imaged in the same ~1000 cm™ spectral regime. The fingerprint plots of
normal vs tumor cells for this particular case are shown in panels ¢ and d. Panel e and Panel f show
the CH region SRS images of the same fields of view as in panels a and b. Panel G shows the

average CH SRS spectrum across all cases for both the cancer samples (red) and normal samples

(cyan).

The low sensitivity of the fingerprint regions is observed in Figure 6.1a and Figure 6.1b
where images appear grainy and noisy exhibiting lower SNR. Further, given the lower signal
levels, background becomes an important consideration especially in the SRS spectrum across the
cells seen in Figures 6.1c and 6.1d. While the tumor exhibits slightly stronger peaks at 1000 cm™
and 1650 cm™ as expected (relative to the background), normal spectrum is clearly influenced by
parasitic background signal likely from cross-phase modulation reducing the signal to background
ratio significantly. This lower SBR can also be seen in Figure 6.1a with the off cell areas also
exhibiting some signal. In contrast to these noisier images, the CH region images of the same fields
of view shown in Figures 6.1e and 6.1f exhibit distinct signal from the background and higher
SBR. Though previous work only examined the fingerprint regime, it is plausible that chemical

differences between normal and tumor cells would also be exhibited in the CH region due to
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differences in lipid and protein content within cells. Cancer cells might be expected to on average
contain fewer lipids and more proteins given the increased metabolic rate and anomalously high
growth rate. A slight trend in this direction is observed in Figure 6.1g, though across the
preponderance of cases statistical significance is not well established. Despite this there may still
be nonlinear trends between both the spectral and spatial information that could provide insight to

a classification model when deep learning is utilized.
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Figure 6.2. Machine Learning Classification based on SRS CH Spectra
Panel a shows the population of individual FOV’s plotted by the principle components
assigned from the spectra of each FOV. PLS-LDA is used to group the populations based on their
labeling as either normal or cancer cells. Panel b shows the confusion matrix for the classifier on

the test dataset with an overall accuracy of 76.9%, sensitivity of 75.0%, and specificity of 80.0%.

We first perform PCA on the spectra from the thyroid cases and build a discrimination
model based on PLS-DA as shown in Chapter 5. As shown in Figure 6.2a, the cancer and
noncancer cells are not particularly well separated in the principle component space, however a
classifier is still able to assign labels with an overall accuracy of 76.9% as seen in Figure 6.2b.

While better than the models based on the fingerprint spectra, it is still far below the expected
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accuracy with respect to previous work utilizing similar methods. It is possible here that the high
error is due to both spectral inconsistency amongst cases as well as noisy labeling. The latter is an
interesting concern given that a dissociated sample is taken to be either completely normal or
completely cancer across all its images which may contain hundreds of individual cells. It seems
mostly improbable that a tumor section would contain no healthy cells after a conservative
resection during the thyroidectomy. The normal tissue, however, is often taken far from the known
nodule of interest, and is more likely to contain only normal cells perhaps explaining the slightly
higher specificity here. Mislabeling of normal tissue is still a possibility, though, depending on the

progression of the thyroid cancer state.

6.3.2  Deep Learning Results on Hyperspectral SRS Images of Thyroid

In contrast to machine learning, we also trained deep learning models that were able to
utilize the spatial information of the hyperspectral images in addition to their chemical spectra.
Training a deep learning model across whole fields of view for all cases, reasonably high
accuracies are achieved for both classifying cancer vs not cancer and classifying the possible types
of cancer. Figure 6.2a shows an overall accuracy of 96.4% benign vs cancer prediction with
relatively balanced false positive (n = 3) and false negative (n = 2) for all available fields of view.
An accuracy of 92.1% is achieved for prediction across all classes with the most confusion coming
from over predicting the PTC class. This is expected given the relative imbalance of training data
strongly favoring PTC. In Figure 6.2b, the diagnostic prediction of cases is created by summing
the total predictive values from the individual fields of view. Here an accuracy of 100% is achieved
for benign vs cancer cases and an overall accuracy of 95.5% is observed across all possible

classifications. One important caveat here, however, is that these results include a mixture of
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testing and training data given the sparse number of cases of the rarer thyroid cancer types. This
consideration notwithstanding, we do observe similar error levels between the testing data (93%
accuracy by field of view) and training data (95% accuracy by field of view) with respect to benign
vs cancer prediction. We thus do not suspect the model of overfitting to the training data. We
expect for these data to become more statistically robust as we continue to acquire more thyroid

cancer cases aside from PTC diagnoses.
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Figure 6.3. Hyperspectral SRS imaging of Dissociated Thyroid Tissue
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Panel a shows the confusion matrix of ResNet-50 predicted classifications of thyroid samples

by field of view across all 7 possible classes. Benign vs Cancer accuracy: 96.4%. Overall

Accuracy: 92.1%. Panel b shows the confusion matrix of ResNet-50 predicted classifications by

patient case. This is achieved by summing the predictive values across each cases fields of view.

Benign vs Cancer accuracy: 100%. Overall Accuracy: 95.5%. These confusion matrixes include

predictions from both the training and testing datasets given the still limited number of total cases

and images. FTA: Follicular Thyroid Adenoma, FTC: Follicular Thyroid Carcinoma, HCC:

Hurthel Cell Carcinoma, MTC: Medullary Thyroid Carcinoma, NIFTP, Noninvasive Follicular
Thyroid with Paippilary features. PTC: Papillary Thyroid Carcinoma.

6.4 CONCLUSIONS AND FUTURE WORK

Here we showed a hyperspectral SRS microscopy-based method for analyzing FNA biopsy
like samples. In combination with the training of a deep learning algorithm that interprets both the
spectral and spatial information within the SRS images, promising diagnostic accuracies are
achieved. However, the current data is slightly imbalanced towards the most common type of
thyroid cancer, PTC. Future work will see the continued collection of cases with a focus on more
cases from the other types of thyroid cancer here explored. Another active area of work is training
and predicting based on individual cells from the collected fields of view which can often contain
20-50 cells each. This involves segmentation of cells from all the fields of view then slightly
modified training parameters to build a more statistically robust model. This is a promising end as
it highlights the higher throughput potential of SRS microscopy in comparison to the previously
demonstrated spontaneous Raman microscopy-based predictions. In all we expect this work to
show a valuable tool towards translational diagnosis of thyroid cancer from minimally invasive

FNA samples.
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Chapter 7. CONCLUSIONS AND FUTURE DIRECTIONS

In all, this work has strived to present SRS microscopy as a valuable tool for biophotonics
when used in combination with modern deep learning techniques. Specifically, we have shown
how deep learning and augment the technical shortcomings of SRS microscopy. For example, in
our denoising work[27] we show significant restoration of signal features from near limit levels
which may unlock avenues of lower power SRS imaging, or advanced imaging arrangements such
as a potential light-sheet SRS modality (where signal might expected to be lower due to the looser
focusing of the pump and Stokes beams). We also show that our deep learning algorithms have
practical value in extending the imaging depth limit of SRS microscopy where signal deep into
tissue is limited by scatter, lowering the effective power at focus. These technical advancements
through deep learning can also facilitate faster scanning methods where the inherent trade off is
signal to noise ratio as shorter and shorter effective averaging of lock-in signal at each pixel is
necessary. Though recovery of spatial features is shown here, we also expect a similar arrangement
is feasible for recovery of spectral features given recent publications towards this end [127,181].
Though technically difficult to achieve, multiple coaligned beam lines would be necessary, one
could imagine training femtosecond-pulse low spectral resolution images to predict picosecond-
pulse high spectral resolution hyperspectral stacks. However, it is unclear how generalizable such
a prediction model would be. For example, anecdotal experiments we have performed with the
similar goal of spectral-denoising in the fingerprint region for drug-dosed cells suggest a loss of
quantitative information after deep learning prediction. Prediction of cells dosed with drugs

containing different molecular peaks were also finally predicted towards the trained drug, an
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obviously undesirable feature . Further validating that deep learning predicted hyperspectral stacks
reflect real observed concentration values is currently somewhat dubious. Indeed, though SRS is
inherently quantitative in its signal measurement, quantification of molecules in SRS images is
complicated and often tacitly implied despite insufficient validation [66]. Future work in this
direction would likely need an orthogonal modality to provide a sensitive and validated
concentration value with minimally cellular specificity. Quantitative mass spectrometry imaging
or microfluidic assays with integrated SRS imaging may be necessary to achieve this attractive
goal.

We have also shown how deep learning is valuable to enhance the analysis of the
information-rich, yet complex hyperspectral images attained in SRS microcopy. Through the
development of novel deep learning architectures (the UwU-Net and the modified hyperspectral
ResNet) we have shown that superior segmentation, label-free prediction, and classification can
be achieved even across other types of hyperspectral image datasets. While such architectures are
endlessly modifiable and tunable to empirically fit a given computer vision task for hyperspectral
images, we expect their value to be demonstrated in line with the canonical long-term goals of
SRS: translational medicine and label-free study of fundamental biology. Towards these goals, we
have shown how SRS imaging may benefit the diagnosis of thyroid cancers at the early diagnostic
stage. We have also shown promising results as a method for label-free classification of T cell
differentiations with active work towards reproducing such classifications on in situ images of T
cells in tissue. We expect this area of research with SRS microscopy to further proliferate as deep
learning methods and improved computing hardware become more and more democratized.

Finally, we are particularly excited by the long term possibilities of deep learning with

label-free SRS microscopy integrated with alternate biological assays. Recently, there has been
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strong interest in combining these two data spaces to achieve a wholistic picture of biological
systems and molecular biology processes down to the cellular and subcellular specificity. Recent
advancements of these orthogonal tools have been in parallel, with deep learning on so-called
multi-omics type data showing exquisite promise and understanding the landscapes of molecular,
genetic, and epigenetic variance in cell populations. Only recently, has attention turned towards
the integration of biophotonics data with multi-omics data with works like OpenCell[182] or
Raman2RNA[183]. The latter appears to be a particularly relevant advancement in the context of
the work presented in this document, where spectral information from spontaneous Raman images
is used to predict RNA-sequencing data with positive results. Though we note such work is still
inchoate, utilizing only Raman information from cell nuclei (which is admittedly dubious given
the unclear chemical information being mapped to a nucleotide sequence) and not using the spatial
information of the Raman images, it is a promising first step in the next generation of deep learning
in biophotonics.

Indeed, it is not difficult to imagine in the near future a harmonized artificial intelligence
platform (as diagrammatically depicted in Figure 7.1) based on deep learning that can take as input
any combination of label-free imaging data, omics-data, and potential perturbative elements (such
drugs or transcription factors) and predict things like cell classification, therapeutic response,
differentiation fate, cell “age”, or tissue origin location. Such a platform would be a powerful tool
towards the study of biological processes, development of drugs, and development of new

therapeutic methods.
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Figure 7.1. An Al platform for Biological Breakthroughs via Integration of Biophotonics and

Sequencing Assays.

Overall, my contributions to this potential future platform have been established in the

work of this doctoral dissertation. Through the development of deep learning’s capabilities towards

addressing technical shortcomings and enhancing the analysis of our chemical microscopy | have

acquired a scientific training that has readied me for a continued career in pursuit of the

advancement of biological knowledge at the interface of biophotonics and modern computing

methods.
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APPENDIX A

This Appendix contains additional figures for:

Chapter 2: Deep learning Denoising of SRS Microscopy Images

40 60 80
Distance (um)

Figure A.A.1. Image of HeLa Cells Shown in Figure 2.2 Denoised using PURE-LET
While cells are slightly denoised and separated from the background, the variance of the pixel

values remains largely the same, and spatial features are significantly blurred together.

Eg. (A.A.1) shows how PSNR is calculated where r and t are the reference (truth) and
tested (denoised) image respectively, (X,y) is a given pixel coordinate in an ny X ny image, and R is

the maximum value of the tested image. Images that contain more noise will have lower PSNR

values.
RZ
PSNR = 10 log,, (Zr,t[r(x,y)—t(x,y)]z ; ) (AA1)
Ny *Ny,
1 vy 2
RMSE =J—-ZZ[r(x, y)—t(x,y)]
Ny "% (AA2)
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Eq. (A.A.2) shows how RMSE is calculated. The RMSE is a value that expresses the accuracy of

a given denoising method based on a calculation of error at each pixel coordinate between the two
images. RMSE values closer to 0 indicate a more accurate denoising. Note that PSNR implicitly

utilizes the RMSE squared or mean square error.

N, 1ny -1

22 [reey-r [ty -]
J”*;”g[dx, y)-F]ZJ"gl”il[t(x, p-i]

o o (A.A3)

Eq. (A.A.3) shows how CC (also known as the Pearson correlation coefficient) is calculated where

r and t are the average pixel value for the reference (truth) and test (denoised) image respectively.
The CC is a measure of the covariance between the reference and test image divided by the product
of the standard deviations of the respective images. Here, if features are localized with one another
between two images the CC trends towards 1. Noise in the test image results in CC values closer

to 0.
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APPENDIX B

This Appendix contains additional figures for:

Chapter 3: Extending the Imaging Depth Limit of SRS Microscopy

210 pm B ’ ' ' —1

Signal (Arb.)

0 50 100 150 200 250
Distance (um)

Figure A.B.1. Raw SRS Image of Murine Brain at 210 pm Deep
(A) Raw image collected at 210 um deep in the murine cortex. (B) Line plot of area depicted by
dashed line in panel A. Background used in SBR calculation collected from area encompassed by

red square.

50 160 150 260 250
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Figure A.B. 2. Deep Learning Denoised SRS Image of Murine Brain at 210 pum Deep
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(A) Raw image collected at 210 um deep in the murine cortex. (B) Line plot of area depicted by
dashed line in panel A. Background used in SBR calculation collected from area encompassed by

red square.
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APPENDIX C

This Appendix contains additional figures for:
Chapter 4: The U-within-U-Net A Versatile Deep Learning Architecture for Classification

and Label-Free Prediction of Hyperspectral Images

Table A.C.1. False Pixels Counts and Intersection Over Union in the UwU-Net (17-U) Indian

Pines Model
False Negative

Classification Label False Positive Pixels Pixels [0]V)
Alfalfa 1 8 0.836
Corn (No Till) 65 231 0.803
Corn (Min Till) 19 149 0.806
Corn 11 35 0.812
Grass (Pasture) 6 101 0.787
Grass (Trees) 9 32 0.948
Grass (Mowed Pasture) 3 2 0.828
Hay (Windrowed) 13 6 0.962
Oats 0 4 0.800
Soybeans (No Till) 59 112 0.834
Soybeans (Min Till) 210 103 0.883
Soybeans (Clean Till) 80 79 0.769
Wheat 4 10 0.935
Woods 75 96 0.875
Buildings 9 161 0.753
Stone-Steel Tower 6 13 0.812

Overall 570 1142 0.840
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(B)

(C). (D) (E).

Figure A.C. 1. Representative Predictions from Facile U-Net for Hyperspectral Images

Panel a shows the Grass (Mowed Pasture) Indian Pines classification prediction with no
thresholding. Panel b shows the prediction of Ipratropium from the MSI dataset. Panel ¢ shows
prediction of nuclear fluorescence from SRS images with contrast values set to mimic the images
shown in Figure 4.3. Panel d shows the same image as Panel ¢ with higher contrast to demonstrate
the U-Net’s inability to remove non-nucleus features. Panel e shows the UwU-Net prediction from

Figure 4.3a with high contrast demonstrating superior non-nuclear feature removal.

(B). (C).

Figure A.C. 2. Fluorescence Predictions from the Modified U-Net with with ResNet Blocks

Panel a shows nucleus fluorescence prediction. Panel b shows mitochondrial prediction. Panel c

shows endoplasmic reticulum prediction. All truth fields of view are the same as in Figure 4.3.
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Table A.C. 2. Quality Metrics for Res-U-Net

Organelle Model PCC NRMSE FSIM
Nucleus 0.74 £0.04 0.379 £ 0.016 0.76 £ 0.05
Mitochondria 0.75+0.15 0.172 £ 0.053 0.77 £ 0.06
Endoplasmic Reticulum 0.72+£0.13 0.112 £ 0.023 0.78 £ 0.03

PCC, NRMSE, and FSIM values for the Res-U-Net trained as in Extended Data Figure 2. The
number of images for used for each calculation is the same as in Table 4.3. Uncertainty refers to

standard deviation.

Input SRS Truth Fluorescence Predicted Fluorescence

Figure A.C. 3. Predicted Organelle fluorescence using traditional U-Net
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Panel a shows prediction of nucleus fluorescence. Panel b shows prediction of mitochondrial
fluorescence. Panel ¢ shows prediction of endoplasmic reticulum fluorescence. We note the
improper inclusion of lipid droplets in the mitochondria model and off nucleoli in both the
mitochondria and endoplasmic reticulum models. The comparison between lipid droplets and

mitochondria is further depicted in Figure A.C.4.

Table A.C. 3. Quality Metrics for Traditional U-Net Fluorescence Prediction

Organelle Model PCC
Nucleus 0.84 £ 0.05
Mitochondria 0.81 £0.05

Endoplasmic Reticulum 0.93+0.03
PCC metrics for the organelle fluorescence prediction models trained with a traditional U-Net

using a single SRS image. While still highly correlated, we note the errant prediction of spurious
features in Figures A.C.3 and A.C.4.

Input SRS Truth Fluorescence Predicted Fluorescence

Figure A.C. 4. Comparison of mitochondria prediction between UwU-Net and traditional U-
Net.
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Panel a shows a zoomed in field of view from Figure 1b where a UwU-Net is trained to predict
mitochondrial fluorescence from a hyperspectral SRS stack. The shown input SRS only
corresponds to the brightest image out of the 10-image hyperspectral stack. Normalized pixel
values are plotted below each image corresponding to the drawn dashed lines. In the SRS image,
a strong lipid droplet is found at ~1.4 pum but is properly removed during prediction of the
mitochondria at ~1.8 um and ~3 um. Panel b shows a zoomed in field of view from Extended Data
Figure 3b where a traditional U-Net is trained to predict mitochondrial fluorescence from a single
SRS image. The normalized pixel value plots beneath each zoomed-in field of view show a marked
difference in how lipid droplets are handled. Here the lipid droplets at ~0.8 um and ~1.8 pm are

not removed during prediction.

Input SRS Truth Fluorescence Predicted Fluorescence

Figure A.C. 5. UwU-Net predicted fluorescence in live-cell SRS imaging.
Panel a shows prediction of nucleus fluorescence. Panel b shows prediction of mitochondrial

fluorescence. Panel ¢ shows prediction of endoplasmic reticulum fluorescence.
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Awards and Honors

SPIE Photonics Europe Grant

Martin P. Gouterman Endowed Award

SPIE Photonics West Presentation Award

National Science Foundation GRFP Honorable Mention
Lloyd and Florence West Fellowship

Excellence in Chemistry Graduate Fellowship

Early Bird Research Assistantship

Viola Scholarship in Nuclear Chemistry

Indiana University Chemistry Departmental Honors
Indiana University Chemistry Honor roll

Indiana University Founders Scholar

IU College of Arts & Sciences Executive Dean’s List
Phi Beta Kappa Honor Society Inductee

Robert & Marjorie Mann Research Scholarship

Forrest L Warner Chemistry Scholarship

Indiana University Academic Excellence Scholar

IU College of Arts & Science Direct Admission Scholar

126

March 2022

March 2021

February 2020

March 2018

September 2017
September 2017

July 2017

May 2017

May 2017

August 2013 — May 2017
August 2013 — May 2017
August 2013 — May 2017
December 2016

May 2016

May 2016

August 2013

August 2013

Additional Professional Experience

Music and Arts and SoundSync Studios — Redmond, WA
Cello Teacher

August 2017 — Present

» Maintained a studio of 10 students with ages ranging 12 to 50 years old
» Taught cello methodology and basic music theory to beginner through early advanced

students

» Performed with fellow music teachers to engage new students and community in music

Residential Programs and Services — Bloomington, IN
Resident Assistant

August 2014 — May 2017

» Fostered a diverse community of residents focusing on academic development leading to

significantly increased community GPA’s

* Created and maintained a residential community aligned with Indiana University’s model

of residential life

« Served the Indiana University and Bloomington community through didactic programing

IU All-Campus and UW Campus Philharmonic Orchestras
Principal Cellist
» Led the cello section during rehearsals and performances
« Conducted and taught sectional rehearsals for cellists

January 2015 — August 2019

* Collaborated with the director and other section leaders to standardize performance

elements



