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ABSTRACT

In conventional imaging, optimizing hardware is prioritized to enhance image quality
directly. Digital signal processing is viewed as supplementary. Computational imaging
intentionally distorts images through modulation schemes in illumination or sensing. Then
its reconstruction algorithms extract desired object information from raw data afterwards.
Co-designing hardware and algorithms reduces demands on hardware and achieves the same
or even better image quality. Algorithm design is at the heart of computational imaging, with
model-based inverse problem or data-driven deep learning methods as approaches. This
thesis presents research work from both perspectives, with a primary focus on the phase
retrieval issue in computational microscopy and the application of deep learning techniques

to address biomedical imaging challenges.

The first half of the thesis begins with Fourier ptychography, which was employed to
overcome chromatic aberration problems in multispectral imaging. Then, we proposed a
novel computational coherent imaging modality based on Kramers-Kronig relations, aiming
to replace Fourier ptychography as a non-iterative method. While this approach showed
promise, it lacks certain essential characteristics of the original Fourier ptychography. To
address this limitation, we introduced two additional algorithms to form a whole package
scheme. Through comprehensive evaluation, we demonstrated that the combined scheme
outperforms Fourier ptychography in achieving high-resolution, large field-of-view,

aberration-free coherent imaging.

The second half of the thesis shifts focus to deep-learning-based methods. In one project, we
optimized the scanning strategy and image processing pipeline of an epifluorescence
microscope to address focus issues. Additionally, we leveraged deep-learning-based object
detection models to automate cell analysis tasks. In another project, we predicted the polarity
status of mouse embryos from bright field images using adapted deep learning models. These
findings highlight the capability of computational imaging to automate labor-intensive

processes, and even outperform humans in challenging tasks.
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Chapter 1

INTRODUCTION

Imaging refers to the visual representation or reproduction of an object's profile. This process
involves the formation of an image, which can be achieved using various materials and
methods. The concept of imaging has been around for a long time and has always been
important, even before it was formally introduced. In fact, the ability to see is a fundamental
process of imaging. Throughout the course of human evolution, our species has developed a
highly sophisticated imaging system in the form of our eyes. The human eye lens, for
example, is a flexible and tunable lens that enables us to see with remarkable clarity, while
the human retina is perhaps the most advanced camera sensor known to exist, capable of
capturing images with exceptional dynamic range [1]. Scientists and engineers have long
been fascinated by these mechanisms and have sought to replicate their functions through
the creation of artificial imaging systems [2]. Thanks to advances in lens design and
manufacturing, as well as the invention of digital camera sensors, it is now possible to
achieve high-quality imaging even with a small camera module integrated into our cell
phones. Furthermore, we have been able to extend our imaging capabilities beyond human

vision, allowing us to observe objects on scales ranging from atoms [3] to stars [4].

I
A

B

Sensing

Figure 1.1: Conventional imaging paradigm.

While imaging systems may have diverse structures and forms, they can be broken down
into four basic elements: illumination, sample, optical system, and sensor, as illustrated in
Figure 1.1. In the case of microscopic imaging, the illumination source may be a halogen
light, while the sample could be a pathology slide. A simple bright field microscope's optical

system comprises an objective lens and a tube lens, and the sensor could be a charge-coupled
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device (CCD) or complementary metal-oxide-semiconductor (CMOS) camera. The final

image is directly captured by the sensor device. To obtain high-quality images, all imaging
conditions must be optimized. For instance, the illumination intensity should be high enough
to ensure that the photon flux is sufficient to carry information about the sample. The optical
system's resolution must be high enough to resolve the fine details in the microscope slide
samples. Finally, the sensor should have a low noise level and high dynamic range to capture
high signal-to-noise ratio (SNR) and contrast images. Achieving these requirements
primarily depends on hardware system improvements. Optical engineers continuously
optimize objective lens designs to pursue a large numerical aperture (NA), resulting in high
optical resolution, without sacrificing field-of-view (FOV) [5]. Meanwhile, camera
engineers have been improving sensor designs by enlarging the frame, reducing pixel size,

and enhancing noise control [6].

As our demand for high-quality imaging continues to grow, conventional imaging paradigms
become no longer sufficient. Current hardware manufacturing technology cannot keep up
with our design specifications, and physical limits present additional obstacles. For instance,
the resolution of optical imaging systems, such as microscopes or telescopes, may be limited
by factors such as lens aberrations. Even if we eliminate aberrations through sophisticated
lens design, there is still a fundamental limit to the resolution of any optical system due to
the physics of wave diffraction. The diffraction-limited angular resolution of an instrument
is proportional to the observed wavelength of light and inversely proportional to the NA of
the imaging lens, as quantitatively described by the Abbe diffraction limit [7]. To surpass
this limit and achieve imaging beyond the Abbe diffraction limit, we can consider

challenging the current conventional imaging paradigm.

There is another prominent case in the coherent imaging domain. When the illumination
source is coherent, like a laser, the sample's absorption will modulate the light amplitude,
while its thickness and refractive index distribution will modulate the light field phase.
Although absorption contrast is often the main focus, phase profile can be highly informative,

especially in life science research [8]. Phase images of unstained living cells can reveal
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structures that are otherwise invisible. However, it is impossible to directly measure the

phase of the light wave field striking the sensor since the frequency of visible light far
exceeds the response rate of even state-of-the-art cameras. Therefore, recovering a phase
map from intensity measurements by camera sensors has become a topic of interest for
optical imaging scientists in recent decades. In addition, imaging non-line-of-sight objects or
in the wavelength range where commercial sensor arrays are still unattainable also requires

a rethinking of the conventional imaging framework.

L A% o
¥ 5

Sensing Reconstruction

Figure 1.2: Computational imaging paradigm.

All these scenarios drive the emergence of the notion of computational imaging illustrated in
Fig. 1.2. Notably, computational imaging involves an additional step between the sensor and
the final image: the algorithm. Unlike simple image de-noising or color image de-mosaicking
algorithms, computational imaging aims to co-design the sensing process and the
reconstruction algorithm to enable the optical coding of information from the sample of
interest, which is later decoded digitally. This approach reduces the requirements for
hardware design and leverages the power of computation to solve challenging imaging
problems. Mathematically, the hardware design can be viewed as a forward process, while
the computational algorithms address the inverse problem, which is a popular topic in applied
mathematics [9]. There are numerous mathematic tools available that can be utilized to solve

the inverse problem.

Based on the methods to solve the inverse problem, current computational imaging
techniques can be broadly categorized into two groups: model-based and data-driven

methods.
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Model-based methods require the mathematical depiction of the forward process [10]. If

the desired sample information is denoted as x and measurements are y, the forward process
can be expressed as
Ax) =y, (1.1)

where A4 represents the system function. It relies on the accurate physical modeling for each
imaging component. Ideally, we wish to find the inverse operator of 4 so that

x = A (y). (1.2)
However, it is often challenging due to the nonlinearity of 4. Moreover, the inverse problem
may not only be nonlinear but also ill-posed. For instance, a phase retrieval problem can have
multiple solutions that satisfy the same intensity measurement constraint, making it difficult
to determine the correct solution. Thus, it is more effective to reframe the problem as an
optimization one and incorporate the prior knowledge into the optimization framework as
follows,

argmin loss(A(x),y) + prior(x). (1.3)
X

Here, the loss function used in model-based computational imaging methods depends on the
specific algorithm design, while the prior knowledge is typically based on the characteristics
of the sample being imaged. To solve this, various optimization algorithms can be employed,
such as gradient descent. It iteratively updates the estimated image by descending along the
negative gradient of the total cost function. Other optimization algorithms, such as conjugate
gradient or stochastic gradient descent, can also be used depending on the specific problem
and available resources. Overall, the choice of loss function, prior knowledge, and
optimization algorithm plays a crucial role in the success of model-based computational
imaging, and researchers continue to explore and develop new techniques to improve the

accuracy and efficiency of this approach.

Model-based computational imaging methods offer several significant advantages. Firstly,
they harness the underlying physical models of light propagation and image formation to
reconstruct images with remarkable precision and fidelity. The entire reconstruction process
is transparent and comprehensible. Secondly, these methods can employ prior knowledge of

the scene or imaging system to enhance the reconstruction quality or reduce the required data
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for accurate reconstruction. For instance, by integrating prior information about the scene's

sparsity or structure, one can reconstruct high-quality images from a limited number of

measurements, thereby lowering the acquisition time and data storage demands.

The clarity offered by model-based methods can be a double-edged sword. While it can be a
boon, there are situations where constructing the physical model from x to y may be arduous
or even impossible. Moreover, determining the nonlinearity characteristics of each imaging
component or noise statistics during the imaging process may be unattainable. As a result,
the reconstruction using model-based optimization method could fail or be impractical to
implement [11]. To tackle this obstacle, data-driven computational imaging methods have

been proposed.

Data-driven computational imaging methods leverage machine learning, computer vision,
and other advanced algorithms to enhance image quality and extract valuable information
from images [12]. By exploiting the statistical properties of image data, these techniques can
enhance the entire imaging pipeline, from image acquisition and processing to analysis,
reducing both hardware demands and the need for human labor. For example, data-driven
computational imaging can enhance resolution, contrast, and SNR using algorithms that take
advantage of the underlying image data's statistical patterns. Furthermore, deep learning
models trained on labeled image datasets can be used for high-level image analysis tasks,

such as object recognition and image segmentation.

Unlike model-based computational imaging techniques that rely on analytical forward
models, data-driven computational imaging methods rely on large datasets of input-output
data pairs. Based on deep neural network models, these techniques learn the direct mapping
from the output y to the input x by leveraging the power of big data. The ability of deep neural
networks to approximate any function ensures that, with sufficient data and careful training,

the learned mapping from output to input data is both accurate and reliable.

Both model-based and data-driven computational imaging methods are highly versatile and

can be adapted to a wide range of imaging scenarios. Furthermore, hybrid models combining
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the benefits of both have been proposed recently [13]. These approaches have enormous

potential to revolutionize various fields, including medical imaging, remote sensing,

robotics, and autonomous vehicles.

The focus of this thesis is on computational imaging, and I will introduce my research in this
area. Based on the dichotomy discussed earlier, my projects can be divided into two groups.
Firstly, I will discuss two model-based computational imaging projects that focus on solving
the phase retrieval problem in coherent imaging. These two projects are consecutive work
and highly coherent to each other. Secondly, I will discuss two data-driven computational
imaging projects that utilize deep learning techniques to solve biomedical image analysis
problems. Despite both being based on deep learning, these two projects address distinct
challenges in biomedical imaging. Before formally introducing my research, I would like to

provide a brief overview of the basic background knowledge in each domain.

1.1 Coherent imaging theory
In this section, some important theoretical tools of coherent imaging are introduced for

convenience of later discussion.

Scalar diffraction theory

Scalar diffraction theory is the fundamental research tool in coherent imaging studies [7]. It
is used when the size of obstacles and optical elements in light propagation and
transformation is not close to the light wavelength scale, and the diffraction problem is not
studied near the diffraction plane. In this scenario, scalar diffraction theory treats the
diffracting wave as a scalar field, neglecting the vector nature of the electromagnetic wave.
Therefore, it does not explicitly consider the coupling between the electric and magnetic
fields described by Maxwell's equations. Only the scalar amplitude of one transverse
component of the light vector is considered, assuming that any other relevant component can
be treated independently. Under this theoretical framework, the physical process of wave

propagation can be exactly described by the angular spectrum model.
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When far fI'Ol’l’l the radiation sources or il’l source-free media Maxwell’s (¥} uations il’l a
9

three-dimensional infinite medium space can be formulated as
V.-E=0, V-B=0,
OB OE (1.4)

VXE =——, VxB=gu—;
ot ot

where £ is the electric field, B is the magnetic field, ¢ represents the permittivity of medium
space and u represents the permeability of medium space. If we take a curl of both sides of

equations on the second line in Eq. (1.4), we will have

1 O°E 1 0’°B
2 2
VE_C_Z 6;2 ZO,V B—C—Z?:()y (15)
2 2 2
1
where V? = — +—5+— isthe Laplace operator and ¢ =—— . They are wave equations.
ox~ oy~ oz \Eu

Without loss of generality, we can focus on the electric field £ only. Assuming the £ field is
time-harmonic, it can be expressed as E =U(x, y,z)exp(-i2zvt), where U(x, y,z)is the

complex amplitude at the space point (x, y, z). Substituting it to Eq. (1.5), we have

(V2 +k)U(x,y,2)=0, (1.6)
2rv . o . . 2
where k& =—— is the wave vector. The wavelength in this medium space will be A = -
C

Equation (1.6) is the Helmholtz equation.

Ulx,y,0) Ulx,v,2)

z=() 7=z

Figure 1.3: Wave propagation under scalar diffraction theory.
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Now, we can model the wave propagation. Starting from the simplest case, we assume the

wave propagates along z axis and from the plane z = 0 to another plane at z, as shown in Fig.

1.3. If the wave field on any plane at z is denoted as U(x, y,z) and its Fourier spectrum is

G.(f,.f,), we will have

Ur,y.2) = | G.(fo S expli2a(fox+ £, M df,. (1.7)

Substituting this to Eq. (1.6) and because any (x, y) should make Eq. (1.6) hold, we conclude
that

(V2 +I)G.(f,. [, expli2z(f.x+ f,1)]} = 0. (1.8)
Considering G_(f., fy) is only dependent on z,
0 0 0 d
ng(f.wfy) = EGz(fxafy) =0, a—ZGz(f,wfy) —EGz(fx,fy)- (1.9)
And we also have
2 expli2n( -+ £ )= @27, expliza(fox + £,
%exp[i27z(fxx+ SN =@2xf,)expli2z(fx+ f,»)], (1.10)
iexp[i27z(fxx +f.y)]=0.
Oz 7

Using Eq. (1.9) and Eq. (1.10), we can simplify Eq. (1.8) to

%sz,m{%w—(wz—mfyfj G.(f../,)=0. (L.11)

It can be seen that this is still a Helmholtz equation, with respect to G_(f., f}) . If the wave

field G,(f,,f,) at z = 0 is known, it is a particular solution to Eq. (1.11). Based on

differential equation theory, the general solution of Eq. (1.11) can be expressed as

Gz(fx,fy)=Go(ﬂ,ﬁ)exp[i27”z$—(w2—(ﬂfy)ﬂ. (1.12)

This equation shows that the propagation of a wave along the z-direction is equivalent to

multiplying the Fourier spectrum of wave field on the starting plane by a z-dependent phase
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delay factor. In the linear system theory, it says that the transfer function of free space

diffraction after the distance of zis H_(f,, f,) =exp [i%z\/l —(Af.) - (ﬂufy)2 } .

To further understand the physical picture, we can re-write Eq. (1.7) to

U(x,,2) =IZIZGZ(fx,ﬂ,)exp[i%(ﬂﬂx%—ﬂfyy)]dﬂdfy. (1.13)

It says that any wave field can be decomposed into a series of planar waves with amplitude

of

G. (fy,fy)dfvd]ﬂ and direction cosines of (lfx,ify,\/l —(Af.)* —=(Af,)?) - The infinite

integral limit indicates that the decomposed planar wave direction covers all possible
directions in space, as shown in Fig. 1.3. The analysis of a complex wave field has now been
replaced by the analysis of a series of plane waves with the same frequency but varying
propagation angles, which is commonly referred to as the angular spectrum method. From

Eq. (1.12), we can also see that the angular spectrum components when
1-(4 fx)2 -4 fy)2 < 0 will decrease exponentially with the increase of z. It only exists in a

very close proximity after the diffraction starting plane and is known as the evanescent wave.

Only the angular spectral component that satisfies 1—(4f.)* — (4 /, )> >0 or equivalently

1 : . .
fi+f2< = can reach the observation plane at z. Therefore, the diffraction of coherent

wave field in free space can be viewed as passing through an ideal low-pass filter of radius

1/A.

Fourier transform property of a lens

Using Fourier transform, Equation (1.12) can be written as

Ulx,y,2)=3" {S{U(x, y.0)}explikz - (21, - (21,7 }} (1.14)
where 3 is the Fourier transform operator. Expanding the root part of the phase factor of

exp[ikz\/l —(Af) - (4, )? J , We obtain
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JZGLY =G =13 22+ 4L A+ 4L (119)

When f: and f, are small enough, we can keep only the first two terms. Equation (1.14) will

be approximated as

U(x,y,2)=3" {S{U(x, y,0)}exp {ikz(l —%/12( fi+ ff)ﬂ}. (1.16)
k: k

Since the Fourier pair of exp{ikz(l—%iz (f? +fy2)ﬂ is WGXp{iz—(xz -I-yz)}, we
idz z

can rewrite Eq. (1.16) to the form of convolution in spatial domain as
U(x,y,z)zU(x,y,O)*Mexp ii(x2+y2) , (1.17)
ilz 2z

where * is the convolution operator. For conciseness, we denote U(x, y,z) as U_(x, y) and

the coordinates on the starting plane as (xo, o) to distinguish it from the ones on the receiving

plane. Thus Eq. (1.17) can be written as
exp(ikz) = = .k
UZ(X,)/)=LJ._ J._ Uo(x()ayo)exp{l_[(x_xo)z+(y_yo)2}}dxodyo~ (1.18)
idz  Sed 2z

This is the well-known Fresnel diffraction integral formula, which was derived by the French
scholar Fresnel prior to the establishment of Maxwell's equations. It can be interpreted as the
Fresnel approximation of the angular spectrum diffraction formula. We can further expand
Eq. (1.18) to

2 2
exp(ikz .k © g\ o) e
B O T N

(1.19)

X exp [—ik (£x0 +2 Yo ﬂ dx,dy,.
z z

If the propagation distance z is large enough compared to the aperture size on the (xo, )0)

X2 + 2
plane, the phase term exp {ik ( 0 T )] will be approximately one. We will have

z

.k © e
Uz(x:y)mexp[lz_(xz+yz)j|J‘_wJ._on(x09yo)exp{_lk(_xo+1y0]j|dx0dy0' (1.20)
z z z
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This is the well-known Fraunhofer diffraction equation. For a thin lens, its transmission

2 2
X, +
function under the paraxial approximation is #(x,, y,) = exp{ik (Oz—fyo)}, where fis its

focal length. If we put it just behind the starting plane and the receiving plane is set as the

2

X2
lens focal plane, the phase term exp{ik (Oz—yoq in Eq. (1.19) can be canceled by phase
z

modulation from lens. We will get
exp(ik; .k © po
U, () =22 ff ) exp{zg(xz +y2)} [ Usro)

. x y
X exp |:—127Z' [ﬁ X, + ﬁ Yo ﬂ dx,dy,.

(1.21)

It tells that the focal plane complex field distribution of a lens is a Fourier transform of the
input plane complex field distribution multiplied with a quadratic phase term and some

constant.

G/ 1) G 1) Frequency domain
S(x, ¥) Up(x4» Vo) Ufx,y) Spatial domain
L
d S

Figure 1.4: Fourier transform property of a lens. L, lens.

Now, we consider a more particular case, as shown in Fig. 1.4. The sample S (x, y) 18

placed before the lens with the distance of d. We can depict the propagation from the exit
plane after the sample to the front plane of lens with the Fresnel diffraction formula.
According to Eq. (1.16), we can have the following expression in the spatial frequency

domain,
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Gy(fir 1)) =Gs(ﬁc,fy)exp{ikd£1—%/12(ff +fj)ﬂ. (1.22)

Then, from the front plane of lens to the receiving plane, we directly apply Eq. (1.21). Based

on the definition of Fourier transform, it can also be written as

exp(zkf )
irf

Substituting Eq. (1.22) to Eq. (1.23), we have

expkf) [k > o], x »
~ar exp{zzf(x +y>_Gs<lf,ﬂf)

) ) (1.24)
2 Y

Simplifying it, we can arrive at

xp{ 37 G)(——, =), (1.23)

U,(x,y)= YT,

Uf(x,y) =

k d
Uf<x,y>=exp[lig+ )]exp{%(xz+y2><1—%>}@<%,%>. (1.25)
If d =, it becomes
exp(z2kf) x y
U= =G (1.26)

If we ignore the constant factor, U / (x,p) is exactly the Fourier transform of S (X, y) . To

conclude, a lens can connect its front and back focal plane with an optical Fourier transform.

Input Fourier Output
plane L, plane L, plane

N N I /2 /2

Figure 1.5: 4f'system. L, lens.

4f system and pupil function
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In this thesis, we focus more on the Fourier transform property of a lens rather than its

imaging capability. A 4f optical system is an architecture based on Fourier optics, depicted
in Fig. 1.5. It consists of two lenses. The input plane is positioned one focal length in front
of Lens 1, while the output plane is placed one focal length after Lens 2. The distance
between Lens 1 and Lens 2 is equal to the sum of their focal lengths. The Fourier plane,
which corresponds to Fourier transform of the input plane wave front, is situated one focal
length behind Lens 1 or equivalently one focal length in front of Lens 2. The magnification
of the entire system is determined to be -f2/fi1. If the two lenses have the same focal length,
an identical relay with a magnification of -1 can be achieved. For this kind of system, it is

easy to apply frequency domain modulation.

If we further put an aperture step on the Fourier plane as shown in Fig. 1.5, the 4f imaging
system could become double-telecentric [14]. This type of system is highly accurate, as the
magnification and FOV remains completely unchanged by any shifts in the object position
or the sensor position. Double-telecentric lenses offer the advantages of both object and
image space telecentricity, making them a popular choice in modern microscope design. In
reality, the microscope objectives often comprise multiple lens elements. The 4f system is
just a simplified physical model for it. The aperture stop on the Fourier plane, also called
pupil, makes the whole system a low-pass filter. Its size is indicated by the nominal NA of

objective. In the following discussion, the 4f system model will be intensively used.

In the coherent imaging framework, the optical imaging system can be viewed as a linear
system. The coherent transfer function (CTF), also known as the pupil function, describes
the impact of an optical imaging system on a light wave in the frequency domain. It is a
complex function of the position within the pupil that indicates the relative changes in
amplitude and phase of the light wave. Its phase captures all optical aberrations that occur
between the sample plane and the image plane. Its amplitude could be different at different
positions within the pupil, sometimes deliberately for the purpose of apodization. The

support of the pupil function is typically circular with the radius determined by the objective



26
NA. Any imperfections in the optics can directly affect the pupil function, making it a

critical tool for analyzing the performance of the optical imaging system.

If the input is a point source, the resulting wave front at the output plane is the Fourier
transform of the pupil function. This wave front is referred to as the point spread function
(PSF) of the optical imaging system. Therefore, any aberrations present in the system will be

manifested in the PSF.

Aberration and Zernike decomposition

Aberration refers to the deviation of an optical system's performance from the idealized
performance of its intended design. This deviation can cause the resulting image to be
distorted or blurred. Aberration analysis can be conducted using either geometrical optics or

wave optics techniques [15].

There are two types of aberrations: monochromatic and chromatic. Monochromatic
aberrations arise due to the geometry of the lens or mirror and can occur when light is either
refracted or reflected. They manifest even when monochromatic light is utilized, hence their
name. On the other hand, chromatic aberrations arise due to dispersion, which is the variation
of a lens's refractive index with wavelength. Because of this dispersion, light of varying
wavelengths converges at different points, leading to chromatic aberration. This type of

aberration is not observed when monochromatic light is used.

We will focus on monochromatic aberrations, as chromatic aberrations can be analyzed by
wavelength using the same approach. The most common types of monochromatic aberrations
include defocus, spherical aberration, coma, astigmatism, field curvature, and image
distortion. Optical aberrations can be reflected in the phase of the pupil function, as
introduced in the last section. Zernike polynomials can mathematically model circular wave
front profiles of the pupil function associated with aberrations. These polynomials,
developed by Frits Zernike in the 1930s, are orthogonal over a circle of unit radius. Using
Zernike polynomials, a complex, aberrated wave front profile can be fitted to generate a set

of fitting coefficients that represent different types of aberrations. These Zernike coefficients
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are linearly independent, allowing for individual aberration contributions to be isolated

and quantified separately.

0
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i 0
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Figure 1.6: Zernike mode pyramid.

There are even and odd Zernike polynomials. The even Zernike polynomials are defined as

Z"(p.¢) =R (p)cos(mp). (1.27)
The odd Zernike polynomials are defined as
Z," (p.p)=R}(p)sin(mp), (1.28)

where m and n are nonnegative integers with n > m, p is the normalized radial distance and

¢ is the azimuthal angle in radians. The radial polynomials R" have no azimuthal dependence

and are defined as
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N S ) N (e
R"(p)= P (1.29)
(v) ;k!(n;m—kj!(n;m—kj!

for an even number of n - m, while it is 0 for an odd number of n - m. A special value is

R" (1) =1. We visualize the phase profile of each Zernike mode in Fig. 1.6. It is noteworthy

that aberrations within the FOV of a microscope objective varies spatially.

1.2 Deep-learning-based computer vision tasks

Computer vision is a specialized field of computer science that aims to teach computers to
identify and comprehend objects and people in images and videos. Similar to other forms of
artificial intelligence (AI), computer vision seeks to automate tasks that replicate human

capabilities.

Conventional computer vision techniques require hand-crafted features like edges or corners
to detect objects or patterns in an image. This is followed by classification or recognition
using traditional machine learning techniques such as decision tree [16] or support vector
machine (SVM) [17]. Sometimes it also requires knowledge of imaging principles. In
contrast, deep learning-based computer vision [18] relies on artificial neural networks to
learn features directly from the data, without explicit feature extraction. This approach
involves using deep neural networks, which are trained on large datasets to recognize
complex patterns in images. The network architecture usually comprises multiple layers of

interconnected neurons, with each layer learning increasingly complex features.

As large benchmark datasets with annotation become open-source and computer resources
based on graphics processing unit (GPU) become cheaper, deep learning-based approaches
have become the dominant method for achieving state-of-the-art performance on a wide
range of image recognition tasks. Deep learning-based computer vision has been shown to
outperform conventional computer vision in many applications, particularly in tasks that

require a high degree of accuracy and robustness, such as image classification, object
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detection, and segmentation. However, in cases with limited data or resources,

conventional computer vision techniques still have their advantages.

Different computer vision tasks

Current mainstream computer vision tasks can be divided into two categories: discriminative
and generative tasks. In a discriminative task, the goal is to predict a class label from input
data by learning the decision boundary that separates different classes, which can be highly
nonlinear and exist in high-dimensional space. On the other hand, a generative task aims to
model the joint distribution of input data and labels and utilize it to generate new samples.
Figure 1.7 provides an overview of the most common computer vision tasks where deep
learning has achieved remarkable performance. However, in this thesis, we exclusively focus
on discriminative tasks as, for biomedical applications, the possible hallucination in

generative tasks is generally not acceptable.

Discriminative tasks Generative tasks

Object Recognition

\ | Image Generation
Image . A
Classification Object Localization
Image-to-Image
Translation
. . 3
Object Detection
Style Transfer
Object
Segmentation
/\ \| Image Inpainting
Semantic Instance
Segmentation Segmentation

Figure 1.7: Different computer vision tasks.

Image classification
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Image classification is a fundamental task in computer vision that involves assigning a

label to an input image based on its visual content [19]. Common techniques involve
recognizing patterns and features in images, such as shape, color, and texture, using feature
extraction methods or handcrafting. Then we can train a machine learning model, such as

boosted decision trees or SVM, to classify these features.

In the 2010s, the development of large visual databases like ImageNet [20] and the
availability of GPU computational resources led to the emergence of groundbreaking
models, starting with AlexNet [21]. This model revolutionized the image classification field
and inspired subsequent successful models, including the widely used ResNet [22].
Convolutional neural networks (CNNs) have become a new paradigm in computer vision
research, serving as the backbone not only for image classification but also for other tasks

such as object detection and segmentation.

In recent years, researchers have continued to refine and optimize deep learning techniques
for image classification, resulting in even higher accuracy rates and improved performance

on a wide range of image recognition tasks [19].

Object detection

Object detection is a vital computer vision task that aims to identify and locate objects within
images or videos and assign them to specific categories [23]. This task comprises two
fundamental processes: object localization and object classification, which are illustrated in
Fig. 1.7. Object localization entails identifying the object's position within the image,
typically using bounding boxes annotations. Meanwhile, object classification involves
assigning a label or category to the identified object. Deep learning models can perform both
tasks in either a cascade or simultaneous manner. The former is referred to as a two-stage
detector, such as the well-known Faster R-CNN [24], while the latter is known as a one-stage

detector, such as SSD [25].

Object detection is a challenging problem due to the wide range of variations in object

appearance, scale, pose, and occlusion, as well as the intricacies of real-world scenes. Despite
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these challenges, object detection is an essential task with numerous applications, such as

autonomous driving, robotics, and biomedical imaging [23]. Consequently, researchers have
been continuously improving deep learning detection models to tackle these challenges and

enhance the accuracy and efficiency of object detection.

1.3 Thesis outline

The remaining chapters of this thesis are structured as follows.

In Chapter 2, we introduce a computational imaging project based on Fourier ptychographic
microscopy (FPM). FPM is a powerful computational imaging technique that was developed
in our lab about a decade ago [26]. It can achieve high resolution, large FOV, phase retrieval,
and aberration correction simultaneously. In this project, we use FPM's phase retrieval and
pixel super-resolution abilities to address the issue of chromatic aberration in multispectral

imaging.

Moving on to Chapter 3, we propose a new complex field imaging method based on
Kramers-Kronig relations. By designing the pupil modulation method carefully, this method
utilizes the analyticity of measurement signals to provide closed-form solutions. Its non-
iterative reconstruction algorithm using as few as two measurements greatly reduces the

measurement time and optimization uncertainty of FPM.

Building upon the developments discussed in Chapter 3, we further enhance the proposed
method based on Kramers-Kronig relations by introducing two additional algorithms in
Chapter 4. Leveraging the valuable insight gained from the relative locations between
different spectrum components and the pupil function, we analytically correct aberrations
and extend the spectrum to higher frequency bands utilizing dark field images. The resulting
whole package scheme outperforms FPM with less raw data, higher reconstruction quality
and robustness to severe aberrations. It provides an advantageous high-resolution, large field-

of-view aberration-free coherent imaging modality.
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Starting from Chapter 5, we shift our focus to data-driven computational imaging tasks. In

this chapter, we showcase how co-designing a scanning scheme and an image processing
pipeline can solve the defocus issue caused by uneven surfaces of microfilters. Additionally,
we train a deep learning model on high-focus-quality images to automate the detection of
circulating tumor cells and cancer-associated fibroblasts captured by microfilters. Our model

demonstrates superior performance compared to the conventional computer vision method.

Finally, in Chapter 6, we tackle the challenging task of predicting the polarity phenomenon
in embryo development from bright field images. Previously, this phenomenon could only
be determined by fluorescence imaging techniques. We adapt deep learning models to
address this problem and prove that they outperform human volunteers. Our findings
demonstrate the potential of leveraging deep learning models to detect high-level patterns in

image data, which are uninterpretable by human eyes, to solve seemingly impossible tasks.
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Chapter 2

COMPUTATIONAL ABERRATION CORRECTION OF VIS-NIR
MULTISPECTRAL MICROSCOPY BASED ON FOURIER
PTYCHOGRAPHY

This chapter is adapted from the manuscript, C. Shen, A. C. S. Chan, J. Chung, D. E.
Williams, A. Hajimiri, and C. Yang, “Computational aberration correction of VIS-NIR
multispectral imaging microscopy based on Fourier ptychography,” Optics Express 27(18):
24923-24937 (2019). DOI: 10.1364/0OE.27.024923

Due to the chromatic dispersion properties inherent in all optical materials, even the best-
designed multispectral objective will exhibit residual chromatic aberration. In this chapter,
we demonstrate a computational multispectral microscope based on the Fourier
ptychographic microscopy (FPM) to correct these effects in order to render undistorted, in-
focus images. The microscope consists of four spectral channels ranging from 405 nm to
1552 nm. After the computational aberration correction, it can achieve isotropic resolution
enhancement as verified with the Siemens star sample. We imaged a flip-chip to show the
promise of our system to conduct fault detection on silicon chips. This computational
approach provides a cost-efficient strategy for high quality multispectral imaging over a

broad spectral range.

2.1 Introduction

Multispectral microscopy, as a powerful method to obtain wide spectral images of a sample,
has been applied to various research and industrial fields, from ore mineral inspection [27]
and pharmaceutical composition determination [28] to biological tissue analysis [29].
Especially, with the wavelength extended to the near infrared (NIR) regime, the multispectral
imager can have even more capabilities, including food quality inspection and wafer and
solar cell production monitoring [30, 31]. Thus, multispectral microscope reaching to the

NIR regime can be a promising instrument for these scenarios.
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A multispectral microscope’s performance highly depends on the optical system design,

as aberrations are critical barriers for an optical system to achieve the ideal diffraction-limited
resolution. Particularly, when the illumination wavelength ranges over a wide spectrum, such
as from ultraviolet to NIR light, the chromatic aberration can become quite severe.
Conventionally, to achieve an optical system whose aberrations are well-corrected for a wide
spectrum, optical engineers need to put in much effort to combine multiple lenses of different
surface profiles or materials to compensate for the aberrations with the aid of optical design
software. Even if the final design meets the requirement, the manufacturing process can be
difficult and costly. It often entails a bulky setup [32]. Furthermore, due to the finite number

of optical surfaces, it will still suffer from residual aberrations to some extent [33].

As introduced in Chapter 1, the imperfect phase retardance of lenses that generates
aberrations can be represented by the pupil function, a phase-only function. Instead of
minimizing aberrations by the optical design, it is also viable to compensate for the phase
error afterwards, either via additional hardware components, like a spatial light modulator,
or by numerical post-processing. The key is to obtain the accurate wavefront. Its difficulty
lies in the fact that the light frequency goes far beyond the response rate of the existing state-
of-the-art detectors, unlike other waves such as acoustic waves whose wavefronts can be
directly measured in time by sufficiently fast detectors. Therefore, the phase information of
an optical wavefront can only be inferred from a detector’s intensity measurements. There
have been intensive research efforts around the optical wavefront sensing techniques. A
simple non-interferometric method is to utilize a Shack-Hartmann wavefront sensor [34, 35],
which comprises a set of micro-lenses placed in close proximity to an array detector. From
the local focal spot shifts, the phase distortion can be computed. Despite its simple principle,
a considerable setup modification is inevitable. Its spatial resolution is limited by the micro-

lens density, and thus the phase approximation is relatively rough.

Alternatively, the wavefront can be reconstructed from direct intensity measurements by the
image sensor. The reconstruction is performed by computational algorithms which can be

categorized into two groups. Non-iterative methods are based on the transport-of-intensity
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equation (TIE) [36—40]. It is a second-order elliptic partial differential equation that

quantitatively relates the longitudinal intensity variation with the transverse phase
distribution of the wavefront. However, this method cannot cope well with significant
amplitude modulations as they can cause singularity problems in numerical calculation. The
other group of computational wavefront measurement algorithms is categorized as the
iterative method, which utilizes the degrees of freedom in the optical system to introduce
phase diversity [41-43]. A set of seemingly distorted intensity patterns generated by phase
diversity is first recorded by a detector and then combined with an iterative algorithm into
the original wavefront’s complex function. There are different ways to introduce the phase
diversity. One simple way is by defocusing (i.e., axial scanning). Various algorithms for
phase retrieval from defocus diversity have been reported [44—47]. It is suitable for lens-free
on-chip setups to achieve high-throughput imaging [48, 49]. However, it is prone to
pixilation artifacts, as the optical resolution can easily exceed the detector’s pixel resolution.
Another iterative wavefront reconstruction method operates by laterally scanning the
wavefront over a thin sample. This method is termed ptychography [50-52], and it works by
shifting an illumination probe over the sample with the coverage at each scanning position
overlapping one another so that a highly redundant diffraction pattern dataset is captured.
The overlapping region functions much like an interferogram during the iterative
reconstruction procedure of the complex functions of both the sample and the probe, which
guarantees the convergence of the non-convex phase retrieval computation. Afterwards, its

Fourier-domain counterpart, Fourier ptychographic microscopy (FPM), was proposed [26].

FPM is based on the principle that the objective lens’s pupil function can act as the probe
that scans across the sample’s Fourier spectrum under plane-wave illuminations of varied
angles. Combined with a simple LED array to realize the spectrum scanning, it can access
wider spatial-frequency band of the sample and thus enhance the imaging resolution by
aperture synthesis with phase retrieval. Due to its simple setup and robust performance, it
has attracted great interest from researchers, spurring theoretical and experimental
achievements ranging from better optimization algorithms [53, 54], system error calibration

[55], and noise suppression [56, 57], to three-dimensional imaging [58, 59]. Furthermore, a
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variant of FPM, termed aperture-scanning FPM, was demonstrated to directly scan a

physical aperture over the Fourier plane [60, 61], similar to the coded aperture method [62].
It can be easily realized for both transmissive and reflective imaging, and it is fit for
applications where the sample-objective distance is not adjustable, such as wafer inspection
[61] and retinal imaging [33]. In addition, without the varied-angle illumination requirement,

the thin-sample assumption of the original FPM is circumvented [60].

Applying the aperture-scanning FPM to optical aberration removal has been previously
explored in [63] which demonstrates simultaneous optimization of the pupil function
estimate and the sample spectrum estimate via the simulated annealing algorithm. Unlike the
simultaneous optimization algorithm proposed for angular-diversity FPM [53], this method
was shown to be quite sensitive to input parameters and sample as it does not have the
advantage of redundant pupil function information scanning across the sample spectrum.
Moreover, its optimization computation workload is significantly great due to the high non-
convex property of its formulation, which is unacceptable when calibrating the spatially

varying aberration over a wide field-of-view (FOV), let alone for multiple wavelengths.

In this chapter, we report a multispectral microscope based on aperture-scanning FPM that
is applicable to general imaging scenarios. With its ability to reconstruct complex wavefront
functions, it removes aberrations present in the optical system in post-processing to recover
sharp, in-focus images. To overcome the limited resolution of the array detectors for both
visible and NIR wavelengths, we first use aperture-scanning FPM to synthesize pixel-super-
resolution complex fields of a sample [61] over 4 illumination wavelengths (405 nm, 532
nm, 638 nm, and 1552 nm). Pixel super-resolution is especially critical for NIR wavelengths
as the existing short-wave infrared (SWIR) cameras are all made of Indium Gallium Arsenide
(InGaAs), whose noise control is much more difficult than the mainstream visible light (VIS)
cameras based on silicon. Its pixel size is thus bigger (around 10-15 um) to achieve sufficient
signal-to-noise ratio (SNR). As such, it can easily violate the Nyquist sampling requirement
of the objective lens in the microscope. Then with the pixel-super-resolved complex fields at

hand, multiple defocused complex field slices can be generated and fed into the defocus-
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diversity-based aberration reconstruction method proposed by [64] to account for the

spatially varying aberrations.

2.2 Experimental setup

Our multispectral microscope system consists of the illumination path and the detection path,
as shown in Fig. 2.1 (a). To obtain the multispectral information, 4 laser diodes with different
wavelengths ranging from 405 nm to 1552 nm are coupled into a multi-mode fiber
(FT200EMT-CUSTOM Thorlabs, 0.39 NA, €200 um, FC/PC, 5m), which is jittered by a
vibrating motor to wash out the speckle in the output. The diodes are sequentially powered
by a programmable microcontroller (Arduino UNO) during the image capturing process.
Depending on the sample to be imaged, transmission or reflection illumination mode is
selected. In the detection part, the VIS and NIR imaging paths share the same objective (10X
Mitutoyo Plan Apo NIR Infinity Corrected Objective, 0.26 NA), 4f relay system and a
mechanical scanning aperture. The paths are separated by a 50:50 beam splitter. Each path
has a tube lens and a camera designed for the respective wavelengths. This dual-detection-
path design is necessary because it is hard to find a camera with such a wide spectral
response. The VIS camera (PROSILICA GX 6600) used for wavelengths ranging from 405
nm to 638 nm has 6576x4394 pixels with the pixel size of 5.5 pm. The magnification for
VIS imaging path is 10 so that the effective FOV in the object space is around 3.62 mmx2.42
mm. The NIR camera (WIDY SWIR 640U-S) used for 1552 nm has 640x512 pixels with
the pixel size of 15 pum. The magnification for NIR imaging path is intentionally set as 5x so
that the effective FOV in the object space is approximately 1.92 mmx1.54 mm. These two
cameras are first manually aligned to match their centers in the experimental setup, as shown
in Fig. 2.1 (¢), and then digitally registered in the signal processing step to rectify the slight
tilting and rotation between two camera sensors. Here, the different magnification factor
selected for NIR imaging path is the result of a tradeoff between FOV and the effective pixel
sampling rate, which will be discussed together with the scanning aperture size in the

following.
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Figure 2.1: Multispectral, aperture-scanning Fourier ptychographic microscope system
design. (a) The experimental setup schematic, switchable between transmission and
reflection illumination mode. (b) FPM scanning strategy, where the red dots and thick red
lines represent the scanning trajectory. The blue dotted circles represent the NA coverage of
each scanning aperture. (c) Spatial position of VIS and NIR camera FOVs on the sample
plane. For visualization, the VIS camera FOV is displayed in green and the NIR camera FOV
in transparent gray.

The key to the aperture-scanning FPM in our system is a physical iris with adjustable aperture
mounted on a 2D motorized translation stage. It is located at the relayed Fourier plane and

scanned in a spiral pattern, as shown in Fig. 2.1 (b), for each laser diode. Then, a set of sub-



39
aperture intensity images are acquired for each wavelength. The overlapping rate between

two adjacent aperture coverages is about 85%, satisfying the redundancy demand by the FPM
algorithm. The total number of images required to fully exploit the objective NA is 47. The
image sets will be fed into the reconstruction algorithm described in the following section.
In our experiment, the aperture radius is chosen to be 3 mm, equal to 0.15 NA in the system.
Thus, the effective pixel size in the object space should be less than 1.35 um (calculated at
405 nm) for the VIS imaging path and less than 5.17 um (calculated at 1552 nm) for the NIR
imaging path in order to meet the Nyquist sampling requirement. According to the setup, the
effective pixel size of the VIS camera is 0.55 pm under 10x magnification, meeting the
sampling requirement. For the NIR camera, a large FOV is desired without going under the
sampling limit. Thus 5% magnification is a balanced choice, where the effective pixel size is

3 um.

2.3 Aberration calibration and correction scheme

Aberration correction for the multispectral optics is a difficult task. Here, we first utilize FPM
to reconstruct the complex amplitude field and overcome the pixel sampling issue. Then, we
assume the FOV’s center region to be free from aberration and use it as the reference for
determining the spatially variant pupil functions across the FOV, as has been done in [64].
Finally, the pupil functions are decomposed into the eight Zernike modes to be used for

subsequent aberration-compensation procedures.

Dataflow pipeline of the aberration calibration and correction scheme is shown in Fig. 2.2.
Here, polystyrene microspheres (Polybead, Polysciences) are used as the standard sample for
calibration due to their following advantages. First, they have an isotropic shape and a
consistent diameter with a variety of choices in size. We choose microbeads of different sizes
for different wavelengths so that they can be treated as the quasi-point object for our optical
system and used for the following calibration. Second, they can be homogeneously
distributed across the full FOV and thereby avoid the mechanical movement of sample to
calibrate the spatially varying aberration. As we can observe from Fig. 2.2 (a), the

microsphere located at the peripheral region of FOV (denoted as off-axis bead) is distorted
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into an elliptical shape by the residual aberration, while the one in the central FOV

(denoted as on-axis bead) is circular.
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Figure 2.2: Dataflow pipeline of the aberration calibration and correction scheme. (a)
Aberration calibration algorithm pipeline based on the microbead sample. It consists of three
steps, FPM reconstruction, digital defocusing and Zernike mode fitting. (b) Aberration
correction algorithm pipeline. The pupil function at some specific spatial location is
compensated as its conjugate in the Fourier domain.

Shown in Fig. 2.2 (a), our aberration calibration algorithm pipeline can be divided into 3

steps. We assume that the following discussions are for a single wavelength.

(I) FPM reconstruction
The imaging process can be modeled as follows. The spatial coordinates on the sample
plane, the Fourier plane and the image plane are respectively denoted as (x,y), (u, v) and
(x1,v1). The exit wave out of the sample plane is described by a complex-valued function
o(x,y). Then, for a single wavelength Ao, the set of low-resolution raw images can be
written as

IiCey, y1) = [FTHF{o(x, )} - P v)}% k= 1,2,...,47,

where each k corresponds to a scanning position and P, (u,v) is the shifted aperture

2.1)

function at that location. The goal of FPM algorithm is to reconstruct the phase from the
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highly redundant dataset. First, a high-resolution spatial frequency guess O'(u, v) is

generated. Then the computational task is formulated as an optimization problem to
minimize the following cost function:

argmin Y37, [|[F~{0"(w, v) - P (w, v)}|?* = L (x1, y1) |%. (2.2)
Here, we adopt the sequential Gauss-Newton method to optimize it, taking the convergence
speed, noise robustness, and computational cost into account [54]. Since the FPM algorithm

has been discussed in detail in [54], it will not be elaborated on in this part.

(IT) Digital defocusing
After the complex amplitude functions of on-axis and off-axis beads are reconstructed, they
are digitally defocused to 10 different z-axis positions by the angular spectrum method [7].
If the reconstructed complex amplitude field is denoted as B(x,y), the set of 10 z-stack
images can be written as

I.(x,y) = |[F"Y{F{B(x,y)}  H.(u,v)}|%,t = 1,2,...,10. (2.3)

Here, the H,(u, v) is the free-space propagation kernel, which is

H,(u,v) = exp [ij—’:zﬂ/1 — (Mo)? — (on)Z] t=1,2,...,10. (2.4)

The defocusing distance interval z; — z;_;1s set as a constant linearly proportional to the
wavelength in order to produce the enough spatial variations among the intensity images

It(x,y). The set of z-stack intensity images I, s .(x,y) from the off-axis bead function

Bosr(x,y) will be used as the constraints in the following fitting step.

(IIT) Zernike mode fitting

Based on the assumption that the FOV’s center is minimally distorted and well corrected
by the objective lens’s manufacturer, it can be taken as the aberration-free region with the
diffraction-limited resolution performance. Therefore, the reconstructed on-axis bead
B, (x,y) can be taken as the aberration-free image of the bead. The differences between
this reference image and the aberrated bead image at other FOV locations in the Fourier
domain are attributed to the residual aberrations. Considering that the minimization in the
Fourier domain is sensitive to noise, we formulate the optimization problem in the spatial

domain. This is why the step (2) is needed to obtain the z stacks in the spatial domain.
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The aberration function can be decomposed into orthogonal Zernike modes Z]* (u, v),

each of which corresponds to a principle aberration basis [15]. In this chapter, we focus on
the top eight common and dominant Zernike modes, which are Z7? (tilt), Z7 (tilty), Z5 >
(astigmatismy), Z2 (astigmatismy), ZY (defocus), Z3! (coma), Zi (coma,), and Z2
(spherical aberration). For simplicity, we re-notate them as Z;(u,v),j =12...,8.
Consequently, a pupil function with a set of guessed Zernike coefficients is
P(u,v;wy,...,wg) = exp|i2n ¥5_, w;Z;(u, v)), (2.5)
where w; is the coefficient for each Zernike mode. Then we find the pupil function with

the Zernike mode coefficients that can minimize the following optimization argument:

argmin T3, ||F~H{F{Bon (6, Y)IP(, v; Wi, ..., we) - He(w, Y2 = Lopp e, )| (2.6)
Once the optimal solution is found, the pupil function at the FOV location (x, y) can be
subsequently used to computationally compensate for the aberrations, as shown in Fig. 2.2
(b). Here, since the aberration is spatially varying and wavelength-dependent, the process
above will be repeated for different locations in the whole FOV and for all four

wavelengths.

2.4 Calibration of multispectral spatially varying aberration

One fact implied in the account of last section is that the aberration is spatially varying. This
is more obvious for the low NA objective with a large FOV, such as the one used in our
multispectral microscope system. Thus, the Zernike mode coefficient w; is a function of the

spatial location (x,y) on the sample plane and the wavelength A, which can be written as

w;(x,y; A).

For a single fixed wavelength Ao, a series of discrete data points can be acquired for
w;(x,y; Ao) by repeating the calibration procedures in last section, as displayed by the blue
dots in Fig. 2.3 (10 = 532 nm). It has been reported that the spatial dependency of different
Zernike mode coefficients can be fitted with the polynomials of different orders [15]. Thus,
these discrete data points are fitted to 2D surface in Fig. 2.3 so that the local Zernike

coefficients for any spatial location in the FOV can be queried. From the magnitude of eight
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Zernike coefficient distributions, it can be seen that astigmatism is the dominant aberration

in the objective lens of our study.
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Figure 2.3: Spatial varying aberration of our multispectral microscope system when the
wavelength is 532 nm. (a)-(h) Zernike mode coefficients as function of the spatial coordinate
on the sample plane. Each blue-dot data point represents the calculated Zernike coefficient
weight from one off-axis bead. ~70 beads are identified over the entire FOV. These data
points are fitted to a 2D surface for each type of aberration.

The same aberration characterization procedures are repeated for each wavelength and the
spatial variance of their Zernike coefficients is summarized in Fig. 2.4 and Table 2.1.
Considering the tilt and defocus aberration modes are sample-dependent and can be
compensated by the digital refocusing on local tiles, they are not shown here. In the
remainder of this chapter, we only apply the reported three Seidel aberrations (astigmatism,
coma, and spherical aberration) to correct residual aberrations and it can be seen in the next

section that these Zernike terms are sufficient because of their dominance in the aberration

function.

Table 2.1: Fitted spherical aberration.
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Spherical aberration coefficient 0.0089 0.0104 0.0116 0.1148
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Figure 2.4: Spatial varying aberration of our multispectral microscope system for multiple
wavelengths. The NIR fitted surface result is based on the beads located in the NIR camera’s
FOV, shown by the dash-line box in (a). For comparison, it is extrapolated to the same size
as the VIS results. (a)-(d) Astigmatism and coma coefficients as function of the spatial
coordinate on the sample plane. Each color represents a single wavelength.

For explicit visualization and comparison among four wavelengths, the aberration
characterization results computed from the NIR camera’s FOV and VIS camera’s FOV are
registered and plotted together. The result under the NIR wavelength is further extrapolated
to the same size as the VIS ones to observe their varying trends. Since the spherical aberration
coefficient is constant for individual wavelength, they are displayed in Table 2.1 instead of
the contours in Fig. 2.4. From the contour plots, we can tell that the spatial dependence of
different Zernike mode coefficients has similar distribution for each wavelength. However,
the aberration is more severe for the NIR regime than for the VIS regime, as indicated by the

absolute values of all aberration coefficients. They increase the fastest under the wavelength

of 1552 nm when deviated from the FOV center.
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Figure 2.5: Demonstration of aberration calibration and correction. The Siemens star target
was randomly offset from the optical center for different wavelengths. Transmissive (a) and
reflective (b) reconstructions before and after correction are compared and the inset boxes
zoom in on the sample center to show the resolution enhancement. (c1)-(c4) draws the line
profile of a circle segment in the reflective reconstructions before and after correction.
2.5 Aberration correction for Siemens star imaging
After the spatially varying aberration for each wavelength is calibrated, a simple and direct
way to verify its correctness is to apply it for imaging of a standard sample, such as the
Siemens star suggested by [65]. In the experiment, the Siemens star target is randomly offset

from the optical axis for each wavelength and the transmissive and reflective image datasets

are acquired at the same location.

Following the correction scheme described in Section 2.3, reconstructions before and after
correction are presented in Figs. 2.5 (a)-2.5 (b). To observe the resolution enhancement, the
Siemens star’s center is enlarged and shown in the inset boxes. It can be clearly seen that the
aberrations at the arbitrary locations are well corrected under both transmission and reflection

illumination modes across all wavelengths.

To further quantify the resolution enhancement, the line profile of a circle section from the
reflective reconstructions under four wavelengths is drawn [66] and compared before and
after aberration correction in Figs. 2.5 (c1)-2.5 (c4). The interval between peaks and troughs
of Siemens star before correction is uneven. The intensity of some troughs is even higher
than that of the peaks and several peaks and troughs are totally invisible. After compensation,
the even space between peaks and troughs tells that the aberration-corrected contrast is
uniform at all orientations, which indicates an isotropic resolution improvement. This
verifies the efficacy of our aberration compensation method. Notably, the overall
reconstruction quality under 1552 nm is not comparable to the VIS results, as the NIR camera

has higher thermal noise.

2.6 Aberration correction for silicon chip imaging
A useful application of our multispectral microscope is for the silicon chip inspection. Here,

a flip-chip is utilized as our imaging sample. Flip-chip is a prevalent method to interconnect
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semiconductor devices to external circuitry with solder bumps that have been deposited

onto the chip pads, as shown in the schematic of Fig. 2.6 (a). The flip-chip we used has nine
metallic layers stacking above the silicon die with the thickness of around 305 pum. On top

of the metallic layers bonded are eleven micro-ball bumps.
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Figure 2.6: Schematic of the flip-chip and its frontside imaging. (a) Schematic of the flip-
chip and its micro-ball bump. (b) Multispectral frontside images of the flip-chip. (c)
Comparison between the visible and NIR images in three regions of interest (ROI) marked
by the yellow box in (b). (d) Enlargements of the same area from three visible-light channel
images, where the results before and after aberration correction are compared, together with
the local pupil function for each wavelength.

In failure analysis of silicon chips, nondestructive imaging is important to avoid disturbing
the functionality of integrated circuits (IC). High-resolution imaging techniques such as

transmission electron microscope (TEM) or scanning electron microscope (SEM) require the

transistors to be exposed destructively. Optical microscopy techniques may be used in the
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frontside imaging on the top metallic layers. However, for the bottom layers or in situations

where the flip-chip is bonded, optical imaging is not practical as silicon is opaque in the
visible spectrum [32]. Considering silicon's bandgap at 300 K is around 1.12 eV, the radiation
at wavelengths longer than 1.12 pm does not have enough energy to excite valence band
electrons into the conduction band. Thus, silicon is nearly transparent in the NIR regime. The
use of NIR backside imaging is common in the semiconductor failure analysis. Much effort
has been put in the resolution improvement, such as using solid immersion lenses [67] and
using a deformable mirror to compensate for aberrations [68]. We expect that the NIR
imaging results on silicon chip can be further enhanced with our cost-efficient digital

aberration correction method.

First, the frontside multispectral images are displayed in Fig. 2.6 (b). It can be seen that
different information can be obtained under different wavelengths. Remaining adhesive and
scratches are the clearest under 405 nm while the solder mask and the copper wires
respectively provide contrast under 532 nm and 638 nm. The image under 1552 nm is similar
to the one under 638 nm. The difference is more explicit in Fig. 2.6 (c), the zoom-in of three
regions marked in yellow boxes in Fig. 2.6 (b). Considering the resolution limit imposed by
the wavelength, it is preferable to image the frontside with the visible light. Furthermore, the
aberration for three visible channels is corrected. As shown in Fig. 2.6 (d), the width of metal
wires is not uniform due to aberrations before correction. After the aberration correction is
applied with the calibrated local pupil function, the wire width becomes consistent, indicating
the resolution is more isotropic. Another interesting observation from the local pupil
functions is that their patterns are similar to each other except from being rescaled by the
wavelength, which tells us that the spatial dependence of aberration has a similar pattern for

each wavelength, just as shown in Fig. 2.4.

As shown in Fig. 2.7 (a), the 1552 nm wavelength can penetrate the silicon substrate of 305
um thick while the 532 nm wavelength is totally blocked at the surface. Figure 2.7(cl)
displays the bond pad array and (c2) is the backside image of the inductor corresponding to
the ROI 2 in Fig. 2.6 (c).



1
a b ;
( ) ( ) “ = = =Before correction
= After correction
o 0.95 '1 1
532nm £ h
-~
= 70 g
=) ! \
=z085F \ v
2
F 0.8
Z \'
1552 nm 0.73
5 10 15 20 25
Distance (pum)

Up-sampled raw data After correction Pupil function

-

Figure 2.7: Backside imaging of the flip-chip. (a) Comparison between the backside raw
image under the wavelength of 532nm and 1552nm. (b) Line profiles through the periodic
structure in (c2) to highlight the aberration correction performance. (c1)-(c3) Comparison
between up-sampled raw image, FPM-reconstructed image before aberration compensation

and the image after compensation along with their local pupil function.

It is clear in Fig. 2.7 (c2) that the side-by-side copper wires of the inductor cannot be resolved
by the direct up-sampled raw data due to the pixel aliasing. Although the FPM reconstruction
can overcome the pixel sampling issue, the aberration still distorts the wire shape. Only after

the aberration correction, the wires can be well resolved, as shown by the line profiles in Fig.

49
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2.7 (b). This could be useful when diagnosing the faults, for example the short circuit, of

the IC. Without the aberration correction, it is difficult to resolve the integrity of the wires.

To sum up, our multispectral microscope can provide an informative inspection to the flip
chip. From the frontside imaging, the visible light can provide high-resolution multi-channel
images for top layers. From the backside imaging, the NIR light can penetrate the optically
opaque silicon wafer and see the structures beneath. For all the regimes, our aberration
correction scheme can overcome the aberration barrier, which is important as the microscale

details of chip can be easily distorted by the residual aberrations.

2.7 Summary

In this chapter, a scheme to calibrate and correct the aberrations of a multispectral microscope
system is reported. It is based on the aperture-scanning FPM, which can be easily integrated
into the traditional microscope system. With the pixel super-resolution ability of FPM [61],
it relaxes the sampling requirement for the detector. Thus, it is especially suitable for the NIR
imaging considering the current limitation in manufacturing detectors in the NIR regime.
Moreover, our multispectral microscope is based on computational aberration correction
which is much simpler in design and more cost-effective than other optical correction efforts.

Once calibrated, it can be applied for subsequent imaging without further calibrations.

To demonstrate the effectiveness of our scheme, we have built and tested a multispectral
microscope system with the operating wavelength ranging from 405 nm to 1552 nm. Due to
the large FOV of the objective, the aberration in the periphery region is severe. We first
calibrate the system with the standard polystyrene microspheres, and then the isotropic
resolution enhancement is demonstrated with the Siemens star. Finally, we have shown a
promising application to image the silicon-wafer flip-chip. Some IC details are only resolved
after the aberration correction. Our scheme could find applications in nondestructive fault
diagnosis of samples such as microelectromechanical systems (MEMS) devices, heavily

doped silicon samples, wafer bonding, and 3D chip stacks.
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Chapter 3

NON-INTERFEROMETRIC AND NON-ITERATIVE COMPLEX
OPTICAL WAVE-FIELD RECONSTRUCTION BASED ON KRAMERS-
KRONIG RELATIONS

This chapter is adapted from the manuscript, C. Shen, M. Liang, A. Pan, and C. Yang, “Non-
iterative complex wave-field reconstruction based on Kramers—Kronig relations,”” Photonics

Research 9(6): 1003-1012 (2021). DOI: 10.1364/PRJ.419886

In the previous chapter, FPM was shown to be an effective approach for complex wave-field
reconstruction. However, it does have some drawbacks. Firstly, it necessitates multiple
measurements, resulting in lengthy data acquisition times and large raw data volumes.
Secondly, its iterative reconstruction algorithm based on non-convex optimization can be
time-consuming. In light of these issues, we present a new non-iterative and non-
interferometric computational imaging technique in this chapter, called synthetic aperture
imaging based on Kramers-Kronig relations (KKSAI). Our proposed method enables the

reconstruction of complex wave-fields with greater efficiency.

By collecting images through a modified microscope system with pupil modulation
capability, we show that the phase and amplitude profile of the sample at pupil limited
resolution can be extracted from as few as two intensity images using Kramers-Kronig (KK)
relations. It is established that as long as each sub-aperture’s edge crosses the pupil center,
the collected raw images are mathematically analogous to off-axis holograms. This in turn
allows us to adapt a recently reported KK-relations-based phase recovery framework in off-
axis holography for use in KKSAI. KKSAI is non-iterative, free of parameter tuning, and
applicable to a wider range of samples. Simulation and experiment results have proved that
it has much lower computational burden and achieves the best reconstruction quality when

compared with two existing phase imaging methods.
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3.1 Introduction

Coherent optical field can be described as a 2D complex function under scalar diffraction
theory [7]. In most practical situations, we are not able to fully measure the entire complex
function, because optical detectors are only suited for detecting intensity but not the phase of
light. Yet phase image profiles are highly informative and useful in various applications,
particularly in life science research, where phase images of living unstained cells can reveal
cell structures that are otherwise invisible. To address this need, the optical imaging
community has actively worked on and developed methods to infer phase information from

purely intensity measurements over the past century or so.

To date, existing quantitative phase measurement methods can be generally categorized as
interferometric and non-interferometric methods. Digital holography [69—73], phase shifting
interferometry [74, 75], and optical coherence tomography [76, 77] belong in the former
group. Non-interferometric methods include iterative phase (diversity) retrieval [42, 47, 78],
(Fourier) ptychography [26, 50, 51, 79], transport of intensity equation [37, 39], and
quantitative differential phase contrast [80—82]. Non-interferometric methods are inherently
attractive, as they are generally simpler to implement and more robust to use. Quantitative
phase imaging modalities have found numerous applications in a range of fields, including
cellular mechanics, biophysics [83, 84], digital pathology [49, 85], X-ray crystallography
[86], and optical metrology [87].

In this chapter, we report a novel computational imaging method that is able to compute the
complex wave-field from purely intensity measurements. We name the method synthetic
aperture imaging based on Kramers-Kronig relations (KKSAI). This method is closely
related to pupil modulation Fourier ptychographic microscopy (FPM) [61], pupil modulation
quantitative differential phase contrast (DPC) microscopy [82], and digital holographic
microscopy [88-90]. However, it possesses certain advantages over all these existing
methods. Compared to pupil modulation FPM [61], KKSAI is non-iterative and does not
require data redundancy for operation. As such, KKSAI requires less raw data as well as

processing time, and hence has a significantly reduced processing burden and an improved
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speed advantage. In comparison to pupil modulation DPC [82], KKSAI can work with a

wider range of samples as it does not require samples to adhere to the weak sample
assumption (both the absorption and phase variations of the sample must be sufficiently
small) — a condition that pupil modulation DPC requires for operation. Compared to in-line
holography [88], KKSAI does not have a twin-image issue, as guaranteed by the bandlimited
signal analyticity. Compared to common-path off-axis holography [89], KKSAI’s space-
bandwidth product (SBP) can be notably higher by 3-4-fold.

This chapter is organized as follows: First, we present the experimental setup and data
acquisition process. Next, we provide a detailed description of the KKSAI reconstruction
algorithm and offer a mathematical proof of its validity, followed by two possible scanning
schemes. Then, we report on our simulation and experiment results, demonstrating that
KKSATI outperforms pupil modulation FPM and pupil modulation DPC methods when given
the same measured data. We also clarify two differences between KKSAI and the original
off-axis holography paper [90]. Finally, we conclude by addressing the overall efficiency of
the KKSAI method compared to other phase imaging methods.

3.2 Experimental setup

The schematic of our KKSAI imaging system prototype is shown in Fig. 3.1 (a). It is simply
a conventional wide-field microscope that has been modified to incorporate pupil modulation
capability. As with other phase imaging methods, the goal here is to recover the phase profile

of the sample from intensity image measurements.

In the experiment, the pupil plane is relayed outside the objective (10X Mitutoyo Plan Apo
infinity corrected objective, 0.28 NA) onto the spatial light modulator (SLM) so that we can
perform amplitude modulation of the pupil. The modulation module consists of a reflective
mode liquid crystal on silicon (Holoeye LC-R 1080) SLM and a pair of linear polarizers (P1
and P2) with their polarization directions orthogonal to each other in order to maximize the
amplitude modulation contrast. The light is reflected off the SLM and finally projected onto
the camera. The pixel size of the camera (Allied Vision Prosilica GX 6600) is 5.5 um. The
illumination is provided by a laser diode (Thorlabs DJ532-40) with the central wavelength
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of 532 nm, coupled into a multi-mode fiber (Thorlabs FT200emtcustom, 0.39 NA, 03200

um). The fiber is vibrated by a motor to wash out the speckle at the camera plane.

(@ - Camera
MMF coupled

to laser diode

CL Sample Objective RL P1
p. J] F P2
. | 1@ =
(b) & /J
(c) Sample  (d)  Pupil modulation (e) Measurements

u =0,v,=p 1y =0,vs=-p

Amplitude

Shifting and stitching |

\

Figure 3.1: Principle of KKSAI (a) Schematic of experimental setup, where pupil
modulation is achieved by a SLM-based module. (b) Simplified 4f system corresponding to
(a). (¢) Simulated complex-valued sample. (d) Amplitude pupil modulation indicated by the
green circle, whose center is (u;, v;). (¢) Measured images corresponding to (d). (f) KKSAI
reconstruction algorithm flowchart. It finally recovers the pupil-limited sample spectrum.
MMF, multi-mode fiber; CL, collimating lens; RL, relay lens; P, polarizer; BS, beam splitter;
SLM, spatial light modulator; TL, tube lens.
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The KKSAI system can be simplified and represented as a 4f imaging system, as shown

in Fig. 3.1 (b). The coordinates at the sample plane, the pupil plane and the camera sensor
plane are denoted as (x’,y"), (u,v) and (x, y) respectively. If the complex-valued sample
in Fig. 3.1 (c) is described by s(x',y") = a(x’,y")e’ ¢(x"¥") its maximum spectrum which
can be detected by this system is

S(u,v) = F{s}(u,v) - C(u,v), (3.1)
where F{-} is the Fourier transform (FT) operator and C(u,v) is the coherent transfer
function (CTF) of imaging system as indicated by the red circle in Fig. 3.1 (d). Its radius is
determined by the objective numerical aperture (NA). Our overarching aim is to recover
S(u, v), which corresponds to the complex wave field at the imaging system’s pupil-limited

resolution.

During KKSAI operation, we scan a binary circular aperture D (u, v) at the pupil plane and
its edge strictly crosses the pupil center, depicted by green circles in Fig. 3.1 (d). Technically,
we display the appropriate aperture on the reflective SLM to implement this pupil
modulation. We use four scanning steps to fully cover S(u, v) and its offset distance from
the pupil center is p. At each step, the scanning aperture can be denoted as
D(u—u;v—v;),i =1,2,3,4 and its cropped sub-region from sample spectrum is
S;i(w,v) =S(w,v)-D(u —u;,v—v;). (3.2)
Accordingly, the measured intensity image at the camera plane can be expressed as
I;(x,y) = [FH{S;(w, v)}I% (3.3)
These measured intensity images are then fed into the KKSAI reconstruction algorithm
(explained in the next section). The phase recovery process during reconstruction will be
repeated for all 4 I;(x,y) to recover the complex field S;(u,v). They are subsequently
stitched into a full pupil plane complex-valued spectrum S(u, v). In turn, we can perform an
inverse FT to constitute the final amplitude and phase image of sample (see Fig. 3.1 (f) for
data flow chart).
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3.3 KKSAI reconstruction algorithm

The primary aim of the KKSAI reconstruction algorithm is to recover the complex-valued

S;(u,v) from I;(x, y).

To best explain the process, we can first express I; as an intensity result from superposition
of an unscattered planar wave and the scattered field from sample:

I;(x,y) = [F7HS; (u, v)}? = [F7H{S{ (u, v) + 8(w, v)}I?

= |s/(x,y) + e~ TOF+ 0N, (3:4)

where s/(x,y) is the scattered field exiting from the sample plane and e /(0*+0)

represents the ballistic light going through the sample. The ballistic light has a planar

wavefront and propagates along the optical axis of our imaging system.

We can see that the Fourier spectrum of I;(x,y) is quite similar to the one of off-axis
hologram, as the FT of I; in Fig. 3.2 (a) shows. This is because the scattered field s; (x, y) is
offset to the planar wave e ~/©©**0¥) in Fourier domain, and they would interfere with each
other. (Here in Fig. 3.2, p is decreased so that the scanning aperture will not exceed the
support of CTF and S; (u, v) covers a circular region. This ensures that the cross terms in the
spectrum correspond well to the cross terms in the traditional off-axis holography case. But

all the following deduction holds for any 0 < p < py Aape')

To better explain this observation, we can employ the frequency shifting property of FT. If
the covered spectrum sub-region S; (u, v) is shifted to the pupil plane center, only a phase
term will be multiplied on the sensor plane. However, our intensity detector is not able to
detect the phase. Therefore, the same intensity image would still be measured, as shown in
Fig. 3.2 (b).
L(x,y) = [FH{S; (u,v)}? = [F7H{S; (u + uy, v + v} (3.5
Then, the shifted spectrum sub-region S; (u + uy, v + v;) can be hypothetically separated
into a Dirac delta function § (u + u4, v + v;) corresponding to the original planar wave and
the shifted scattered field function
Si(w,v) = S{(u+ug,v+vy), (3.6)
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as shown in Fig. 3.2 (c).

(a) S1(w, v) Spectrum amplitude

S|F-1LY S>F{}>

®) S, (u+u,v+vy)

S|F1E

S;(w,v)

© 6(u+ uﬂlnv +vy)

DC component
+

Figure 3.2: Analogy between KKSAI measurement and off-axis hologram. (a) Measurement
I between its corresponding complex-valued spectrum sub-region and the amplitude of its
FT. (b) Shifted spectrum sub-region still brings in the same measurement due to the
frequency shifting property of FT and phase loss of square-law detector. (c) Shifted spectrum
sub-region can be hypothetically decomposed into a Dirac delta function and the shifted
scattered complex-valued function.

Thus, the measurement I; can be expressed as

I1(x: :V) = |F_1{.§1(u, 17) + 6(11 +u, v+ vl)}lz = |§1(x, y) + e—j(ul-x+v1.y)|2 6
= |§1(x; }’)lz +1+ §1 (.x, y) . e—j(u1-x+v1-y) + §1(x’ y) . ej(ul'x+vl'y)'

where §, (x, y) is the inverse FT of §; (u, v) and * denotes the complex conjugate operator.
Then its FT will be

F Y} =S5, (u,v) *S;(w,v) + 6 (u,v) +

Si(—(u+uy), @ +v) + 81w —ug, v — ), (3.8)



58
where * represents cross-correlation operator. It can be clearly seen that the first two terms

correspond to the self-interference terms in the off-axis hologram and the other two terms
comes from cross interference. As such, we can see that our KKSAI measurement is

analogous to an off-axis hologram.

Next, we can employ KK relations to perform phase recovery. The process is similar to the
one reported recently for off-axis holography [90]. As it has been established that our KKSAI
measurement shares pertinent similarities to off-axis hologram, we can adapt the
mathematical formulation reported in Ref. [90] to recover phase from the KKSAI

measurements.

To clearly explain the process, we use I; as the starting point. We first generate the
hypothetical reference plane wave. It is determined by the offset of S; (1, v) and in turn by
the scanning aperture position (u,, V). For I, this reference plane wave is expressed as

r(x,y) = FY6(u +uy, v+ vy} = e J@rx+v1y), (3.9)
Next, we specify a directional Hilbert kernel. This kernel depends on the direction from the
scanning aperture center to the DC term. For I;, we can express it as:

Hy(u,v) = —jsgn(vy) - sgn(v), (3.10)
where sgn(v) is the sign function. The last step is based on directional Hilbert transform to
retrieve the complex field corresponding to the spectrum sub-region S; (u, v). We first define
an intermediate variable,

X=mES;u+u,v+v)}/rnxy) = ln((§1(x, y) +ri(x, Y))/ﬁ(x; }’)) (3.11)
Then,
RefX} = 0.5 In(l(x, y)/Ir1 (x, 1%,

3.12
Im{X} = FY{F{Re{X}} - H;(w,v)}, (3.12)
which will be expanded on in the next section. Thus,
Sy (u + uy, v + vy) = F{eReWHIMX) . 1 (x, )}, (3.13)

After obtaining the shifted version of four sub-regions, we can move them back to the correct
position and get

S;(w,v),i = 1,2,3,4. (3.14)
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Eventually,

S(u,v) = X Si(wv)/ (X D — uy, v — vy) + &), (3.15)
where € = 107> is a small constant for numerical stability in the zero-valued region. As seen
in Fig. 3.1 (f), the reconstruction results of KKSAI are in good agreement with the original

sample function.

The validity of this KK-relations-based process has been demonstrated in the original paper
[90] for off-axis holography. It leverages the analyticity of band-limited signals. To ensure
that it also applies for KKSAI, we need to prove our measured image signal is indeed

analytical as well.

3.4 Signal analyticity proof and scanning scheme

For off-axis holography, the self and cross interference terms are required to be separable in
Fourier domain such that one cross term can be cropped out and applied inverse FT to recover
the whole complex field. Such separation is usually achieved by adjusting the reference wave
incidence angle. However, the recent study [90] relaxed this restriction and proved that as
long as the two cross terms do not overlap, the complex field can be fully determined. We

can arrive at this conclusion by using Titchmarsh theorem [91].

For conciseness, we use [ as the vector representative of (x, y) coordinate. Also, without loss
of generality, the following variable replacements are used.
1(x,y) = 1(D)
5:(x,y) = 5(0) , (3.16)
rl(x, y) — e_j(ul'x'l'vl'Y) - r(i) — e_jﬁ‘r"z
where g, = (uq, vy1).
Then Eq. (3.7) can be expressed as
2
10) = 30) + (D" (3.17)
Then
I/|r|? =|5/r + 1|3, (3.18)
In|s/r + 1| = 2 (In() — In(Ir|?)). (3.19)
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LetX =In(§+7r/r) =In(§/r + 1) = Re{X} + jIm{X}. We will have

eX =35/r+1 = eRelX}. pimix}, (3.20)
|3/7 + 1| = eFel®, (3.21)
Re{X} = In|5/r + 1| = %(ln(]) — In(|r|»). (3.22)

Equation (3.22) shows that Re{X} is a quantity determined by the measurement [ (f) and the
reference wave amplitude |r|. Since r(f) =e/Prlisa planar wave, its amplitude |r| = 1
is a constant. Thus, Re{X} only depends on I (f) and is known. Now, if X was analytical, KK

relations can retrieve Im{X} directly from Re{X} and the complex field §(Z)) can be

reconstructed.

To find the analyticity condition for X, we define

a(l) =3 =5(I)- 7. (3.23)
Then
co (_1)11
X=ln(a+1)= anoman“, (3.24)

where the condition a(f) = §/r < 1 is satisfied as long as the energy of the DC component
is several order of magnitude higher than the other frequency components in practice.

Equation (3.24) tells that the analyticity of X depends on the analyticity of «.

Next, we introduce Titchmarsh theorem to verify the analyticity of a. The theorem states that
the following conditions are equivalent for a complex-valued function f (1) that is square
integrable over the real /-axis:

e The real and imaginary parts of f (1) are Hilbert transforms of each other.

e Its Fourier transform F{f}(p) is 0 or vanishes rapidly for p <0.
An important observation is that §(f) is always a band-limited signal under the pupil

modulation, as shown in Fig. 3.3 (a-c). In our experiments, it is characterized by the scanning

aperture radius. For the convenience of discussion, p; = pr/1p-| and its perpendicular

direction p, are defined on the (u, v) plane as a new set of coordinates. Their corresponding
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axis pair on the (x,y) plane is [ and [, . If applying 1D FT to both sides of Eq. (3.23)

along [, we have

where A(p”, lJ_) and .§(p||, lJ_) is ID FT ofa(f) and §(f) along [ respectively as shown in
Fig. 3.3 (d).

(c)

(a)Amplitude of §(I,1,) (b)Phase of $(I,1,)
o o | (S

(d) S(oy,11) © S(py —16,1,11) ® S(oy = 16,1,11)

Figure 3.3: Titchmarsh theorem applied to a band-limited signal. (a) Amplitude and (b) Phase
of § (f) with bandwidth of py Aape (c) Logarithm of its 2D Fourier amplitude spectrum. (d)
Logarithm of its 1D Fourier amplitude spectrum along [ axis and its shifted copies by (¢)
16r] < PNAgpe and (f) |g,| = PNAgpe-

Since §(Z) is band-limited, a(f) must be a complex-valued square integrable function along
l)- Hence Titchmarsh theorem is valid for a(Z). This implies that as long as A(p”, l l) =0
for py < 0, its real and imaginary part are Hilbert transforms of each other. Equation (3.25)
shows that A(p”, l L) is a shifted copy of § (p”, l l) along p|. As such, when the shifting

distance |p,| is at least equal to py Aqpe 38 illustrated in Fig. 3.3 (f), the condition is met and

a(f) is analytical.
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We further note that, although the analyticity condition |g,| = py Agpe SCCMS 1D along [,

it is actually a sufficient condition of 2D analyticity on the plane [ in the limit sense, which

has been proven in Ref. [92] and discussed in detail in the supplementary of Ref. [90].

To sum up, when |p,.| = PNAgpe’ X satisfies the analyticity condition and as such the KK

relations can be applied to recover the complex field §(f) However, when |p,| > pn Aape’

the DC component cannot enter the measurement and KKSAI’s analogy to off-axis hologram
fails. Therefore, for KKSAI to function properly, we need to operate under the condition

where |p,| = py Agpe- 1IN other words, the scanning aperture edge must cross the pupil origin

exactly.

(a) DA (b) A

. i NAape
P

NA

@ obj
Figure 3.4: Scanning scheme examples to cover the entire pupil. (a) Four circular apertures;
(b) Two rectangular apertures. (i) is used to label the measurement sequence.

Figure 3.4 (a) shows the scanning scheme discussed above. It is designed to cover the entire
pupil and contains some overlaps. However, since our KKSAI method does not require the
data redundancy, this scanning is slightly inefficient because of the overlaps. If we stick with
scanning a circular aperture to cover the entire pupil, this overlapping issue is inevitable. If
we are free to choose any aperture shape, then the scanning scheme with 2 non-overlapping
measurements shown in Fig. 3.4 (b) would be the most efficient. The two scans have aperture
edges that exactly cross the pupil origin. In principle, as long as the scanning of any convex
aperture covers the whole pupil and its edge crosses the origin, the scanning scheme should

work for KKSALI
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If not stated, Figure 3.4 (a) is our default scanning scheme used in the rest of this paper.

We chose this scheme because the methods that we compare KKSAI to require overlaps in
order to accomplish phase recovery. Finally, we note that the camera sampling rate of our

method still needs to satisfy the Nyquist sampling limit 2py Agpe 1O avoid sub-sampling

aliasing.

3.5 Simulation results and discussion

In this section, we report on a series of simulations that were performed to verify the
performance of our proposed method. The results are also compared with two existing
imaging modalities, pupil modulation DPC (PM-DPC) [82] and pupil modulation FPM (PM-
FPM) [60, 61].

To be more precise, we briefly describe these two existing phase imaging methods here. PM-
DPC [82] is a counterpart of original quantitative DPC [80] and is different in that it replaces
the asymmetric illumination with asymmetric pupil modulation. Specifically, it captured two
or four phase gradient images from complementary half-open pupils. Then, when combined
with an additional sample’s intensity image, the method can compute the complete field of
the sample. PM-FPM [60, 61] is the counterpart of the original FPM [26] and is different in
that it replaces sample spectrum translation by oblique illumination with aperture translation
on the pupil plane. Its reconstruction usually requires at least 20 raw images to converge.
Although we note that there are other variants to the original DPC and FPM [93, 94], we

chose these two to compare with KKSAI because they all use similar experimental setup.

All the existing complex field imaging methods have tradeoffs between system complexity,
sample restriction, measurement data volume, reconstruction time complexity, and
reconstruction accuracy. To make our comparison meaningful, we fix the system and
measurement data volume so as to examine other aspects. Thus, all three methods in the

following discussions utilize the same dataset /; for fairness.

First, we simulated pure phase samples with small and large phase variations, and the results

of three methods are shown in Fig. 3.5. Looking at the reconstructed phases, we can discern
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that KKSAI appears to render phase images that are closest to the ground truth regardless

of the phase magnitude. To quantitatively compare their performance, we additionally
calculated the mean square error (MSE) and feature similarity (FSIM) index [95] between

reconstruction and ground truth and report the result in Table 3.1.

Ground truth « 10
: - BT =

Figure 3.5: Reconstruction of phase-only samples by two existing methods and our proposed
method. (a) Weak phase sample; (b) Strong phase sample.

Table 3.1: Quantitative evaluation of reconstructions in Fig. 3.5.

Metric PM-DPC PM-FPM KKSAI
MSE 4.80x10” 4.53x10” 7.84x10710
(a) FSIM 0.9999 1.0000 0.9998
Time(s) 2.01 28.43 2.12
MSE 0.1711 0.0640 0.0136
(b) FSIM 0.9894 1.0000 0.9973
Time(s) 1.67 77.33 2.03

Quantitative evaluations show that PM-FPM phase reconstruction is excellent in terms of
similarity, but its MSE is higher than that of KKSAI. Also, the PM-FPM iterative
computation is quite time consuming. On a computer (i7-7700k) with 64GB RAM, its run
time is one order of magnitude higher than the one for the other two non-iterative methods

in MATLAB R2018b.

The PM-DPC method provides reasonable phase rendering for the sample with small phase

variations, but it fails when the phase variations are large. This is because its reconstruction



algorithm demands that the sample adheres to the weak sample assumption, which is

necessary to first-order Taylor expansion approximation.

Ground truth

(a) |qm—

Figure 3.6: Reconstruction of complex-valued sample by two existing methods and our

2

PM-DPC

proposed method. (a) Phase; (b) Amplitude.

PM-FPM

Table 3.2: Quantitative evaluation of reconstructions in Fig. 3.6.

Metric PM-DPC PM-FPM KKSAIL
e MSE 0.0531 0.0120 0.0037
FSIM 0.9934 0.9997 0.9976
. MSE / 1.55x10° 3.78x10
Amplitude FSIM / 1.0000 0.9965
Time(s) 3.83 109.37 2.8

Table 3.3: Similarity evaluation of overlapping spectrum regions in Fig. 3.6.

Overlapping

region

Phase 0.9940 0.9967 0.9990 0.9926
Amplitude 0.9997 0.9998 0.9999 0.9998

Next, we simulated a complex-valued sample. Its amplitude and phase are displayed in Fig.
3.6 (a) and (b). The quantitative comparison is summarized in Table 3.2. For this sample,
PM-DPC fails badly as it is incapable of recovering amplitude. Moreover, the large sample

phase variations violate the weak sample assumption required for PM-DPC reconstruction.
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Not surprisingly, it provides a poor phase rendering in this case. PM-FPM and KKSAI

obtained phase and amplitude reconstruction of similar quality. However, PM-FPM requires
good initialization and careful parameter tuning to arrive at the correct result. Furthermore,

it takes 40 times longer to converge to the current result when compared to KKSALI

In this simulation study, we conducted an additional evaluation for KKSAI. As the scanning
scheme used here collects redundant information in the overlaps of the spectrum (see Fig.
3.4 (a)), we can also compare the reconstruction within the overlap regions using the FSIM
metric. The results are summarized in Table 3.3. We can clearly see that the phase and
amplitude recovery from KKSAI is highly consistent, thereby further reinforcing our

confidence that KKSAI is providing us with the correct phase estimate.

To conclude, we can see that KKSAI outperforms PM-DPC and PM-FPM when we take

both reconstruction accuracy and computational load into account.
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Figure 3.7: The effect of distance between aperture edge and pupil center on the final
reconstruction accuracy.

Our simulation study allows us to investigate the potential impact of experimental

imperfection when KKSALI is implemented practically. Specifically, we are concerned at the
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way the aperture edge crosses the pupil center. Ideally, we want the aperture edge to cross

the pupil center exactly (‘zero’ overlap). If the aperture includes the pupil center (positive
overlap), the analyticity condition would be broken. On the other hand, if the aperture
excludes the pupil center (negative overlap), I;(x, y) would not contain the ballistic planar
wavefront and no cross-interference would occur, resulting in complete breakdown of the
KKSALI processing. We simulated the impact of this overlap issue and showed our results in
Fig. 3.7. We can clearly see that negative overlap results in a catastrophic failure of our

KKSAI method, but positive overlap is somewhat tolerable as long as the overlap is small.

Modulated pupil Spectrum amplitude

(a) Measurement

(b)

MSE: 0.0004
FSIM: 0.9978

MSE: 0.0092
FSIM: 0.9904
-

Figure 3.8: KKSAI based on the scanning scheme with only two measurements. (a)
Measurements; (b) Reconstruction.

Our final simulation is focused on the feasibility of the scanning scheme in Fig. 3.4 (b). Here
we use an aperture that alternates between two halves of the pupil as shown in Fig. 3.8 (a).
We can see from the results reported in Fig. 3.8 (b) that the phase and amplitude recovery
result is highly consistent with the ground truth in Fig. 3.6, as indicated by the quantitative

metrics.
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3.6 Experiment results and discussion

With the encouraging simulation results, we next conducted a series of experiments with the

setup shown in Fig. 3.1 (a).

(a) PM-DPC PM-FPM KKSAI
SEM ima ge Radial average of phase recover}
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Figure 3.9: Experimental results for a microlens array. (a) Reconstructions of a single
microlens by PM-DPC, PM-FPM and KKSAI using four measurements; (b) A close-up view
of SEM image of microlens array (adapted from Thorlabs website); (c) Radial average profile
of three phase recoveries compared with the ground truth (GT).

In the first experiment, a plano-convex microlens array with 150 um pitch (Thorlabs
MLA150-7AR-M) was used. It can be regarded as a purely phase test sample. Under the
illumination wavelength of 532 nm, four pupil modulated images were acquired and
processed by KKSAI reconstruction algorithm. The reconstructed phase map of a single
microlens by KKSAI is shown in Fig. 3.9 (a), together with the reconstructions from PM-
DPC and PM-FPM algorithm using the same measurements. We can clearly see that PM-
DPC and KKSAI achieve better recovery of the microlens shape, providing the scanning
electron microscope (SEM) image in Fig. 3.9 (b) as reference. To quantify their accuracy,
we plotted the radially averaged cross-section profile from each result, labeled by green, blue,
and red lines in Fig. 3.9 (c) respectively. According to the spec sheet of microlens array, the
lens nominal profile is computed and labeled as a black line here. It can be seen that the phase

profiles obtained by KKSAI and PM-DPC are in good agreement with the ground truth. The
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FPM algorithm suffered from the low overlapping rate in Fourier domain and insufficient

redundancy to be noise robust, thus resulting in a poor phase recovery.

(a) Measurement @ Measurement @

PM-FPM ~ KKSAI

ESIM = 0.9654 FSIM = 0.9891

PM-DPC PM-FPM

FSIM = 0.9553 FSIM = 0.9074 FSIM = 0.9556

Figure 3.10: Experimental results for a thyroid carcinoma pap smear slide. (a) Two out of
four measurements acquired by KKSAIT and their Fourier amplitude spectrum; (b) Amplitude
reconstruction by PM-FPM and KKSAI compared with ground truth; (c) Phase
reconstruction by PM-DPC, PM-FPM, and KKSAI compared with ground truth.

Next, we imaged a papillary thyroid carcinoma pap smear slide with papanicolaou stain. It
is a complex-valued sample. Figure 3.10 (a) displays two raw images acquired in the
experiment. Due to the pupil amplitude modulation, the shade effect can be seen in the

measurements and it is clear that their spectrum contains two cross-interference terms similar

to those of an off-axis hologram, just as analyzed before. SLM allows us to carefully align
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the aperture, such that these two cross terms are tangential to each other. Feeding the data

into the KKSAI algorithm, we can then perform the complex field reconstruction and present

the results in Fig. 3.10 (b) and (c).

To obtain the ground truth for this complex valued sample, we perform a separate PM-FPM
experiment where 47 pupil modulation images with an overlapping rate of about 85% in
Fourier domain were acquired. Its high-resolution reconstruction is taken as the ground truth
to evaluate the performance of three methods. As we can see in Fig. 3.10 (b) and (c), PM-
DPC cannot recover amplitude and PM-FPM reconstructions based on four measurements
are of poor quality. By directly viewing the images, we can see that both amplitude and phase
recovery of KKSALI are the closest to ground truth. To quantify the results, FSIM metrics are
calculated and labeled under each reconstruction in red. From the quantifications, we can see

that KKSAI clearly outperforms the other two methods.

Table 3.4: Similarity evaluation of overlapping spectrum regions in Fig. 3.10.

Overlapping

region

Phase 0.9872 0.9927 0.9864 0.9691
Amplitude 0.9991 0.9998 0.9986 0.9991

Similar to the simulation, we can further evaluate KKSAI’s performance by checking the
consistency between reconstructions within the overlapping spectrum region from different
scanning apertures. Here the FSIM metric is calculated and summarized in Table 3.4. As we
can see, the recovery from different measurements matches very well in the overlapping

regions.

Since the proposed KKSAI method can reconstruct the complex light field, we may apply
digital post-processing operations to it. Here we show one possible application based on
digital refocusing, axial chromatic aberration correction of imaging system. To demonstrate
this, we image the same pap smear slide under the illumination wavelength of 405 nm

(Thorlabs DL5146-101S), 532 nm and 638 nm (Thorlabs L638P040) sequentially.
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Figure 3.11: Chromatic aberration correction by digital refocusing ability of KKSAI. (a)
Reconstructed amplitudes by KKSAI of three channels; (b) Reconstructed phases by KKSAI
of three channels; (c) Digitally refocused amplitudes with the corresponding refocusing
distance labeled at the bottom; (d) Color composite of three channels before and after digital
refocusing with the enlargements showing improved image quality. R, red (638 nm); G,
green (532 nm); B, blue (405 nm).
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As shown in Fig. 3.11 (d), the chromatic focus shift causes rainbow fringes along

boundaries in color composite image. It implies that there are still some residual chromatic
aberrations associated with the objective. With the phase retrieved by KKSAI in Fig. 3.11
(b), we can utilize the angular spectrum method [7] to digitally propagate the complex wave-
field in individual channels and an autofocusing metric based on edge sparsity criterion [96]
to find the best focus location. Finally, we can obtain the optimal refocusing distance (labeled
under each channel in Fig. 3.11 (c¢)). Comparing color composite image before and after
digital refocusing in Fig. 3.11 (d), we can see that chromatic aberration artifacts are well

corrected.

Finally, we conducted an experiment to prove the feasibility of reconstructing complex
wave-field from only two measurements by KKSAI. The scanning scheme follows Fig. 3.4
(b). As shown in Fig. 3.12 (a), the spectrum amplitude of two raw images is in agreement
with the simulation in Fig. 3.8 (a), although here the two cross terms are much stronger than
the auto-correlation term, such that the auto-correlation term is barely discernible in the

spectrum.

We can perform KKSAI reconstructions based on these two measurements. As shown in Fig.
3.12 (b) and (c), its result is compared to the KKSAI result based on four measurements of
scanning scheme in Fig. 3.4 (a) and the aforementioned PM-FPM retrieval with 47
measurements. Taking PM-FPM result as the reference, the FSIM metric for two KKSAI
reconstructions is computed and labeled in red at the bottom of each image. We can see that
KKSALI reconstructions with only two measurements shows high conformity with PM-FPM
ground truth. To conclude, our proposed KKSAI method can achieve complex wave-field
reconstruction with almost the same quality as PM-FPM based on 47 measurements.
Furthermore, it is iteration-free. As such, it is an attractive potential replacement for the

current PM-FPM method.

To be clear, PM-FPM is distinct from the standard FPM [26]. PM-FPM does not have the

capability to increase resolution beyond the limit of the objective NA, which is a key feature
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of the standard FPM [26]. By extension, KKSAI with the current setup is not capable of

increasing resolution beyond the objective NA.
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Figure 3.12: Complex wave-field reconstruction by KKSAI based on only two
measurements. (a) Scanning scheme, raw measurements, and their spectrum amplitude; (b)
and (c) Reconstructed amplitude and phase respectively, by KKSAI from two measurements,
four measurements and PM-FPM with 47 measurements. Here, PM-FPM reconstruction is
taken as the reference to calculate FSIM metric for KKSAI reconstruction.

In terms of reconstruction accuracy, KKSAI should be similar to Ref. [90] because they share
the nearly identical mathematics. However, our KKSAI method is distinct from off-axis

holographic microscopy [90] as it does not actually need a real reference arm. Compared to
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Ref. [90], our system is simpler to implement. Also, SLM is not necessary for KKSAI

The SLM-based pupil modulation module can be replaced by a simple physical iris mounted
and controlled by the motorized stage once the scanning scheme has been pinned down. By
its simplicity, KKSAI is more robust to operate in practical situations. Besides, there actually

exists a subtle difference between these two methods.

Mathematically, the off-axis holography experiment can be interpreted as the addition of a
band-limited sample spectrum and a delta function in frequency domain. Their relative offset
will decide the distance between two cross terms. In both KKSAI and off-axis holography
[90], the delta function lies exactly on the edge of sample spectrum. But a key difference
between the two methods is that for KKSALI there is a global offset for both sample spectrum
and delta function such that the delta function happens to be located at the origin and is
exactly the DC value. This explains the absence of interference fringes in the KKSAI

measurements, unlike in off-axis hologram.

It is also worth mentioning that our pupil modulation mode can be easily adapted into its
reciprocal mode, tilted illumination [97]. The multiplication with a phase ramp in spatial
domain by tilted illumination is equivalent to the offset modulation in frequency domain.
However, the advantage of our pupil modulation mode is that the thin sample requirement is

circumvented, because it only focuses on the exit wave from sample.

An interesting point is that under tilted illumination mode, our method can be realized by
only lighting up LED elements which are located on a ring with the illumination NA
matching the objective NA. This is known as annular illumination scheme. It has been shown
that only under this particular condition low-frequency phase components can be transferred
into intensity measurements [94]. Although this conclusion is derived from the weak sample
assumption, its coincidence with our findings indicates that matching illumination and
objective NA or keeping the DC component just at the modulation aperture edge is an
excellent operating point for computational imaging. This observation may inspire other new
computational imaging methods. For example, the recovery of any coherent signal with a

strong DC peak may benefit from the KKSAI concept.
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3.7 Summary

In this chapter, a computational imaging method, synthetic aperture imaging based on
Kramers-Kronig relations (KKSAI), for reconstructing the complex wave-field is reported.
Its experimental setup, data acquisition and reconstruction algorithm are described in detail.
By establishing the analogy between KKSAI measurement and off-axis hologram, a recent
advance for off-axis holography based on KK relations [90] is adapted here to recover phase
from intensity images in a non-interferometric way. The method leverages the analyticity of
band-limited signals under pupil modulation to compute phase information from intensity

measurements.

As a computational imaging modality, our KKSAI method co-designs the sensing part and
the reconstruction algorithm to optimally operate together. From the perspective of sensing,
it requires much fewer measurements than pupil modulation FPM. From the perspective of
reconstruction, it is iteration-free and does not require any sample priors and is thus more
generally usable than PM-DPC. Our simulation and experiment results demonstrate that

KKSATI has clear advantages over the other two methods.
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Chapter 5

AUTOMATIC DETECTION OF CIRCULATING TUMOR CELLS AND
CANCER ASSOCIATED FIBROBLASTS USING DEEP LEARNING

This chapter is adapted from the manuscript, C. Shen, S. Rawal, R. Brown, H. Zhou, A.
Agarwal, M. A. Watson, R. J. Cote, and C. Yang, “Automatic detection of circulating tumor
cells and cancer associated fibroblasts using deep learning,” Scientific Reports 13: 5708

(2023). DOI: 10.1038/s41598-023-32955-0

Beginning with this chapter, we transition from model-based computational imaging to data-
driven computational imaging. We will utilize deep learning techniques to solve various
image analysis tasks for biomedical applications. This chapter concentrates on a specific task
of merging optical system design with deep learning-based algorithms to fully automate the

cell detection process.

Circulating tumor cells (CTCs) and cancer-associated fibroblasts (CAFs) from whole blood
are emerging as important biomarkers that potentially aid in cancer diagnosis and prognosis.
The microfilter technology provides an efficient capture platform for them but is confounded
by two challenges. First, uneven microfilter surfaces makes it hard for commercial scanners
to obtain images with all cells in-focus. Second, current analysis is labor-intensive with long
turnaround time and user-to-user variability. In this chapter, we addressed the first challenge
through developing a customized imaging system and data pre-processing algorithms.
Utilizing cultured cancer and CAF cells captured by microfilters, we showed that images
from our custom system are 99.3% in-focus compared to 89.9% from a top-of-the-line
commercial scanner. Then we developed a deep-learning-based method to automatically
identify tumor cells serving to mimic CTC (mCTC) and CAFs. Our deep learning method
achieved precision and recall of 94% (+0.2%) and 96% (+0.2%) for mCTC detection, and
93% (x1.7%) and 84% (£3.1%) for CAF detection, significantly better than a conventional
computer vision method, whose numbers are 92% (£0.2%) and 78% (£0.3%) for mCTC and
58% (£3.9%) and 56% (£3.5%) for CAF. Our custom imaging system combined with deep
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learning cell identification method represents an important advance on CTC and CAF

analysis.

5.1 Introduction

Approximately 90% of all cancer-related deaths are due to the process of metastatic spread
[107, 108]. During metastasis, tumor cells detach from the primary tumor, migrate into blood
vessels and these circulating tumor cells (CTCs) travel to distal organs through the
circulatory system. CTCs tend to survive even in the harsh circulatory environment and retain
the ability to proliferate and create secondary tumor sites in distant organs [109, 110]. Over
the past decades, there has been increasing interest in understanding the metastatic cascade
with respect to how CTCs gain access to the circulatory system, survive in circulation, and
thereafter create secondary metastatic sites, as well the biology behind tropism towards
distant organ sites for different tumor types [111-115]. This has brought CTCs to the
spotlight in a rapidly expanding field of liquid biopsy and cancer diagnostics.

CTCs can be found as either single cells or clusters, with the latter being formed by tumor
cells alone or more significantly, as clusters of multiple cell types such as peripheral blood
mononuclear cells (PBMCs) and circulating cancer associated fibroblasts [116—118]. It has
become increasingly clear that in addition to CTCs, the circulating cells in the tumor
microenvironment (TME) also play an important role in metastasis. Cancer-associated
fibroblasts (CAFs) are a group of activated fibroblasts with significant heterogeneity and
plasticity in the TME [119-122]. It has been shown that CAFs also gain access to the
circulatory system and play a significant role in the process of metastasis. They modulate
cancer metastasis through synthesis and remodeling of the extracellular matrix (ECM) and
production of growth factors. Thus, targeting CAFs has gained considerable interest and is

being explored as an avenue for novel cancer therapies.

In general, CTCs are extremely rare in blood samples and range from one to a hundred cells
ina 7.5 mL tube of human blood, depending on the stage of the disease [115]. CTC clusters
are even rarer and constitute only 2-5% of all CTCs [123]. However, CTC clusters are

disproportionately efficient at seeding metastases. Therefore, CTCs and CTC clusters are
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valuable biomarkers to determine prognosis, monitor therapy, assess risk of recurrence,

and possibly in the future to aid in early cancer detection and screening [109—118]. Over the
past decade, numerous CTC capturing techniques have been developed [123—-126]. The
different enrichment and isolation processes either leverage the morphological
characteristics of CTCs which include size/deformability-based separation [127-129] and
density-gradient centrifugation [130, 131], or rely on immunoaffinity-based separation
through targeting specific cell surface epitope expression [132, 133]. The identification and
characterization of CTCs can be performed in several ways: immunofluorescence [134],
fluorescence in situ hybridization (FISH) [135], real-time reverse transcription polymerase
chain reaction (qQRT-PCR) [136], genomic analysis [128], and RNA sequencing [137].
Capturing of CAFs can also be achieved through similar methods used for CTC [120, 138,
139]. Our team has developed a size-based enrichment technology using a membrane
microfilter device with defined pore size to isolate CTCs and CAFs from whole blood as
well as other bio-fluids [140]. Exploiting the size characteristics of CTCs and CAFs (being
larger than the vast majority of normal blood cells), the pores allow the smaller blood cells
to be filtered through while capturing the larger CTCs and CAFs along with some extraneous,
larger sized mononuclear cell lineages. Among the methods discussed above, size-based
isolation techniques combined with immunofluorescence labelling have gained significant
traction due to the simplicity of this technique, its unmatched capture and enrichment
efficiency, and its ability to capture and enrich CTC of different embryologic origin (e.g.,
epithelial vs. mesenchymal), because size-based filtration of CTC does not rely on the

immunoaffinity methods.

This approach has two technical challenges that are the focus of our present study. The first
challenge is that while the microfilter membranes (approximately 15 microns thick) appear
to be flat and uniform, they are flexible and have slightly wavy surfaces, thus presenting
widely varying focal planes. The small height variations of these surfaces will be greatly
magnified under the high powers of microscopy needed to identify and characterize CTC
and other captured cells. Since the captured cells are randomly distributed across the wavy

microfilter surface, they are, in turn, distributed across different focal planes during
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microscopic imaging. This makes it difficult to utilize commercially available slide

scanners to collect whole filter scans with all cells in-focus and requires robust auto-focusing
ability of the imaging system across not only the different fields-of-view (FOVs) but also
even within the same FOV. Commercial scanners are ill-suited to handle this degree of focal
plane heterogeneity [105], especially within the same FOV. Currently, the only way to
address this is to acquire multi-focal-plane data (‘z-stacking”) for each FOV so that all cells

within each FOV can be digitally focused post-imaging.

Second, detection of CTCs and CAFs on the microfilter is currently a manual process. The
user needs to evaluate a large number of captured cells to identify the very few that are of
interest (CTCs, CAFs), and these cells are often morphologically similar to other captured
cells, making the analysis of these filters laborious, inefficient, and subjective. Automating
the cell localization and classification process has been attempted by employing image
processing and machine learning (ML) algorithms on fluorescent microscope images of
CTCs [141-144]. The general workflow for such a process requires several steps. Initially, a
region of interest (ROI) identification algorithm is designed to segment all possible CTC or
CAF events out of the whole slide images [144]. Then the pre-screened image patches are
normalized and transformed to a feature space by human engineering. For example, the
features could be pixel gray value histograms in each red-green-blue (RGB) channel [141]
or vector arrays in hue-saturation-value (HSV) color space [142] or morphological
characteristics including area, perimeter, and eccentricity [143]. Finally, these feature
representations of events are classified by conventional machine learning models, such as
naive Bayesian classifier [141, 143], support vector machine [141-143] or random forest
[142, 143]. This type of cell detection workflow is not holistic, and the accuracy of upstream
steps will inevitably affect the performance of downstream ones as detection errors
accumulate. In addition, these methods are, at best, semi-automated, as they rely heavily on
manual input, such as the parameter tuning for segmentation process and the manual decision
on feature engineering. We believe that deep learning (DL) is a better method, as it has the

advantages of enabling self-learned feature engineering and end-to-end training. To date,
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only a few studies [145, 146] have explored applying DL for CTC analysis, and there are

none so far on the use of DL for CAF analysis.

In this chapter, we have addressed both challenges and present a comprehensive scheme to
automatically detect and analyze tumor cells and CAFs that are captured by our microfilter
device. We utilized a model system of cultured cancer cells to mimic the processing of a
clinical sample but in a controlled fashion. We refer to these cultured tumor cells as
mimicked CTCs (mCTCs). First, we have developed a hardware imaging solution that can
collect high quality, uniformly in-focus images. Second, we have used these high-quality in-
focus images for deep learning model training and subsequent analysis of new samples using

DL.

a b c
Imaging System Design > Data preprocessing pipeline Data analysis

10 pm

Figure 5.1: Schematic of overall design. a. Multi-channel epifluorescence microscope
imaging system. Since our target cells are distributed on the micro-filter at varied heights,
the sample is three-dimensional in nature. They are scanned axially under four channels to
fully capture the cell-specific biomarker expression. b. Data preprocessing pipeline. The raw
image data are synthesized into a single multi-color all-in-focus whole slide image for further
analysis. c. Data analysis. The classical way to detect CTCs and CAFs relies on human
experts. (U First, the experienced pathologists review the whole slide, annotate cells of
interest, and count their number. @ Then this annotation paired with fluorescence images is
used to train a deep learning model. Because of inherent human observer bias in calling or
ignoring positive cells, the prediction from the pre-trained deep learning model is used to
cross-validate human expert annotation. 3) Finally, the well-trained deep learning model can
independently conduct the cell detection and analysis task.
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The overall approach of this work consists of three stages depicted in Fig. 5.1: (a)

Autofocusing and axial scanning design of our customized microscope system to ensure that
information of all cells located at different focal planes can be acquired. (b) An optimized
data preprocessing pipeline to synthesize raw multi-channel multi-slice images into a single
all-in-focus (AIF) RGB whole slide image for each sample. (c) A collection of these AIF
slide images that are annotated by human experts and subsequently used to train deep-
learning-based mCTC and CAF detection systems. The trained systems thereafter can be

used to automate the analysis of new samples.

5.2 Sample preparation

We did not use any clinical blood samples from patients. Instead, we used cell lines to mimic
the circulating tumor cells and cancer associated fibroblast cells from blood. To create
controlled, synthetic cell samples that would roughly mimic the target human cell types
expected to be found in clinical blood samples from breast cancer patients, human breast
cancer (SKBR3) cells were obtained from the American Type Culture Collection (ATCC)
and cultured using phenol red McCoy's SA medium supplemented with heat-inactivated 10%
fetal bovine serum (FBS). The primary CAF23 cell lines were acquired from our collaborator
lab (Dr. Dorraya El-Ashry) and have been previously isolated and characterized by her group
[147], which were maintained in phenol red Gibco's Improved Minimum Essential Medium
(IMEM) supplemented with heat inactivated 10% FBS. All the cells were grown in Heracell
VIOS cell incubators at 37°C with 5% CO2. Cells were passaged continuously by
detachment using TrypLE.

Model systems were created for the development of the imaging scanner and cell
identification algorithm. SKBR3 and CAF23 cells were cocktailed together and spiked into
7mL 1X phosphate buffered saline (PBS). The cells were spiked within a range of 500-1000
of each cell type to create a variety of model systems during testing. The spiked cells in 1X
PBS were processed using the Circulogix faCTChecker instrument. Post processing the
microfilter slides were retrieved from the instrument with the fixed cells captured on the

microfilter membrane, ready for downstream immunofluorescence staining and imaging.



82
SKBR3 and CAF23 cells were detected by double immunostaining using markers that

would allow for identification for each cell type, namely pan-cytokeratin (CK) for SKBR3
and fibroblast activation protein (FAP) for CAFs. Samples were blocked for 1 hour with
blocking buffer consisting of 5% normal goat serum (Life Technologies) and 0.3% Triton
X-100 (Sigma Aldrich) in 1X PBS and then incubated overnight at 4°C with rabbit anti-
human FAP (Millipore). Samples were then incubated with a goat anti-rabbit Alexa 594
labeled secondary antibody (Life Technologies) at room temperature for 1 hour. Samples
were then incubated with Alexa 488 pre-conjugated CK antibody (eBioscience). Samples
were counterstained with a combination of DAPI for twelve minutes followed by Hoechst
for five minutes, to optimize signal and minimize quenching in the DAPI channel (as it is
used as the focus channel), which was experienced during initial testing. Finally, the samples
were mounted on coverslips with ProLong Diamond Antifade Mountant (Life

Technologies).

5.3 Customized microscope system
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Figure 5.2: Auto-focusing principle during scanning. First, a coarse scanning with large step
size over a wide z range is performed. Then, the image at each z position is used to calculate
the focus measure (F-metric). The best focus z position is then estimated as the peak location
by fitting a Gaussian function to discrete F-metrics. Centered on this estimated best focus z
position, a fine axial scanning with small step size is performed to capture the whole 3D
information. Autofocusing is repeated for every lateral x-y scanning position and executed
only in DAPI channel. The estimated best focus z position will be used across all channels.
Chromatic aberration can be compensated by axial scanning.
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Commercially available slide scanners that host autofocusing functions have been unable

to provide a uniform in-focus whole scan of our microfilter. Without the ability to acquire
AIF whole scans, it is difficult to analyze clinical samples with high accuracy and confidence
and at times unable to analyze them at all. Therefore, we set out to emulate the manual

focusing process with a customized scanning strategy for an epifluorescence microscope.

The whole imaging system is composed of an inverted epifluorescence microscope
(Olympus 1X83) with an achromatic objective lens (Olympus PLN 20X, NA 0.4), a
motorized lateral scanning stage (Thorlabs MLS203-1 and BBD302) and a high-
performance CMOS camera (ISVI IC-M50T-CXP). The control of microscope is through
uManager [148] and a Python wrapper was written on top of it to interface with the
microscope. More specifically, it controlled the motorized fluorescent mirror turret, epi-
shutter and motorized focus controller of microscope. The lateral scanning stage is controlled
by a Python module wrapping Thorlabs APT library [149] and the camera is communicated
with the computer via a Python image acquisition library, Harvester [150]. Finally, all

communication functions are assembled in a Python environment.

As shown in Fig. 5.2, we started this process by performing coarse focusing with a large z
step size over a large range. Next, we calculated the focus measure metric (F-metric) based
on this z stack. There have been extensive studies on different types of autofocus metric
functions for fluorescence microscopes [151]. For our purpose, we used the Tenegrad
function, a robust and simple F-metric. To achieve an accurate estimate of the best focus
position, we fitted a Gaussian function to the discrete F-metric sequence from z-stack and
took its peak as the final best focus position, with which we further conducted the fine axial
scanning with small z step size. Through fine scanning, cells located at different focus planes
can be digitally revisited afterwards or synthesized into a single 2D AIF image. For the
objective lens used in our system, its depth of field was 1.72 um. The coarse z-axis focusing
step size was 20 um with a scan range of 200 um and the fine scanning z step size was 5 um

with a scan range of 50 um.
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About the selection of F-metric, we investigated different kinds of autofocus metric

functions. From Fig. 5.3, we can see from the central slice that a single z-slice is not capable
of presenting all cells in good focus. Maximum intensity projection, where we project the
maximum pixel value along the z-axis, is one possible way to resolve this. However, as can
see from the image, this simply creates an image with significant haze artifacts. Local-level
patch selection AIF methods can avoid this problem as long as the focus measure is correctly
chosen. Here, Tenegrad function is chosen as our metric because it can find the correct focus

z position with excellent sensitivity.
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Figure 5.3: Comparison of different all-in-focus (AIF) compression methods. a. Central slice
of a z-stack from DAPI channel, compared with pixel level AIF compression result based on
maximum intensity projection and local patch level AIF compression results based on
different F-metrics. b. Normalized curve of different focus measures versus z positions.

We can apply this strategy to image a large sample by repeating the process for overlapping

FOVs across the entire sample by lateral scanning. The best z-focus estimation only needs to
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be run once for each lateral position and thereafter is applied across all the fluorescence

channels. The number of fluorescence channels utilized is dependent on the
immunofluorescence staining protocol for the biomarkers used for mCTC and CAF
identification. Residual axial chromatic aberration from the objective can be addressed when

we process the fine-step z-stack data collected in the second step.

5.4 Data preprocessing pipeline
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Figure 5.4: Data preprocessing pipeline. a. Data flow starting from raw measurement and
ending with a multi-channel all-in-focus whole slide image. Preprocessing consists of three
algorithms, among which two are developed by authors and the other one is adapted from an
existing work. b. Principle of all-in-focus compression. Z-stack at each x-y location is split
into smaller patches and the best focused z-patch is selected with focus measure. Finally, z-
patches are fused into an all-in-focus x-y tile. c. Principle of registration and stitching. There
is overlap between adjacent x-y tiles due to the tilt between scanner lateral movement
coordinates and camera frame coordinates. Subpixel image registration algorithm relies on
the overlapping region to find the subpixel shift between two adjacent x-y tiles. Taking the
upper left corner tile (x1, y1) as the anchor for the final mosaic, all other x-y tiles are translated
and stitched to it by blending based on distance transform.

For each microfilter slide, we acquired multi-channel laterally scanned z-stack image data by
the above process. Our ultimate purpose was to render a single AIF RGB whole slide image

so that it can be effectively processed by the subsequent DL model without defocus-
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associated inaccuracies. As a sidenote, this single AIF whole slide image is also a good fit

for pathologist’s workflow as it eliminates the need to manually retune the image focus
during analysis. In our experiment, this rendering process consisted of three steps,

summarized in Fig. 5.4.

First, we compressed the images’ z-dimension by cropping the image tile for a single FOV
into smaller patches with the size of 600 x 600 pixels and selecting the z-slice with highest
focus quality for each patch. (The patches were partitioned in such a way that there is some
overlap with neighboring patches.) This allowed us to flexibly put cells in the single FOV,
which may be located at different z-planes, into focus. We again adopted the Tenegrad
function in selecting the best focus quality. As the collected fluorescence image can be
affected by non-uniform excitation light profile due to vignetting effect and temporal
background variation, we next normalized the image brightness spatially. To accomplish
this, we used an established shade correction method, BaSiC [152]. Finally, we used a
customized registration algorithm and leveraged the overlap between neighboring patches to
stitch these patches together into the entire whole slide FOV. This customized stitching
algorithm was necessary to accommodate for tilts between the lateral movement coordinates
of the motorized scanner and the camera frame, which prevented a simple direct stitching of
the patches. For our experiment, we typically acquired a whole slide FOV of size 6.9 mm x
6.9 mm. Our objective allowed us to acquire single image tile FOVs that were 0.92 mm x
0.85 mm, corresponding to 4000 x 3700 pixels. Between two neighboring patches, the

overlap was 310 pixels.

This combination of optimized auto-focusing and image processing algorithm created a
whole slide image of the microfilter with high focus quality. To verify its performance, we
compared our system with a commercial slide scanner, Olympus VS120, which we have
used in the past to perform whole microfilter scans. Results are summarized in Fig. 5.5. The
same sample was scanned using both our custom developed scanner and the Olympus VS120
scanner. Two whole slide images were registered, and the maximum overlapping region was

displayed.
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Figure 5.5: Comparison of the whole slide image focus quality by our developed scanner and
Olympus VS120 scanner. al. Whole slide image (WSI) of a model sample under 20X
objective from our developed scanner. a2. WSI of the same model sample under 20X
objective from Olympus VS120 scanner. bl, b2 and cl, c2 are the zoom-in on the same
regions from two WSIs. Their area size is the same as the image tile from VS120 scanner,
366 um x 287 um. d. Quantitative analysis of focus quality of WSI from both scanners in
blue, green, and red channel.

From Fig. 5.5 (a), we can clearly see that our developed system was able to achieve a more
uniform focus quality than the Olympus scanner. The commercial scanner only performs

focus selection at the image tile level (nominally at an area size of 366 um x 287 pm) while

our system performs focus selection at a smaller patch level (nominally at an area size of 138
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um x 138 pm). Moreover, the commercial scanner was unable to correctly focus over a

significant fraction of the sample, as can be seen in areas noted in Fig. 5.5 (b) and (¢).

To quantify the AIF performance difference in this characterization experiment, we utilized
a deep neural network model that predicts an absolute measure of focus quality at a patch
level for fluorescence images [153]. The model was originally trained on wide field
fluorescence images of U20S cells with Hoechst-stained nuclei. It has demonstrated robust
generalization capabilities to other stains, such as Tubulin and Phalloidin, as well as the
MCEF-7 cancer cell type, despite not being explicitly trained on them. Given that our images
also involve wide field fluorescence imaging of cancer cells, we anticipate that this method
should generalize well to our dataset as well. This model outputs a probability distribution
over 11 discrete focus levels for a patch with 84 x 84 pixels; the focus level with highest
probability is taken as the final prediction. We ran this model, patch by patch, over each
channel of two whole slide images and generated a focus quality map with the granularity of
84 x 84 pixels. For better visualization, a bar chart to summarize the portion of patches with
different focus quality for two WSIs is shown in Fig. 5.5 (d). Here, the first three focus levels
are binned into ‘In-focus’ class, the middle four focus levels are binned into ‘Moderately-in-

focus’ class and the last four focus levels are taken as ‘Out-of-focus’ class.

In-focus Moderately-in-focus Out-of-focus

|

Figure 5.6: Three focus quality classes derived from a reported absolute measure method.

In order to ensure that the predicted focus quality measures align with human vision

evaluation, we conducted a manual verification. Our visual evaluation indicated good
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agreement between the predicted focus quality measures and the actual images.

Specifically, the patch images classified as 'In-focus' showed clear cell cytokeratin details,
while the '"Moderately-in-focus' images still display recognizable cell cytokeratin features. In
contrast, the 'Out-of-focus' images barely resembled cells and often resembled precipitates.
We have provided several examples of each class in Fig. 5.6. Our custom scanner performed
with an average 99.3% of regions across different channels in the WSI either in-focus or
moderately in-focus. In contrast, the in-focus or moderately-in-focus portion only occupies
an average of 89.9% area of WSI from the Olympus scanner. This is especially problematic
for our application because almost 10% of the Olympus scanner image was out-of-focus,

which is a data loss undesirable for our purpose.

As a sidenote, the defocus output from the model can be associated with the physical defocus
of our system. In [153], it was concluded that the trained model can generalize on previously
unseen fluorescence images, identifying the absolute image focus to within one defocus level
(approximately 3-pixel blur diameter difference) with 95% accuracy. According to our
system parameters and considering the size of mCTCs is larger than 8 pm, we established
that our ‘in-focus’ class corresponds to target objects within £2.5 pm of the focus, the
‘moderately-in-focus’ class corresponds to target objects between £2.5 pm and +7 pum of the

focus, and the ‘out-of-focus’ class corresponds to all distances beyond.

5.5 Cell detection based on conventional computer vision method
First, a conventional computer vision (CV) method based on pathologist screening protocol

and image processing algorithms was developed to detect cells of interest.

The screening criteria to identify mCTCs and CAFs for pathologists were subjectively based
on the fluorescence signal intensity and localization, cell size and shape [134]. The main goal
is to distinguish mCTCs and CAFs from other cells, precipitate, and junk. A simple decision
tree for the process is given in Fig. 5.7. In this project, mCTC clusters were not considered
as an independent class but rather as a set of clumped single cells. Once all single mCTCs
are detected, we could evaluate their pairwise distance to identify clusters further. Then, a

conventional CV method to detect mCTCs and CAFs based on this pathology screening
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protocol was developed and summarized in Fig. 5.8. This method does not rely on any

conventional machine learning techniques such as support vector machine.

‘ Intensity of B/G/R channel ‘

En

% Other cells

8-25 nm C1C <

posntlve
negative
CTC cluster
-
GB <
_
FAP

uegauve

DAPI — .
negative \h‘t ‘- ell negative other cells

Figure 5.7: Pathology screening decision tree. CK, cytokeratin; FAP, fibroblast activation
protein.

First, three channels were separately binarized to identify numerous positive events, DAPI
positive (blue channel), CK (cytokeratin) positive (green channel), and FAP (fibroblast
activation protein) positive (red channel). Then, CK and FAP positive events were
segmented using watershed transform and cleaned by removing event regions with size
below or beyond expectations. Finally, binary images from each of the three channels were
cross-checked. The event regions which were DAPI and CK positive but FAP negative were
accepted as CTCs and those which were DAPI and FAP positive but CK negative were
identified as CAFs. Here, DAPI positive events got confirmed by calculating mean intensity
value within the area of CK/FAP positive events. This approach helped reject most of the
microfilter holes due to their hollow structure. During this image processing pipeline, the
binarization threshold, segmentation parameters, and size threshold were all chosen and

optimized by trained observer guidance.
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Figure 5.8: Conventional computer vision method for mCTC and CAF detection using image
processing algorithms.

5.6 Cell detection based on ensemble deep learning approach

Despite the capabilities of the conventional CV method to detect cells to some extent, it falls
short of achieving the level of detection accuracy that we desire. Moreover, it requires human
intervention to fine-tune various parameters, rendering it an incomplete automated solution.
Hence, our goal is to implement a fully automated cell detection and identification system

based on deep learning techniques, utilizing data acquired from our imaging system.

To obtain a large number of training instances, we prepared model sample slides using
specific cell lines. Then, the WSIs from these model system slides were split into training
and testing datasets at the level of individual slides. The information on the data description
and splitting scheme is presented in Fig. 5.9. To reduce color variation, we manually adjusted
the histogram of each color channel in every whole slide image so that cells of the same type
displayed a consistent color pattern before inputting them into the deep learning model.
Despite this, the background varied across different slides, with microfilter holes producing

autofluorescence in the DAPI channel being particularly pronounced in slide 3. However,
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the high precision values obtained from our trained deep learning model during testing

shown later indicate that it was not affected by this background 'noise'.
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Figure 5.9: Overall plan of data splitting for deep learning. a. The dataset was initially split
into a training dataset and a testing dataset by slide. Two out of the three slides from different
batches were used for training, while the remaining slide was used for testing. During the
deep learning model training, we conducted 5-fold cross-validation to select the best model
architecture. Subsequently, the model was retrained using the entire training dataset for final
testing. b. Sample images from three slides.
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The scheme for cell detection via deep learning is summarized in Fig. 5.10. For the training

image set, the cells of interest were manually annotated in QuPath [154] using the dot
annotation function for fast screening. However, the dot format was insufficient to generate
the bounding box for each cell. Therefore, the conventional CV method mentioned above
was also applied. Results from both methods were cross validated by matching annotation
dots and segmentation regions. Any region containing annotation dots was used to generate
a bounding box and paired with the annotation label. For dots outside any region, bounding
boxes that centered them were generated with the side length matching the empirical cell
diameters reported in previous studies. Then, training images and their corresponding
bounding boxes with class labels were used to train a generic object detection DL model. To
reduce the training time and simplify the hyper-parameter tuning process, transfer learning
was adopted by using weights pretrained on the COCO benchmark dataset [155].
Furthermore, to decrease model performance variation, we ensembled the predictions from
five models with the same architecture that had been separately trained on different image

batches. This process was executed for mCTCs and CAFs separately.
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Figure 5.10: Cell detection via deep learning. a. Training pipeline. An experienced
pathologist annotates the cells of interest in training images with dots and simultaneously
these images are processed by a conventional computer vision (CV) method to segment cell
regions. Results from both methods are cross validated by matching annotation dots and
segmentation regions. Any region containing annotation dots is used to generate a bounding
box and paired with the annotation label. For dots which do not lie in any region, a bounding
box centered at each of them is generated with the size of empirical cell diameter. Then,
training images and their corresponding bounding boxes with class labels are used to train a
generic object detection deep learning model. Here, transfer learning is adopted by using
weights pretrained on the COCO benchmark dataset. b. Testing pipeline. The unseen testing
images are analyzed in three ways. First, the same experienced pathologist screens testing
images by annotating the cells of interest with bounding boxes, which are sequentially double
checked by another computational pathology researcher to make sure there is no oversight
or mislabeling. This result is taken as ground truth. In parallel, testing images are segmented
by the conventional CV method and then the prediction boxes with labels are generated from
segmented regions. Finally, they are sent to our well-trained cell detection model and the
predicted bounding boxes can be directly generated. Comparing results from the latter two
methods with the ground truth, we find our trained deep learning model outperforms the
conventional CV method.
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Remove predicted bounding
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Figure 5.11: Ensemble of five object detection models and cleaning of prediction result.
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The ensemble strategy is illustrated in Fig. 5.11. Five cell detection models have the same

neural network architecture but are trained on randomized image batches. The ensembled
prediction is a set of bounding boxes with confidence score. We first remove the predicted
boxes with score lower than a chosen threshold. Then, the repeated boxes predicted for the
same cell can be reduced to a single box by quantifying the pairwise overlapping ratio
between boxes with intersection-over-union (IoU) metric, finding the clustered boxes and

only keeping the one with the highest score.

Our choice of DL model was informed by the following process. The varieties of neural
network architectures for object detection can be categorized into two groups: one-stage
detectors and two-stage detectors [23, 156]. Their respective representatives are RetinaNet
[157] and Faster R-CNN [24]. We paired them with different backbones, ResNet-50 [22],
ResNet-101 [22] and ResNeXt-101 [158], as well as pre-trained weights on different
benchmark datasets, including COCO [155] and Pascal VOC [159]. The precision-recall
curves of different models for mCTC detection are summarized in Fig. 5.12 (a) using 5-fold
cross validation. From that analysis, we saw that RetinaNet and Faster R-CNN with ResNet-
101 backbone pretrained on COCO dataset achieved the best area under curve (AUC) in one-
stage and two-stage detectors, respectively. In general, RetinaNet models worked better than
Faster R-CNN models. Therefore, we finally chose the RetinaNet model for the CTC
detection task. Based on this result, we only tested the RetinaNet and Faster R-CNN with
ResNet-101 backbone pretrained on COCO dataset on the CAF detection task. We
experimentally found that Faster R-CNN has better localization and recognition accuracy, as
indicated by the higher AUC in Fig. 5.12 (b). As such, we chose Faster R-CNN for the CAF

detection task.

The dataset and code were saved in Google Drive and the training session of all models was
run in Google Colab. The assignment of GPU resource was random due to the subscription
rules behind Colab. It was either NVIDIA A100 (SXM4, 40GB) or Tesla V100 (SXM2,

16GB). The object detection tasks were developed based on an open-source computer vision



library, Detectron2 [160], implemented in PyTorch. It provides a large set of baseline

results and pre-trained models.
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Figure 5.12: Comparison of different object detection baseline models by 5-fold cross
validation. a. mCTC detection by five selected detectors differing in either network
architecture, backbone or pretraining benchmark dataset. From the precision-recall curves,
RetinaNet and Faster R-CNN with ResNet-101 backbone pretrained on COCO dataset
achieved the best area under curve (AUC) in one-stage and two-stage detectors, respectively.
b. Only the best one-stage and two-stage models were tested on the CAF detection task. The
two-stage detector, Faster R-CNN, had better localization and recognition accuracy as
indicated by higher AUC.

All cell detection models were trained for 1000 epochs and the learning rate was set as
0.00025. The number of output classes was always one and the class label was either mCTC
or CAF. Other settings, including optimizer and loss function, were kept as default in the
trainer. A training session of 1000 epochs took around 3.5 minutes to finish on NVIDIA
A100 or Tesla V100. We did not observe a significant speed difference probably because our

training was not computationally heavy.
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Figure 5.13: Evaluation of mCTC detection. a. Class distribution and the number of patches
images in the training/testing/whole dataset. b. Precision-recall curve of the ensemble deep
learning (DL) model to detect mCTCs in testing patch images. The red dot represents the
final chosen operating point. c. Example of mCTC detection by conventional computer
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vision (CV) method and ensemble DL model shown horizontally with ground truth from
human annotation. d. Performance comparison between conventional CV method and
ensemble DL model to detect mCTCs on the whole slide image level. Both precision and
recall of ensemble DL model are significantly higher than the ones of conventional CV
method. Statistical analysis uses the ensemble DL model result as the reference to test their
difference significance, error bars show standard deviation of precisions and recalls by
randomly sampling testing dataset 1000 times and the p-values are specified in the figure for
*p<0.05, ¥*p <0.01, ***p <0.001, ****p <0.0001, NS, not significant, two-sided z-test.
To evaluate the cell detection performance of two methods on unseen test slide samples, we
designed the testing phase of the experiment as follows. First, the same experienced
pathologist screened testing images by annotating the cells of interest with tight bounding
boxes, which were consecutively double checked by a second reviewer to make sure there
was no oversight or mislabeling. This result was taken as the ground truth. Then, testing
images were segmented by the conventional CV method in the same way as training images.
On a parallel track, we also used our trained ensemble DL model to directly predict bounding
boxes on the testing images. Comparing the results from the two computational methods with

the ground truth, we found our final ensemble DL model significantly outperformed the

conventional CV method.

The output of the DL detection model for a testing image patch was a set of bounding boxes
with confidence scores. As shown in Fig. 5.11, the bounding boxes with scores below the
threshold were discarded. By adjusting the threshold to this score, we altered the precision
and recall of our ensemble model, shown as the precision-recall curve in Fig. 5.13 (b). The
AUC was 0.97 for mCTC detection. It is a good indication that our ensemble model
performed well. To balance type I and type II errors, the final operating point was chosen to
give precision of 97% and recall of 96%. It is worth noting that the input image size used for
both training and testing in our study was 1000 x 1000 pixels, which was cropped from much
larger whole slide images. In cases where mCTCs were located on the boundary of the FOV,
only a portion of the cell would appear within the DL model's FOV at any given time. For
instance, in some cases, only part of the CK signals would be visible without any DAPI

signal. To avoid any ambiguity in our testing and ensure accurate cell counting, we only
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annotated and tested cells that were completely visible within the FOV of patches and

excluded those that were partially visible.

Figure 5.13 shows an example of mCTC detection by an experienced pathologist, by the
ensemble DL model, and by the conventional CV method. We can see that conventional CV
method missed a significant number of mCTCs for two major reasons. First, the conventional
image segmentation method appeared to have difficulties segmenting clumps of cells. It
mistakenly predicted several mCTCs as one. Second, mCTCs that were surrounded by
precipitates with other stains appeared to be more likely to be eliminated after thresholding
in other channels. Our ensemble DL model neither down-segmented the mCTCs nor was it

strongly affected by precipitates attached to the mCTCs.
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Figure 5.14: Cell detection at the whole slide image level.

When the ensemble model was directly applied to the WSI, it tended to miss the cells lying
on the patch image boundary. If we were to naively apply our trained model, the precision
and recall for detecting mCTCs at the WSI level would drop to 93% and 94%, respectively.
To solve this problem, we proposed a whole slide image detection scheme described in Fig.
5.14. The patch coverage was shifted horizontally and vertically by the half size of DL model

input FOV. Then repeated detections were removed by calculating the overlapping ratio
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between each two of the predicted bounding boxes. After accounting for this, we obtained

a final precision and recall at the WSI level of 94% (+0.2%) and 96% (£0.2%), respectively.
In contrast, when we directly applied conventional CV method on the WSI, we obtained a
precision of 92% (+0.2%) and a recall of 78% (+0.3%). In general, the conventional CV
method can be seen as a conservative detector with precision close to our ensemble DL model

but is more likely to miss the mCTCs.
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Figure 5.15: Evaluation of CAF detection. a. Precision-recall curve of the ensemble deep
learning (DL) model to detect CAFs in testing patch images. The red dot represents the final
chosen operating point. The red star represents another operating point with higher recall but
lower precision. Any possible CAF event will be caught but it requires further human
analysis to exclude the false alarms. b. CAF detection by conventional computer vision (CV)
method. c¢. Ground truth from human expert annotation. d. Performance comparison between
conventional CV method and ensemble DL model to detect CAFs on the patch image level.
Both precision and recall of ensemble DL model are significantly higher than the ones of
conventional CV method. Statistical analysis uses the ensemble DL model result as the
reference to test their difference significance, error bars show standard deviation of
precisions and recalls by randomly sampling testing dataset 1000 times and the p-values are



specified in the figure for *p <0.05, **p <0.01, ***p <0.001, ****p <(0.0001, NS, notlOl
significant, two-sided z-test.

We repeated the same training and analysis experiment on CAFs. The results are summarized
in Fig. 5.15. In general, we found CAF detection to be more challenging than mCTC
detection for the computational methods as there were more fluorophore precipitates in the
specific fluorescence channel for CAF as well as the size and shape of CAFs vary more
widely, and as some CAFs were found to be caught within the filter membrane pores and
deformed more extensively than the cultured tumor cells. We also note that, within the
context of our experiment, the number of CAFs was much lower than that for the mCTCs in
our dataset. Under these circumstances, we achieved the final AUC of the precision-recall
curve for our ensemble DL CAF detection model of value 0.91. When we seek a balanced
precision and recall, this model yields a precision and recall of 90% and 83%, respectively.
Following statistical analysis, which will be discussed later, we obtained a final precision
and recall of 93% (£1.7%) and 84% (+3.1%), respectively, for our DL CAF detection model.
In contrast, the conventional CV method gave a balanced precision and recall of 58%

(£3.9%) and 56% (+3.5%), respectively.

We anticipate that by increasing the number of training instances we will see an improvement
in the performance. Empirically, we saw that training instance number on the order of around
5000 resulted in an acceptably high AUC for mCTC analysis. This suggests that we should
be able to boost the CAF’s AUC quantity by increasing the training instance to that order of
magnitude in our next phase of work. Alternately, we can still employ this existing ensemble
model by pivoting its use as a screening tool to aid manual analysis. Specifically, we can
choose the operating point to have a high recall (example: recall of 89% and precision of
75% shown in Fig. 5.15 (a)). This will result in a high identification rate for CAFs with a
high incidence of false positives, which can then be subsequently ruled out by the human
operator. While a model with slightly lower AUC would still be useful for pre-screening
CAFs for skilled observers (i.e., cytopathologists) to make the final assessment, this finding
strongly indicates that our clinical research phase should aim to collect more CAFs instances

for DL training in order to boost the AUC.
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Last but not least, cell detection results from our ensemble DL method and the

conventional CV method were compared using a two-tailed z-test of two population
proportions with significance classified for p-values as: *p <0.05, **p <0.01, ***p <0.001,

*H%%p <0.0001, and NS, not significant.

To obtain statistically meaningful expectations and standard deviations of precisions and
recalls for different detectors, we randomly sampled the testing dataset 1000 times and
performed testing on each individual sample. The resulting mean was then reported and used
for the two-tailed z-test, with the standard deviation being reflected as error bars in Figures
5.13 and 5.15. For patch-level testing, we conducted bootstrapping to sample the original
testing patch images. For WSI-level testing, as we only had a single slide available for testing,

we randomly cropped 90% of the whole slide area to obtain multiple samples.

5.8 Summary

Our microfilter technology provides a robust platform to capture and enrich CTCs and other
rare cells of interest from the peripheral blood of cancer patients. Assessments of these events
provide opportunities for advanced liquid biopsy diagnostics in a minimally invasive
manner. To this end, the combined hardware and deep-learning-based analytical solution that
we present here could significantly advance the practice of cell-based, liquid biopsy cancer

diagnostics.

We have developed an imaging system that can adequately address the inherent imaging
constraints imposed by capturing cells on micropore filters or other surfaces with focus plane
variations that are ill-addressed by currently available commercial slide scanners. We
showed that our hardware-software hybrid system can locate the correct focal plane within
the objective’s FOV at a patch size of 138 um x 138 pm and it can render AIF whole slide
images for our filter with only about 0.7% of the total area missing the target focus. We next
showed that this uniform focus quality of the rendering is well suited for DL based object
recognition for automated detection of mCTCs and CAFs on the filter. We further
demonstrated that the DL approach outperforms conventional CV models in the recognition

task. The positive findings form the foundation to begin our next phase of research: collecting
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clinical CTCs and CAFs samples to train the DL. models and apply the trained system for

routine automatic identification of CTCs and CAFs in clinical blood samples.

Finally, we conclude by noting that a fully automatic CTC and CAF detection system based
on DL techniques is useful for freeing human labor from the tedious cell identification and
eliminating human subjectivity from the process. We anticipate that such a system can
potentially find applications in clinical research and ultimately in the use of clinical cancer

management.
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Chapter 6

STAIN-FREE DETECTION OF EMBRYO POLARIZATION USING
DEEP LEARNING

This chapter is adapted from the manuscript, C. Shen, A. Lamba, M. Zhu, R. Zhang, M.
Zernicka-Goetz, and C. Yang, “Stain-free detection of embryo polarization using deep

learning,” Scientific Reports 12: 2404 (2022). DOI: 10.1038/s41598-022-05990-6

In the previous chapter, we explored how deep learning methods can replace human labor.
In this chapter, we will shift our focus to utilizing deep learning techniques to tackle tasks

that humans struggle to handle effectively.

Polarization of the mammalian embryo at the right developmental time is critical for its
development to term and would be valuable in assessing the potential of human embryos.
However, tracking polarization requires invasive fluorescence staining, impermissible in the
in vitro fertilization clinic. In this chapter, we report the use of artificial intelligence to detect
polarization from unstained time-lapse movies of mouse embryos. We assembled a dataset
of bright-field movie frames from 8-cell-stage embryos, side-by-side with corresponding
images of fluorescent markers of cell polarization. We then used an ensemble learning model
to detect whether any bright-field frame showed an embryo before or after onset of
polarization. Our resulting model has an accuracy of 85% for detecting polarization,
significantly outperforming human volunteers trained on the same data (61% accuracy). We
discovered that our self-learning model focuses upon the angle between cells as one known
cue for compaction, which precedes polarization, but it outperforms the use of this cue alone.
By compressing three-dimensional time-lapsed image data into two-dimensions, we are able
to reduce data to an easily manageable size for deep learning processing. In conclusion, we
describe a method for detecting a key developmental feature of embryo development that

avoids clinically impermissible fluorescence staining.
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6.1 Introduction

Mammalian embryo polarization is the process by which all individual cells of the embryo
establish an apical domain on the cell-cell contact-free surface. In the mouse embryo, this
process occurs at the late 8-cell stage, on the third day of development after fertilization as
shown in Fig. 6.1 (a), and in humans on the fourth day at the 8-16 cell stage [161-167]. The
apical domain is composed of the PAR complex and ERM proteins (Ezrin, Radixin, Moesin),
enclosed by an actomyosin ring [162, 168—172]. The cells which inherit this apical domain
after division will become specified as trophectoderm (TE), which ultimately forms the
placenta. In contrast, those cells that do not inherit the apical domain will form the inner cell
mass (ICM), which will give rise to all fetal tissues and the yolk sac [164—166]. Thus, embryo
polarization provides the first critical bifurcation of cell fates in the mammalian embryo, and
establishment of cell lineages in the blastocyst, which is crucial for implantation and a
successful pregnancy. In agreement with this, preventing cell polarization of the mouse and

human embryo, prevents its successful development [163, 164, 171, 173].

Given the importance of polarization, an ability to detect this developmental feature non-
invasively would be beneficial, for example, for the screening of viable human embryos for
implantation. However, all current methods for detecting polarization are invasive as they
rely on modifying embryos to express fluorescently tagged proteins that mark the apical
domains [174, 175]. Such fluorescent tagging of human embryos meant for implantation is
impermissible, which currently prevents clinical embryologists from utilizing polarization to

evaluate the quality of human embryos for transfer to mothers-to-be.

Tracking polarization without the use of fluorescence could be solved using deep learning,
which is able to discern salient features that may be unintuitive for humans [176, 177].
Indeed, deep learning has been recently used successfully to automate detection of an
embryo’s morphological features and applied on single time-point images to assess
implantation potential of human embryos [176—181]. These deep learning approaches either
provide a means of accurately counting cell numbers with developmental time [176, 177],

relate embryo morphology to subjective developmental criteria assessed by embryologists
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[178, 179], or provide independent assessment of morphological features [179, 180]. One

study has related preimplantation morphology with successful development of fetal heartbeat
[181]. However, the morphological features being assessed by the deep learning algorithms
used to date are generally not clear. In addition, these current approaches do not rely upon
known critical developmental milestones in the molecular cell biology of preimplantation
development. In this chapter, we have used time lapse movies of fluorescent markers of
polarization in the developing mouse embryo to train a deep learning system to recognize the
polarization events in the corresponding bright field movie frames with a high degree of
success. This is the first time that deep learning has been applied to recognize a specific

molecular cell biological process in an embryo that is key for developmental success.
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Figure 6.1: Method to track and annotate polarity. a. Overview of mouse pre-implantation
development, from the zygote stage at embryonic day O to the late blastocyst stage at
embryonic day 4.5. At the late 8-cell stage, polarization takes place, as each blastomere gains
a defined apical-basal axis of polarity indicated by the presence of an apical domain (red). b.
Data preprocessing of dual-channel 3D mouse embryo videos, each of which is a 5D tensor
with the dimension of x, y, z, ¢ (channel), and ¢ (time). First, each video was split into a
fluorescence (Ezrin-RFP) and DIC channel, visualized in red and gray respectively. Then,
each channel was compressed along the z dimension by different algorithms. The maximum
intensity z-projection algorithm was applied for the fluorescence channel and DTCWT based
all-in-focus algorithm for the DIC channel to get the frame sequences. ¢. Expert annotation
on fluorescence frame sequences, where the time point of polarity onset is pinpointed. In the
time sequence, the onset of polarization was defined as the frame in which the blastomere
had a clear polarity ring or cap (closed) which took up at least 1/3 of the visible surface, or
1/3 of the cell surface curve if displayed side-on. Frames before this point were defined as
before-onset, whilst frames including and after this point are defined as after-onset. d.
Supervised learning of a single DCNN model. The DIC frame sequences paired with the
class labels from fluorescence annotation were permuted and used as the input and target of
the supervised learning. Transfer learning from pre-trained weights on ImageNet database
and data augmentation are utilized in the training of all DCNN models. Scale bar = 30 um.

6.2 Data collection, preprocessing and annotation

In order to develop our deep learning model for detecting the polarization status of live and
unstained embryos, we first required a large dataset of DIC embryo frames for which the
polarization is unambiguously evident. Generating this dataset required each DIC image to
have a corresponding channel that uses fluorescently tagged proteins to indicate polarization
for each embryo clearly. We built a large dataset of mouse embryo time-lapse recordings
during polarization, each containing a fluorescence channel to indicate embryo polarization,

and a synchronized DIC channel for model training and testing (Fig. 6.1 (b)).

Two channels were first compressed along the z axis using different algorithms. The
fluorescence z-stack images were converted into maximum intensity z projection frames for
annotation, and the DIC z-stack images were converted into all-in-focus frames for deep
learning input. The polarization of a single blastomere in the embryo can be determined by
the localization of apical proteins, which are enclosed by an actomyosin ring [169-171, 182].
For time-lapse recordings, embryos were injected at the 2-cell stage with synthetic mRNA
for Ezrin tagged with red fluorescence protein (RFP), as previously [183], and cultured in

vitro to the 16-cell stage. We used Ezrin as a marker for blastomere polarization, as Ezrin
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localizes to the apical surface during the formation of an apical polarity domain [172,

184]. Based on the Ezrin-RFP ring indication, we determined the time point at which the first
blastomere of the embryo polarized for each time-lapse recording, indicated by formation of
a clear apical polarity cap (Fig. 6.1 (¢)). Using this time point, each DIC frame was labelled
as either before or after the onset of polarization (Fig. 6.1 (d)). The annotated DIC frames

were then randomly split into a training and testing cohort by embryos.

Initial Embryo Dataset

Acquired from Time-Lapse Recordings NG M Fonmming R

Breaks in time sequence
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Figure 6.2: Flowchart indicating initial cleaning and pre-processing of data.

All mouse experimental data was obtained in accordance with the Animals (Scientific
Procedures) Act 1986 Amendment Regulations 2012, under project license by the University
of Cambridge Animal Welfare and Ethical Review Body (AWERB). Reporting of animal
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experiments follows ARRIVE guidelines. Embryos were collected at the 2-cell stage

from F1 females (C57BI6xCBA) mated with F1 studs, following super ovulation of the
female: injection of 7.5 IU of pregnant mares’ serum gonadotropin (PMSG; Intervet),
followed by injection of 7.5 IU of human chorionic gonadotropin (HCG; Intervet) after 48

hours and immediately prior to mating.

Images were collected on confocal Leica SP5 or SP8 microscopes. The dual-modal confocal
microscope imaging allows synchronized acquisition of a DIC channel and a fluorescent
polarity-indicating channel. The interval between each frame on the time (¢) axis was 1200 s
- 2400 s for each embryo, and z frames were taken at 4 pum intervals on the z axis. Time-lapse
recordings were converted into TIFF files for analysis and processed on Fiji software.
Recordings that were incorrectly formatted, visually unclear, or which showed grossly
defective embryos were excluded. From an initial 174 mouse embryo time-lapse recordings
from, 89 were used for deep learning and human testing (Fig. 6.2). Only 8-cell stage frames
were included in deep learning and analysis (defined as frames from the first frame where 8
distinct blastomeres are visible, to the frame immediately prior to the moment at which the

final blastomere starts dividing).

To obtain comprehensive three-dimensional (3D) information about the embryo, raw data
were required in z-stack frames. However, current deep learning models are predominantly
designed for two-dimensional (2D) image inputs. Therefore, in prior research, the model
input was usually a single slice image along the z-axis [176—181]. A single z-slice image is
inadequate in capturing the complete 3D structural information of the embryo. Direct
analysis of a 3D image stack with deep learning requires a re-designed model architecture
that dramatically increases the complexity and time required for model development [185,
186]. Moreover, adapting existing pre-trained deep learning networks for 3D analysis
through transfer learning [187] would not be straightforward as these networks are
predominantly designed for 2D image recognition tasks. To resolve this problem, we utilized
a state-of-the-art all-in-focus (AIF) algorithm based on dual-tree complex wavelet transform

(DTCWT) [188] to compress the optically sectioned z stack of each DIC frame in our dataset.
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The result was a single 2D AIF DIC image capturing the majority of relevant but sparsely

distributed 3D embryo information at each time point.

We found that AIF images based on DTCWT could reveal all blastomeres of a 3D embryo
in a single 2D image (Fig. 6.3). In contrast, the median z slice typically contained several
blastomeres that were optically out of focus, resulting in lost information. AIF images also
resembled standard images, allowing for straightforward transfer learning using open-source
2D image classification models pre-trained on ImageNet [20] as initialization. In this way,
we were able to circumvent 3D image stack analysis. Prior studies that apply deep learning
to embryo development have used single z slice DIC images as input, which obscures
important 3D blastomere features. Our DTCWT-based method of compressing multiple z

slices into a single maximally informative 2D representation reduces data size, allowing a

full range of published 2D neural network models to become accessible for analysis.

Figure 6.3: Comparison among different input image formats. Previous deep learning studies
on embryo development used a single z slice image, in most cases the middle plane, as seen
in (a). However, this resulted in some blastomeres being highly defocused and blurred. The
traditional all-in-focus algorithm based on variance metric (b) can bring all the blastomeres
into focus in a single 2D image but also result in some artifacts. Thus, we proposed to utilize
the all-in-focus algorithm based on dual tree complex wavelet transform (c). Scale bar = 20

[m.

Each embryo time-lapse recording was marked with a polarization onset time by a human
expert annotator, corresponding to the first frame in which a polarized blastomere is clearly
visible. This was achieved using the maximum intensity z projection Ezrin-RFP frame: the
polarization onset frame is one in which the first apical ring or cap is completely and clearly

formed (closed) on any blastomere, and which takes up greater than or equal to 1/3 of the
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surface of the cell as visible in the recording. All frames after and including this

polarization onset point were classified as after-onset. All frames prior to this point were

classified as before-onset.
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Figure 6.4: An ensemble deep learning approach to predict embryo polarization from DIC
images. a. Class distribution in the training/testing/whole dataset. b. Ensemble learning on
six DCNN models. The predicted probability vectors for two classes on a single testing frame
by six DCNN models were averaged element-wisely and the class corresponding to the larger
probability was used as the final predicted label. c. Temporal smoothing on the predicted
labels for each testing embryo’s DIC frame sequence. The majority voting based smoothing
window slid over the chronologically ordered binary labels. The window length is 3 and we
kept the label at both ends untouched. Finally, the time index of first after-onset prediction
was taken as the final prediction of polarity onset time point. Scale bar = 20 ym.

6.3 Polarization prediction based on deep learning approach

The dataset consisting of AIF DIC images paired with corresponding annotated polarization
labels was randomly split into a training cohort of 70 embryos (1889 frames) and a testing
cohort of 19 embryos (583 frames) (Fig. 6.4 (a)). These were used as learning and evaluation
datasets, respectively. To fully leverage the potential of deep learning techniques for
predicting polarity onset, we combined two highly effective methods, deep convolutional
neural network (DCNN) and ensemble learning. For supervised learning of DCNN models,
we retained only information about whether a frame was before or after onset and stripped
away other time information (Fig. 6.4 (b)). On individual testing frames, each DCNN model

outputs whether polarization was detected as a vector containing two probabilities—one for



112
each class (before or after onset, Fig. 6.4 (b)). To reduce the prediction variation, multiple

(6 here to match the number of recruited human volunteers discussed later for fair
comparison) DCNNs learnt on the training cohort and then their output predictions were
averaged to predict the class label of each testing image. The six DCNN models were trained
using different initializations and different optimizers but over the same number of epochs.
The final polarization status prediction for a single input image is the class (before or after
onset) having the highest average probability across all six contributing models. Overall, our
model accuracy increased from an average of 82.6% for a single DCNN to 85.2% with

ensemble learning.
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Figure 6.5: Comparison among the performance of different image classification DCNN
backbones. Five-fold cross validation was adopted here to make model selection. The
training dataset was evenly split into 5 folds. Then, three backbone models learnt on four
folds and were validated on the remaining one. To minimize the variance brought by the
optimization setting, we repeated each numerical experiment 5 times. We summarized the
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validation accuracy of three models on each fold and the total average validation accuracy
in the bar chart, where the error bars represent their standard deviation. Both validation
accuracy and their standard deviation shows that ResNet-50-v2 is the optimal backbone for
our task.
We considered several possibilities during the design of our model architecture. Many
DCNN architectures have been published for image classification, including dense
convolutional network (DenseNet) [189], squeeze-and-excitation network (SENet) [190],
and residual neural network (ResNet) [22]. Based on the results of 5-fold cross validation
(CV) experiments on these three model architectures (Fig. 6.5), we found ResNet has the

highest validation accuracy with the lowest variance on average. Considering both prediction

performance and computational load, ResNet model is the optimal choice for our application.

Table 6.1: Result summary of different ensemble techniques. 95% confidence intervals are
included in square brackets. They are estimated by bootstrapping the testing dataset with
1000 replicates. The highest testing accuracy in each category is marked in bold.

Varied element Different techniques Testing accuracy
raw training data 85.2% [82.2%, 88.2%]
Training data 6-fold cross-validation on training data | 83.4% [80.3%, 86.4%]
bootstrapping training data 6 times 82.2% [78.7%, 85.4%]
varying optimization initials 85.2% [82.2%, 88.2%]

Model 3 SENet-154 and 3 ResNet-50-v2 models | 83.4% [80.1%, 86.4%]
o averaging the output probability from 85.2% [82.2%, 88.2%]
Combination ensemble members
method applying majority voting on the output

1) 1) 1)
labels from ensemble members* 85.6% [82.5%, 88.3%]

* If we meet a tie, the averaged probability will be used to make a judgement instead.

Specifically, the ResNet backbone was chosen as the main part of each DCNN model. A
dense layer with two output nodes is added on top of the ResNet backbone. We used the pre-
trained weights on ImageNet database as the initialization for each DCNN model. Three of
them were trained with SGD optimizer and the other three were trained with Adam optimizer.
All of them were trained for 40 epochs. At the end of 40 epochs, all the models converge to
nearly 100% in terms of the training accuracy. Different training settings made the six trained
CNN s a bit more diverse from each other, where the diversity among CNNs would improve

the generalization ability of the ensemble model. Then, we tried different ensemble
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techniques, and their results are summarized in Table 6.1. From this table, we can see that

ensemble on six ResNet models using all the training data by varying the optimization initials
and then applying majority voting on the output labels achieved the best testing accuracy.
However, its advantage over averaging the output probability is only 0.4%. It is quite
marginal, and the latter is more intuitive and common considering the number of ensemble
members is even. We further note that there is a limit on ensemble learning improvement
over a single classifier, which is mainly bottlenecked by the classifier architecture rather than

ensemble techniques.

6.4 Comparison with human prediction and temporal analysis

In order to evaluate the performance of our DL model, comparative trials on human
volunteers to identify polarity onset were conducted. We recruited six volunteers to compare
their polarization prediction accuracy against our model. We aimed to recruit human
volunteers from a STEM background, who would be motivated to benefit from the
technology in a clinical setting and who might compare favorably with our machine learning
system. Six human volunteers (three males and three females for gender equality) with a
bachelor’s degree in a STEM subject but without prior experience of mouse embryo
development studies were recruited from the Caltech community, as representatives for
competent STEM-trained but inexperienced volunteers who would benefit from the

technology in a clinical setting.

Volunteers were sent an email with clear instructions and a link to the same training and
testing data used by our model. Each was asked to learn on the training dataset first and then
apply their learnt patterns to the testing images, to determine the polarization status for each
test image (before or after onset) by filling in an Excel table with predicted labels. After the
test, they each returned their Excel file for evaluation. All participants provided informed
consent before taking part in our study. They consented to allow their data to be used in the
final analysis and all individuals received reward for participation. The study was approved

by the Caltech Institutional Review Board.
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Figure 6.6: Results of image classification task by the ensemble deep learning model and the
average human. a. The receiver operating characteristic (ROC) curve of the ensemble deep
learning (DL) model on testing frames. The 95% confidence intervals (Cls) of the ROC curve
are indicated by the orange shaded area. The orange solid star represents the performance of
the ensemble DL model with the default probability threshold of 0.5 to binarize its output
and blue signs represent the performance of 6 human volunteers with the darkest one the
average human (AH), which is an aggregate result of 6 human volunteers’ prediction. We
applied majority voting to the six predictions on each testing frame to obtain the average
human performance. If each prediction received three votes, we randomly assigned a
prediction of before or after onset. b. Confusion matrix of image classification on testing
frames by the ensemble DL model with the binarization threshold of 0.5 and the average
human. c. Testing accuracy bar chart of the ensemble DL model, 6 human volunteers and the
average human, where the error bars represent the 95% CI. The ensemble DL model
significantly outperforms all 6 humans and the average human. *p <0.05, **p <0.01,
*Hkp <0.001, ****p <0.0001, NS, not significant, two-sided z-test. All the 95% ClIs are
estimated by bootstrapping the testing dataset with 1000 replicates.

Results from the testing data for each of the model and human predictions were processed as
follows: in classification analysis, classified frames from the model/prediction were

automatically sorted into one of four categories visible in the confusion matrix (polarized or
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non-polarized annotated true class, versus polarized or non-polarized predicted class).

Cases in which the true class matched the predicted class were scored as an accurate
prediction, and cases where the two classes did not match were scored as an inaccurate
prediction. Population proportions of accurate results represent the proportion of accurate

frames in the total population of frames.

Table 6.2: The performance of the ensemble deep learning (DL) model, six human
volunteers (H1-H6) and their average (AH) on the testing dataset. 95% confidence intervals
are included in brackets. They are estimated by bootstrapping the testing dataset with 1000
replicates. The highest value of each metric achieved by all predictors is marked in bold
red. PPV, positive predictive value; NPV negative predictive value. H1-H3 are females and
H4-H6 are males.

Sensitivity (%) 90.2 (86.1, 93.8) 12.8 (8.8, 16.8) 49.2 (43.3, 55.0) 57.1 (51.0, 63.1) 89.8 (85.9, 93.4) 19.5 (14.6, 24.3) 50.8 (44.5, 56.7) 42.5 (36.4, 48.5)
Specificity (%) 81.1 (76.2, 85.4) 88.6 (85.0, 92.2) 42.0 (36.8, 47.3) 83.3 (79.0, 87.2) 64.0 (59.0, 69.3) 45.4 (40.3, 50.8) 63.7 (58.4, 69.2) 76.7 (71.9, 81.1)
PPV (%)  80.0 (75.1, 84.5) 48.6 (36.2, 60.9) 41.6 (35.7, 46.9) 74.1 (68.1, 79.9) 67.7 (63.0, 72.6) 23.1 (17.7, 28.9) 54.0 (48.2, 60.1) 60.4 (53.6, 67.2)
NPV (%)  90.8 (87.2, 94.2) 54.8 (50.4, 58.9) 49.6 (43.7, 55.6) 69.8 (65.4, 74.5) 88.3 (83.8, 92.5) 40.2 (35.1, 45.4) 60.7 (55.4, 66.1) 61.4 (56.3, 66.2)

Accuracy (%) 85.2(82.2,88.2) 54.0 (49.9, 58.0) 45.3 (41.0,49.2) 71.4 (67.4, 75.0) 75.8 (72.4, 79.2) 33.6 (30.0, 37.6) 57.8 (54.0, 62.1) 61.1 (57.1, 65.0)

The DL model we establish yielded a classification sensitivity of 90.2% (95% confidence
interval (CI): 86.1% - 93.8%) and specificity of 81.1% (95% CI: 76.2% - 85.4%) for single
image inputs, with areas under the receiver operating characteristic curve of 0.893 (95% CI:
0.866 - 0.917) (Fig. 6.6 (a) and Table 6.2). Deep learning achieved both a higher true positive
rate and lower false positive rate than the average human volunteer. Figure 6.6 (b) shows the
confusion matrix for predictions. Our model correctly classified 497 out of 583 frames,
resulting in a classification accuracy of 85.2% (95% CI: 82.2% - 88.2%). In comparison, the
average human accuracy on the same testing frames was 61.1% (95% CI: 57.1% - 65.0%).
The model outperformed humans on average as well as individually (Fig. 6.6 (c), two-tailed

z-test, p<0.0001).

We wished to further extend our deep learning model to identify the exact point at which
polarization occurs in time-sequence videos. To this end, we evaluated polarization onset

time point predictions from the classification results of both the model and human volunteers,



117
using a temporal smoothing method (Fig. 6.4 (¢)). For time-smoothened data, the frames

were first returned to time-order, after which the polarity onset point was determined by
finding the point at which the prediction switched from an unpolarized majority to a polarized
majority. All frames after this polarity onset point were then classified as polarized, and all
frames before this point were classified as unpolarized, therefore ‘smoothening’ out any
anomalous predictions using time point information. For time point analysis, the polarity
onset point (as determined from the smoothening process) was used. For each testing embryo
time-lapse recording, the time discrepancy for the model/volunteer was calculated as the
actual time difference (to the nearest second) between the predicted polarity onset frame and
the annotated polarity onset frame, using the knowledge of the frame-to-frame time
difference for each recording. Where no predicted onset frame was given within the allocated
recording, for this analysis the frame immediately after the final frame of the time-lapse
recording was used as the predicted onset of polarization. These time discrepancies for each
embryo were used in pairwise comparisons. Our model had significantly smaller timestamp
prediction errors than the average human volunteer by pairwise comparison (two-tailed

Wilcoxon matched-pairs signed-rank test, p<0.01, Fig. 6.7 (a)).

We next wished to investigate whether smoothened results from our ensemble classification
model could outperform even human volunteers who are given access to temporal
information during testing that the model does not use. To this end, we provided each
volunteer with the complete AIF DIC videos in frame-by-frame time sequence for each
embryo and asked for their estimate of the polarization onset time point. Compared with the
smoothened model classification results performed on individual unordered images, the
average human timestamp discrepancy was significantly larger than that of our model (two-
tailed Wilcoxon signed-rank test, p<0.05, Fig. 6.7 (b)). The model identified exact
polarization time points more precisely than the human volunteers, even when the volunteers
utilized temporally ordered full video frames that the model did not have access to during
training. It means that our deep learning model was able to identify the exact time point of
polarization onset amongst temporally sequenced video frames better than all human

volunteers, even with a severe disadvantage in data.
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Figure 6.7: Comparative analysis of the polarity onset time point prediction by the ensemble
deep learning model, six human volunteers, their average, and the compaction proxy. The
violin plots represent time discrepancies between the annotated and the predicted polarity
onset time index of the 19 testing embryos by the ensemble DL model, each of six human
volunteers (H1-H6), their average (AH), and the compaction proxy (Comp.). (a) Six human
volunteers were given the randomized testing frames without any time information. Their
predicted labels were then chronologically ordered for each testing embryo and temporally
smoothened to extract the polarity onset time point prediction. Their average result was
processed in the same way. (b) Six humans were given the chronologically ordered frames
for each testing embryo. They directly estimated the polarity onset time point. Their average
result was the arithmetic mean of predicted time indexes for each testing embryo.
Comparison between the ensemble DL model and each human is given in the figure.
Statistical analysis uses the ensemble DL model result as the reference to test their difference
significance and the p-values are specified in the figure for *p <0.05, **p <0.01, ***p
<0.001, ****p<0.0001, NS, not significant, two-sided Wilcoxon matched-pairs signed-
rank test.

Here we want to clarify that all image classification results were compared using a two-tailed
z-test of two population proportions with significance classified for p-values as: *p < 0.05,
**p < 0.01, ***p < 0.001, ****p < 0.0001, and not significant (NS). Time prediction
discrepancies were compared using two-sided Wilcoxon matched-pairs signed-rank test
since our testing data size is small and not guaranteed as normal. Significance was given for
p-values as the same with the above. Further details are given with each result. Statistical
analyses were performed using the statistics module in SciPy package with Python. All the
95% confidence intervals were estimated by bootstrapping the testing dataset with 1000

replicates.
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6.5 Deep learning model interpretability and relation with compaction

a DIC: before (100%) D]C+CAM Fluorescence: before b DIC aﬁer(]OO%) DIC+CAM Fluorescence: before
% :r% (\

¢ DIC: before (56%) DIC+CAM Fluorescence: after d DIC: aﬁur(]OO%)

Figure 6.8: Visualization of the decision-making by the ensemble deep learning model. Heat
maps obtained by the class activation mapping (CAM) technique highlight how the ensemble
deep learning model attends the discriminative regions in the testing frame when giving the
predicted class label. The red regions indicate positive focus of the model (in alignment with
the predicted label) and the blue regions negative focus (in opposition to the predicted label).
(a)-(d) correspond to four cases in confusion matrix, true negatives (TN), false positives (FP),
false negative (FN), and true positives (TP), respectively. Yellow arrows point to the
polarized blastomeres. In each subfigure, from left to right are the testing DIC image, its
overlay with the focus heat map, and its corresponding fluorescence channel image. On top
of the test DIC image is the predicted label of the ensemble DL model with its confidence
(from 0 to 100%). On top of the fluorescence image is the annotated label by the expert. All
the heat maps show that our DL model either attends to the individual blastomeres or the
inter-blastomere angles. For example, TP heat map (d) focuses on the truly polarized
blastomeres. At a certain time-point, some blastomeres have started polarization but the
others have not, as shown in the FN case (c). This issue resulted in the DL model making a
Type II error with low confidence in the case given. Scale bar = 20 um.

To identify focus areas of our ensemble model, we generated attention heat maps using the
class activation map (CAM) [191] technique. CAM is a heat map representation to highlight
pixels that trigger a model to associate an image with a particular class (before or after onset).
To be specific, we multiplied each feature map passing through the global average pooling
(GAP) layer of ResNet backbone with their corresponding weight connecting the GAP layer
and the fully-connected layer. Then we added the weighted feature maps in an element-wise
manner. Each weight tells us how much importance needs to be given to individual feature
maps. The final weighted sum gives us a heat map of a particular class (in our case, the
before/after polarity onset class), which indicates what pixels our model favors or dislikes to

make the final prediction. The heat map size is the same as that of the feature maps.
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Therefore, to impose it on the input AIF DIC image, we scaled it to the size of the input

image and finally got results shown in Fig. 6.8.

In Fig. 6.8, we have overlaid the CAM heat map with the input testing AIF DIC image. In
each heat map, red pixels indicate regions of the embryo containing features that correlate
positively with the predicted polarization class, while blue pixels indicate regions containing
features that correlate negatively (i.e., correlate positively with the opposing class). To
understand which regions of the input testing image influence our model most, we evaluated
each possible prediction outcome: true negative (TN) (Fig. 6.8 (a)), false positive (FP) (Fig.
6.8 (b)), false negative (FN) (Fig. 6.8 (¢)), and true positive (TP) (Fig. 6.8 (d)). When the
model classified image frames as after polarization, it appeared to use inter-blastomere angle
as a cue. Misclassifications tended to result from mismatched polarity between individual
blastomeres and the overall embryo, producing weak prediction probabilities for both classes
near 50% while the model was forced to choose one class (Fig. 6.8 (c)). Predictions in this
probability range are more reasonably interpreted as not sure or cannot tell, but these were

not options for the model.

The use of inter-blastomere angle as a cue by our model to determine embryo polarization
(Fig. 6.8 (a)) was not surprising. Inter-blastomere angle is an indicator of embryo compaction
[192, 193], a morphological change during development that typically precedes polarization
(Fig. 6.9 (a)). To assess the extent to which our deep learning model uses just compaction
for its polarization prediction, we annotated each embryo’s AIF DIC frame sequence with
the time point of compaction. We defined the time of compaction as the first frame at which
the smallest inter-blastomere angle of the embryo is over 120 degrees, in agreement with
previous research (Fig. 6.10) [193]. All frames after and including this point were considered
compacted, and all frames prior to this point were considered uncompacted. To find the
model’s predicted time point of polarization, we re-aligned embryo frames in their original
time sequence and applied temporal smoothing on the predicted label sequence for each
testing embryo based on majority voting to output a single time point for polarization (Fig.

6.4 (c)).
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Figure 6.9: Comparative analysis of the ensemble deep learning model prediction and the
compaction-based prediction for polarization. (a) Chronological order of compaction and
polarization events during the 8-cell stage for a normal mouse embryo. (b) Correlation
analysis between time points of DL model polarity prediction and compaction. The x and y
coordinate are the predicted polarity onset time index of testing embryos (marked in blue
solid balls) by the ensemble DL model and the annotated compaction time index,
respectively. Their pairwise relationship shows a Pearson correlation coefficient (p) of 0.75.
(c) Violin plot to visualize the time discrepancy between the annotated and the predicted
polarity onset time index on 19 testing embryos by ensemble DL model and compaction
proxy, overlaid with a slopegraph showing each testing embryo prediction time discrepancy
in pair. From the kernel density estimate (blue shade) of violin plot and the connection line
trends of slopegraph, we can tell that the prediction time discrepancy of DL model is
significantly lower than the one of compaction proxy. The p-value is specified in the figure
for *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001, NS, not significant, two-sided
Wilcoxon matched-pairs signed-rank test.

The Pearson correlation coefficient between compaction time point and the model’s
predicted time point of polarization onset was 0.75 across the 19 embryos used for testing
(Fig. 6.9 (b)), suggesting that whilst compaction is indeed a utilized cue, it is not the only

factor used by the model. We evaluated whether our model was superior to using compaction

alone as a proxy for polarization, by calculating the time discrepancies between annotated
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polarization time indexes (ground truth) and predicted time indexes by either our model

or the compaction proxy. The model had significantly smaller time point prediction errors
compared to the latter (two-tailed Wilcoxon matched-pairs signed-rank test, p<0.05, Fig. 6.9
(c)). That is, the model was superior to the use of compaction alone for predicting

polarization and has likely managed to learn additional cues we do not yet understand.

~~——" compacted
2120 degrees

\v/ uncompacted

<120 degrees

Figure 6.10: Criteria for annotating compaction. We measured compaction using the inter-
blastomere angle. The first time point at which the minimal inter-blastomere angle was =
120 degrees was defined as the compaction point. All frames including and succeeding this
point were defined as compacted, whilst all frames prior to this point were defined as
uncompacted. Scale bar = 10 um.

To sum up, in this section we investigated possible reasons for the successes and failures of
our model using the CAM technique and concluded that inter-blastomere angle, an indicator
of compaction, was one of the model’s cues for prediction. However, compaction alone was
an inferior predictor of polarization compared to the model, suggesting that our model
learned additional features informative of polarization that we currently do not understand.
The intriguing implication is that more discriminative biology is apparent in simple unstained

embryo images than we currently realize.

6.6 Summary

In this chapter, we show that an ensemble deep learning model can identify polarization in
unstained embryo images from the DIC microscope with an accuracy surpassing that of
humans by a wide margin. When classifying 583 test DIC 8-cell stage frames, our model
yielded an accuracy of 85% [95% confidence interval (CI): 82.2% - 88.2%] compared to
corresponding average human accuracy of 61% [95% CI: 57.1% - 65.0%].
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It is important to note the difficulty of the polarization detection task using unstained

embryo images, since to the naked human eye, unstained images do not have any clear
features which allow identification of the cellular apical domain. This is reflected in our
observed human accuracy of 61%, which represents a performance level barely higher than
random chance. Expressed as odds, the odds of a human volunteer correctly differentiating
polarization were 1.5—that is, humans were right 1.5 times for each time they were wrong.

In contrast, our deep learning model was right 5.7 times for each time it was wrong.

Current embryo selection in in vitro fertilization (IVF) clinics relies on crude and qualitative
expert inspection of live embryos under plain microscopy that equates to an educated guess.
Deep learning is an unusually well-suited solution to providing a more accurate assessment
of embryo health for IVF, since deep neural networks recognize subtle features that are
difficult for humans to identify [194—196]. Prior research in this field [176, 177, 180] limited
itself only to features that are obvious on bright field or DIC imaging such as cell count and
size, or to directly predict implantation potential without investigating underlying biological
processes [179]. Our model can potentially enable embryo quality assessment using an
important developmental milestone and thereby overcome some limitations of these prior
deep learning studies. To our knowledge, there is currently no other known way to adequately
evaluate the developmentally critical polarization milestone for embryo health screening
prior to selection for implantation. By detecting an underlying developmental feature of the
embryo using unstained embryo images, our study provides a platform for a potential future

solution to improve IVF technology.

Our deep learning-based approach presents a significantly more accurate and less laborious
way to evaluate mammalian embryo polarization compared to manual analysis. In future
studies, this approach can be used to predict other features that indicate the quality of
developing embryos, which can be measured by blastocyst implantation success rate.
Furthermore, it could be useful for stainless tracking of polarization in live human embryos,
allowing IVF clinics to assess embryo polarity status and its precise timing using non-

invasive methods, and move away from empirical embryo grading to a system grounded in
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established developmental milestones of embryogenesis. In the future, in order to further

enhance the generalization ability of our trained model, we can utilize more diverse data,

e.g., from different institutes and clinics.

In conclusion, we have developed a powerful non-invasive deep learning method to detect
embryo polarization from images without the use of fluorescence, while surpassing human
performance. This method has a great potential to provide the first example of detecting an
underlying developmental feature of the mammalian embryo from unstained images, which
could be an important step towards improving IVF technology from the rate of increase in

cell number or assessment of morphological features independently of developmental events.
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