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Abstract

We present deep convolutional neural network (DCNN)-based estimators of the tissue
scatterer density, lateral and axial resolutions, signal-to-noise ratio, and effective number
of scatterers (i.e., the number of scatterers within a resolution volume). The estimators
analyze the speckle pattern of an optical coherence tomography (OCT) image in estimating
these parameters. The DCNN is trained by a large number (1,280,000) of image patches that
are fully numerically generated in OCT imaging simulation. Numerical and experimental
validations were performed. The numerical validation shows good estimation accuracy.
The experimental validation using scattering phantoms shows the reasonable estimations
of the scatterer density and the resolutions. The scatterer density estimator was also
applied to an in vitro tumor cell spheroid, and a reduction in the scatterer density during

cell necrosis was found.
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Chapter 1

Introduction

Speckle is an inevitable phenomenon in the image formation of optical coherence to-
mography (OCT) [1]. The speckle is an information carrier that conveys the properties of
tissues, such as the sub-resolution distribution of the scatterers[2] and sub-resolution trans-
lation [3, 4]. In addition, speckle carries properties of the imaging system itself, such as the
optical resolution[1]. We refer to these properties as “fundamental parameters” in this
paper. This information-carrying nature of the speckle motivates us to measure/estimate
the fundamental parameters through the speckle patterns of an OCT image.

However, the relationship between these parameters and the speckle pattern is compli-
cated, and it is thus not straightforward to estimate these parameters from the OCT image.
This complexity comes from the image formation process. In principle, OCT imaging pro-
cesses can be understood as a combination of two sequential processes. The first process
is a forward process in which the tissue property is encoded into an interference signal. The
second process is the backward process in which the interference signal is processed to
form an OCT image, and the OCT image is then analyzed to estimate the fundamental pa-
rameters. The principle is exemplified by attenuation coefficient estimation [5, 6, 7], signal
intensity estimators[8, 9], and polarization parameter estimations of polarization sensitive
OCT[10, 11, 12, 13, 14].

In general, the forward process is definitive and can be easily modeled, and also can
be relatively easily numerically simulated [15, 16, 17]. On the other hand, the backward
process is complicated and hard to be performed. Despite its ease of simulation, the
forward process is a physical process and does not always need to be simulated. In contrast,
despite the difficulty, the backward process should be numerically performed for accurate

and quantitative OCT measurement.

1.1 Fundamental Idea and objectives of the research

Our fundamental idea is to use a deep convolutional neural network (DCNN) to solve
the complicated backward process. In recent years, deep learning[18, 19] has been demon-
strated to be a powerful tool in the field of computer vision. Its application in OCT, such as
in image segmentation[20, 21, 22, 23], classification[24, 25], and denoising[26, 27] has been
successful. The DCNN is one of the most established realizations of deep learning, which
automatically learns a hierarchy of increasingly complex features related to the training
data sets[28, 29, 30]. The DCNN is a highly nonlinear method and can therefore potentially
solve the backward process.

In our approach, the DCNN takes a local (on the order of tens of micrometers) speckle

pattern of an OCT image as an input and outputs fundamental parameters, including the



scatterer density and optical resolution. Here the scatterer density denotes the number
of scatterers per unit volume. However, the DCNN should be trained using a huge training
data set, and it is not realistic to acquire such a huge data set in experiments. We here
solve this issue to perform simple numerical simulations of the forward process. By em-
ploying a simple model of the OCT imaging, a huge number of local speckle patterns are
created for several predefined resolutions and scatterer densities; i.e., the fundamental pa-
rameters. These sets of parameters and the generated speckle patterns are used to train
the DCNN. Our strategy is therefore summarized as a backward process (i.e., estimation
of parameters from a local speckle pattern) performed by the DCNN and the training of
the DCNN using a fully numerically generated data set that is generated by simulating the
forward process. These estimators are validated by numerically generated OCT images,

experimentally obtained scattering phantom images, and in vitro tumor spheroid images.

1.2 Organization of the Thesis

The thesis is organized as follows. Chapter two studies theory of the optical coher-
ence tomography and generation OCT technology. Also, the theory of Deep Convolutional
Neural Networks (DCNN). Chapter three includes the details of the OCT speckle pattern gen-
erator and the DCNN-based estimators. In addition, the details of the validation method
using numerical validation, scattering phantom (Intralipid), biological tissue samples were
also described. The theory proposed in the chapter is the basement of the DCNN estima-
tor. Chapter four shows the outcome of the DCNN estimators and discussion. Chapter five

concludes the thesis and remarks on directions for future research.



Chapter 2
Theory

2.1 Optical coherence tomography

Optical coherence tomography (OCT) [31] is a biomedical imaging modality which can
non-invasively obtain cross-sectional and three-dimensional images. Figure 2.1 shows basic
configuration of OCT which is based on Michelson interferometer. The light from light
source is divided into a sample and reference arm. The sample beam backscattered by
sample and the reference beam reflected by the reference mirror are recoupled at beam
splitter, and then detected by photo detector.

The OCT imaging is done by measuring the interference signal between reference and
sample beam. The axial OCT measurement is done by estimating the signal intensity and
the depth where the sample beam are backscattered. The cross-sectional image is obtained
by scanning the sample beam. The one-directional axial scan, the two-dimensional cross-
sectional scan, and three-dimensional volumetric scan are called as A-scan, B-scan, and

C-scan respectively.

2.2 OCT in ophthalmology

OCT is well-established biomedical imaging modality, and it is useful in broad fields such
as ophthalmology, cardiology[32, 33, 34, 35], dentistry[36, 37, 38], dermatology[39, 40, 41],
and gastroenterology[d2, 43, 44]. Among the fields, ophthalmology is most suited field for
OCT imaging, and have been used for diagnosis and clinical study. Because the eye is only
organ of optical instrument, and hence it is perfect for investigation by optical modalities.

By using OCT, ophthalmologist can see retinal layer structure by cross-sectional imaging,
and can evaluate disorders. For macular disease, OCT easily visualize lesions in the macular.
Hence, OCT is helpful to diagnose macular disease such as macular hole, macular edema,
and pigment epitherial detachment. OCT is also helpful to diagnose optic nerve disorders
such as glaucoma. Advancement of glaucoma is evaluated by estimating nerve fiber layer
thickness.

In the first demonstration of OCT, Huang et al.. measured ex vivo human retina. And
only two years after the first demonstration, in vivo measurement of retina was demon-
strated by two groups Swanson et al. [45] including MIT group and the Medical University
of Vienna, Fercher et al..[46]. In 1996, Humphrey Zeiss released first commercial OCT unit
for ophthalmology. Although slow clinical adoption in early few years, OCT become an
important clinical tool by technological advance of faster scan speed and increasing image

quality.
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2.3 Technological advance of OCT

First generation OCT technology, so-called time domain OCT (TD-OCT) has a limitation of
measurement speed. Because its axial scan is done by mechanically changing optical path
length of reference arm. Second generation OCT dramatically improved the measurement
speed by avoiding this mechanical scan. This OCT technology exploits Fourier domain
detection, and called as Fourier domain OCT (FD-OCT).

TD-OCT uses a low-coherence light source and axial scanning reference arm. Hence,
the detector detects time domain signal. In contrast, FD-OCT detects Fourier domain sig-
nal by measuring the interference spectrum. This concept was proposed in 1995 [47].
And several research groups independently demonstrated that FD-OCT has not only faster
measurement speed but also powerful sensitivity advantage over TD-OCT [48, 49, 50].

FD-OCT has two subtypes of Fourier domain detection. One subtype, known as spectral
domain OCT (SD-OCT), uses broad-bandwitdth light source and measures the interference
spectrum by using a spectrometer and a high speed line scan cameral[47, 51]. The second
approach, known as swept source OCT (SS-OCT), uses a narrow-bandwidth, frequency-
swept light source, and measure the interference signal as a function of time[52, 53].

FD-OCT firstly attracted the attention by its fast measurement speed. Soon it was rec-
ognized that it has another advantage of higher sensitivity than TD-OCT[48]. In TD-OCT,
interference signal is caused only when the optical path length difference between refer-
ence and probe beam is shorter than coherence length. Therefore, the light which is longer
than coherence length does not contribute to OCT image. On the other hand, FD-OCT is
considered to be a bundle of monochromatic interferometers. For example, in SD-OCT, the
output signals of each wavelength channel can be considered to be monochromatic inter-

ference between the reference and probe beams. In this interference scheme, almost all
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properties of probe beam contribute to generating interference signal, and high-sensitivity
OCT image can be achieved.

Fig. 2.2 shows schematic diagrams of three fiber-based OCT systems including (a) TD-
OCT, (b) SD-OCT, and (c) SS-OCT. As shown in Fig. 2.2 (a) and (b), TD- and SD-OCT system
have same Michelson interferometer part, and the difference is only light source and signal
detection part. In SD-OCT, the output from broad-bandwidth light source is split into two
beams by fiber coupler. The sample beam is directed onto the sample and is backscattered
from internal structures of sample. The reference beam is reflected by fixed reference
mirror. The signal and reference beam have a relative different path length, which is
related to the depth of the structure in the tissue. And the interference between sample
and reference beams is detected by using spectrometer. The relative optical path length
difference can be measured by rescaling the spectrometer output from wavelength to
frequency. Hence, by Fourier transforming the interference signal, it results in an axial scan
measurement.

SS-OCT shown in Fig. 2.2 (c), uses a narrow bandwidth light source, which is frequency
swept in time. The output from a frequency swept light source is divided into a sample and
reference beam. In the sample arm, the beam is backscattered from internal structures of
tissues at different depths. The reference beam is reflected from a fixed reference mirror.
The difference of relative optical path length between two arms can be measured by
digitizing the photodetector signal over a single frequency sweep of the light source, and

Fourier transforming this beat frequency signal. This results in an axial scan measurement.



2.4 Deep Convolutional Neural Networks

Machine learning is a study field of artificial intelligence (Al) that enables systems to
automatically learn and improve from experience without or with little explicit human
interference. It focuses on the development of computer programs that can acquire data
and build models in order to make better decisions according to prior observations or data
records.

According to the adopted learning way, machine learning methods are usually catego-
rized as being either supervised or unsupervised. In supervised learning, a model at hand
is learned on a certain data along with its respective labels. Thus, once a model is learned
on known data, it can be further fed with another set of data whose labels are unknown. In
unsupervised learning, however, prior labels are inaccessible or accessible but unimportant
for the application being addressed. This latter, thus, consists in studying how systems can
infer functions to define hidden structures from unlabeled data. Semi-supervised learn-
ing is another direction whose aim is to exploit a small-sized label data and a large-sized
unlabeled data.

A close look at the recent literature would tell that a big focus is being oriented towards
deep learning. By contrast to traditional Neural Networks, various layers of neurons in
deep learning perform a hierarchical learning of the data representation via non-linear
transformations. In other words, the data is passed cumulatively across a long chain of
layers (thus, the description deep), where each layer can be fully or partially connected
to the preceding one. Although deep architectures have long existed, the term “deep
learning” was first introduced in 2006 by Hinton et al. [54], where they showed that a
multilayer feedforward neural network can be more efficient by applying pretraining of
one layer at a time and considering each layer as an unsupervised Restricted Boltzmann
Machine, by using supervised back propagation for finetuning.

One year later, Bengio et al. [55] developed the Stacked Auto-Encoder, which is a deep
architecture based on the concatenation of many Auto-Encoders. Each Auto-Encoder has
three layers, one visible layer (input), one hidden layer and one reconstruction layer with
similar size as the input. Another famous deep architecture is Deep Convolutional Neural
Network (DCNN) [18, 24]. DCNNs are generally composed of many layers, where each
layer has two parts, one for convolution (filtering) and one for pooling (subsampling). The
chain of convolutional/pooling layers is normally concluded by a regression layer (e.g.,
logistic regression) in order to discern the class label of the image/object presented as
input to the network. DCNNs are shaped in a 2D structure, which offers the advantage of
directly processing the raw images. This can be achieved with local connections and tied
weights followed by subsampling. Yet, it is evident that deep models in general, and DCNNs
in particular, undergo a heavy processing, which demands highly powerful computation
machines. Figure 2.3, Figure 2.4 and Figure 2.5 show examples of architectures of a RBM,
an AE and a deep CNN.
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Chapter 3
Method

This chapter present deep convolutional neural network (DCNN)-based estimators of
the tissue scatterer density, lateral and axial resolutions, signal-to-noise ratio (SNR), and
effective number of scatterers (ENS, the number of scatterers within a resolution volume).
The estimators analyze the speckle pattern of an optical coherence tomography (OCT)

image in estimating these parameters. The details are as follows.

3.1 Three-dimensional speckle pattern generator

Generation small volumetric OCT speckle patterns in a simulation based on a simple
Fourier imaging model. A three-dimensional (3D) scatterer distribution map, S(z,y, 2), is
first generated stochastically to generate the speckle pattern. Here x and y are lateral
positions and z is the depth position. The 3D scatterer distribution map is a complex 3D
numerical array with 16 x 16 x 16 pixels, where the pixels with a scatterer (i.e., scatterer
pixels) have an amplitude of unity and a random phase whereas the pixels without scatterer
have zero values. The scatterer pixels are randomly selected such that the expectation of
the scatterer density of the distribution map is a particular set value. The random phases
of the scatterer pixels represent the randomly distributed sub-wavelength position of the
scatterers.

This 3D scatterer distribution map is then numerically convolved with a 3D complex
point spread function (PSF), PSF(x, y, z), to yield a simulated complex OCT signal G(z, y, )
as

G(z,y,2) = S(x,y, z) * PSF(z,y, 2), (3.1)

where G(z,y, z) is the 3D speckle pattern and x* indicates the 3D convolution. The PSF
is numerically generated as a 3D Gaussian function whose axial and lateral widths (i.e.,
resolutions) are randomly selected. Here, the axial and lateral resolutions are respectively
defined as the full-width-half-maximum (FWHM) and 1/e2-width of the squared amplitude
of the PSF. It is noted that the lateral resolutions along x and y are selected to be identical.
The axial and lateral resolutions are ones of our estimation target. Additionally, the magni-
tude of the PSF is randomly selected to simulate the uncontrolled probe beam power and
unknown scattering intensity. After generating the local speckle patterns, we add complex
Gaussian noise to achieve a randomly but specifically selected signal-to-noise ratio (SNR)
then taking the squared intensity of the 3D OCT speckle pattern.

The generated 3D speckle pattern covers a 31.2-um (z) x 31.2-um (y) x 115.8-um (2)
volume with 16 x 16 x 16 pixels. The pixel separations of the generated speckle pattern
are selected to be identical to those in our experiment described in Section 3.4. The inputs

for the training of the DCNN-based estimator described in the next section are 2D cross-
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sectional OCT images, which are the z-z cross-sections of the 3D numerically generated

speckle pattern.

3.2 DCNN-based parameter estimator

3.2.1 Speckle data set

The data set for DCNN training is generated by the 3D speckle pattern generator de-
scribed in the previous section. The true parameters are randomly selected with specific
ranges of 3 to 30 um for the axial and lateral resolutions, 0 to 50 dB for SNR, and 0 to 0.0645
scatterers/um3 (0 to 1.775 scatterers/pixel?) for the scatterer density. The speckle patterns
are normalized by intensity before being input to the DCNN, and the PSF magnitude is thus
not a significant parameter. Each datum in the data set is the combination of the speckle
pattern and the set fundamental parameters.

The training data set consists of 1,280,000 2D cross-sectional speckle patterns extracted
from 80,000 3D speckle patterns. The validation data set, which is used to compute the
loss during the training, comprises 160,000 2D speckle patterns extracted from 10,000 3D

speckle patterns.

3.2.2 Network architecture and Training
Our DCNN model architecture is shown in Fig. 3.1. The DCNN is input with the 2D cross-

sectional speckle patterns, and it automatically learns the local features of the speckle
pattern and estimates the underlying parameters. The whole network is subdivided into
two parts, namely the feature extraction and the estimation parts.

The input to the feature extraction part is a 2D cross-sectional speckle image with a size
of 16 x 16 pixels [input image in Fig. 3.1]. The input image intensity is normalized to a
[0, 1] range before being input. The first convolution layer (CL1) convolves the image with
32 different filters having a kernel size of 2 x 2 to obtain a feature map (FM1; 16 x 16

pixels x 32 filters). Here, the rectified linear unit (ReLU) is used as an activation function.
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A max-pooling layer (MP1) with a stride of 2 is applied after the convolution, which fuses
nearby spatial information reduce the size of the feature map. The second convolution
layer (CL2) produces the third feature map (FM3; 8 x 8 pixels x 64 filters) using 2 x 2-pixel
kernels and Rel.U activation. After applying a max-pooling layer with a stride of two (MP2),
the third convolutional layer (CL3) generates the fifth feature map (FM5; 4 x 4 pixels x
128 filters). Finally, the third max-pooling layer (MP3) makes the final feature map (FM6; 2
x 2 pixels x 128 filters), and feeds the subsequent estimation part.

The estimation part consists of two fully connected layers of FC1 and FC2 which consist
of 512 and 256 neurons, respectively. The final output layer consists of a single neuron
and its output is an estimated fundamental parameter.

We train our neural network models to minimize the mean squared error (MSE) between
ground-truth parameters and network outputs. The network is trained using an Adam
optimizer[56] with a learning rate of 107%. Five independent networks with the same
network architecture are trained for five fundamental parameters, namely the scatterer
density, the lateral and axial resolutions, SNR, and effective number of scatterers (ENS).
The ENS is the number of scatterers within a 3D resolution volume. It is noteworthy that
the SNR is randomized and the signal strength is normalize, and hence, a DCNN might not
use this information to estimate the scatterer density and ENS.

The models are constructed in Python 3.7 with Keras 2.3.1 based on the TensorFlow
back end. The training of each network with a graphical processing unit (GPU; Nvidia
GTX1080) takes about 5-6 min for each epoch. The training is terminated if the loss has not
decreased for 10 continuous epochs, and the weights with the minimum loss are selected
for the estimator. The minimum loss is obtained at the 30th, 28th, 27th, 15th and 28th

epochs for the scatterer density, lateral and axial resolutions, SNR, and ENS, respectively.

3.3 Validation methods

The DCNN-based estimators are validated using numerically generated OCT signals, ex-
perimentally measured OCT images of the scattering phantom and an in vitro spheroid

sample. The details are as following.

3.3.1 Numerical validation

We evaluated the estimation performances of the DCNN-based estimators using 100
numerically generated OCT speckle patterns. The speckle patterns are generated with the
same method used to generate the training data set, but they are not included in the
training or validation data set. Here, the evaluation performances for the scatterer density,
ENS, the lateral and axial resolutions, and SNR are evaluated. The true values are known

for this evaluation, and we can thus obtain the estimation accuracies.
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3.3.2 Validation by scattering phantom measurement

The DCNN-based estimators were validated experimentally by measuring scattering
phantoms; the Intralipid emulsion. In the field of biomedical optics, 20% Intralipid emul-
sion (IL-20; 1141, Sigma-Aldrich) is frequently used as an optical phantom to mimic the
optical properties of tissue[57]. Six different dilutions were made by mixing the IL-20 with
purified water to obtain concentrations of 1%, 2%, 4%, 6%, 8%, and 10%. Each dilution
was then placed in a Petri dish. Black mending tape was attached at the bottom of the
Petri dish to avoid strong specular reflection from the glass surface. Three samples were
made for each concentration, i.e., 18 samples were made in total.

The scattering of light by Intralipid emulsion is due to the particles of soybean oil and
egg lecithin, and the scattering volume concentration o of IL-20 is known to be 22.7%(v/v)
[58, 59, 60]. Hence, the scattering volume concentrations of the 1%, 2%, 4%, 6%, 8%, and
10% dilutions are 0.227 0.454, 0.908, 1.362, 1.816, and 2.27%(v/v), respectively.

3.3.3 Human breast cancer spheroid

The scatterer density estimator was also applied to an in vitro sample. The sample was
a human breast adenocarcinoma spheroid made from MCF7 cell line. The scatterers in the
cell are cell nuclei and cell organelles, and we thus anticipated that the scatterer density
was strongly related to tissue functions.

After 15-day cultivation, spheroids with a size of a few hundred micrometers had formed.
The spheroid was extracted from the culturing environment and placed in a room-temperature
culture medium without COq supply. The cell might have been gradually dying because of
a lack of nutrients. We performed OCT measurement every 2 hours up to 28 hours. Note
that this experiment was originally performed for the study described in Ref. [61], and the

same data set was used in the present study.

3.4 OCT setup and measurement protocol

Swept-source OCT with a 1.310 um wavelength probe beam and a measurement speed
of 50,000 A-lines/s was conducted in the experiments[62]. Although the system was
polarization-sensitive, we did not use its polarization functionality. The OCT image used in
this study is the coherence composition of multiple polarization channels (Section 2.3.1 of
Ref. [62] and Section 3.8 of Ref. [63]), which is almost equivalent to a standard OCT image.

Two objectives were used in this study. One has an effective focal length of 18 mm
(LSMO02, Thorlabs Inc., NJ). The beam diameter incident on the objective is 3.49 mm, and the
effective numerical aperture (NA) was thus 0.097. This resulted in a diffraction-limit lateral
resolution (spot size)[64] of 8.6 um, whereas the lateral resolution numerically simulated
by OpticStudio (Zemax) is 8.9 um. We refer to this objective as a high-NA objective. The
other objective, a low-NA objective (LSM03, Thorlabs Inc., NJ) had an effective focal length

of 36 mm. The effective NA of 0.048 results in a diffraction-limit lateral resolution is 17.2
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um, whereas the numerically simulated resolution is 18.1 um.

Each B-scan comprises 512 A-lines covering a lateral scanning range of 1 mm, and the
lateral pixel separation is 1.95 um. The axial resolution of our system is 14.1 yum and the
axial pixel separation is 7.24 um in tissue. These axial and lateral pixel separations are
identical to those of the numerically generated speckle patterns (Section 3.1).

The measurements were performed for several values of probe beam attenuation,
namely 0 dB, -5.4 dB, and -11.76 dB (for round trip). The probe power on the sample
was 12 mW with 0-dB attenuation.



Chapter 4

Results and Discussion

4.1 Results

4.1.1 Numerical validation

All DCNN-based parameter estimators show high consistency between the set and esti-
mated parameters as shown in Fig. 4.1. Figure 4.1(a)-(e) are for the scatterer density, ENS,
lateral and axial resolutions, and SNR, respectively. The horizontal axes represent the set
parameters whereas the vertical axes show the estimates.

The root mean square errors (RMSEs) of the estimation are 0.113 scatterrs/um? for the
scatterer density, 3.06 scatterers for the ENS, 1.78 um for the lateral, 1.88 um for the axial
resolutions, and 1.82 dB for the SNR. These RMSEs correspond to 0.23%, 6.15%, 3.58%,
3.79%, and 3.65% of the estimation ranges, respectively. Here, the estimation ranges are
the ranges of each parameter in the speckle generation. R? values of a model “estimate
= true value” are 0.955 for the scatterer density, 0.985 for the ENS, 0.947 for the lateral
resolution, 0.951 for the axial resolution, and 0.985 for the SNR. The estimators therefore

give the reasonable estimates of the parameters.

4.1.2 Scattering phantom

Scatterer density estimation

Figure 4.2 shows the example OCT B-scans of the scattering phantom with the concen-
tration of 0.227%(v/v), where Figs. 4.2(a) and 4.2(b) are obtained with the high- and low-NA
objectives, respectively. We process these images using the scatterer density estimator
having a sliding window of 16 x 16 pixels and computed the average scatterer density
within the Intralipid region. Figure 4.3 shows the average scatterer density at each scat-
terer concentrations for each of three probe-beam attenuations. Figures 4.3(a) and 4.3(b)
show results for the high-NA and low-NA objectives, respectively. Three phantoms were
measured for each concentration, and the error bars in the plots represent the standard
deviations among the three measurements of the three samples.

It is found that the results are consistent for the high- and low-NA objectives. It is also
noteworthy that the estimations are not affected by the probe beam attenuation, i.e., the
probe power. This suggests that the estimator does not estimate the scatterer density from
the OCT signal strength.

The estimated scatterer densities have a linear relationship with the concentration.
The average slopes of the three measurements (three phantoms) are 0.5622 (for -0 dB
attenuation), 0.5436 (-5.4 dB), and 0.5577 (-11.76 dB) um~3/%(v/v) for the high-NA objective,
and 0.5560 (-0 dB), 0.5587 (-5.4 dB), and 0.5415 (-11.76 dB) um~—3/%(v/v) for the low-NA
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Figure 4.2 Example OCT images of a scattering phantom with a concentration of 0.227%

(v/v). (a) and (b) are images obtained with the high- and low-NA objectives, respectively.
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Figure 4.3 Scatterer density estimation of the Intralipid phantoms with several volume
concentrations. (a) and (b) are the results obtained with the high- and low-NA objectives,
respectively, and the color represent different attenuation of the probe beam. The error

bars depict the standard deviations for three measurements of three phantoms.

objective.

We can compute the scatterer size from these slopes as discussed in detail in Section
4.2.1. The intercepts of plots are found not to be zero, although the ideal intercept is zero.
The intercepts are 1.23 (for -0 dB attenuation), 1.20 (-5.4 dB), and 1.20 (-11.76 dB) upm—3 for
the high-NA objective, and 1.26 (-0 dB), 1.23 (-5.4 dB), and 1.25 (-11.76 dB) um~3 for the
low-NA objective. This issue is discussed in Section 4.2.4.

To evaluate the depth dependency of the scatterer density estimation, the estimated
scatterer densities are averaged along the lateral direction (red lines in Fig. 4.4). Here, the
data correspond to those in Fig. 4.2 and the concentration is 0.227%(v/v). The blue lines
indicate the average OCT intensity and the region between the dashed lines is the region
of the Intralipid. The strong OCT signals at just beneath the Intralipid region (dash line) are
from black mending tape placed at the bottom of the Petri dish.

It is found that the estimated scatter densities are almost constant along the depth, and
they are consistent among the NAs. It is also found that the estimated scatterer densities
are independent of the average OCT intensity. The mean scatterer densities in the Intralipid
region are 1.37 scatterers/um? and 1.35 scatterers/um? for the high- and low-NA objectives,
respectively, i.e., the difference is only 1.5%.

Attenuation coefficients or the signal attenuation rate along the depth are frequently
used to evaluate the scattering property of a sample. The attenuation rates of these
data are computed through linear regression of the OCT intensity as -24.8 dB/mm (for
the high-NA) and -6.8 dB/mm (for the low-NA). This relatively large inconsistency (8%) is
accounted in part by the different focus positions and the different depth-of-focuses of the

two measurements.
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Figure 4.4 Depth profiles (blue lines) and the estimated scatterer density (red lines) of the
phantom shown in Fig. 4.2.

Resolution estimation

Figure 4.5 shows the resolution estimation results of the scattering phantom. The data
correspond to those of Fig. 4.2. The blue regions indicate the region of Intralipid.

The average estimates of the lateral resolution over the Intralipid region were 9.6 um
and 18.8 um for the high- and low-NA objectives, respectively [Fig. 4.5(a) and 4.5(b)]. These
estimates are close to the numerically simulated in-focus lateral resolutions of 8.9 um (high
NA) and 18.1 um (low NA). It is also noteworthy that the lateral resolution of the high-NA
objective shows significant depth dependency. This can be accounted for by the short
depth of focus (88.7 um in theory and 95.0 um by Zemax simulation, in air), whereas the
depth of focus of the low-NA objective is relatively long (355.0 um in theory and 392.8 um
by Zemax simulation, in air).

The average axial resolution estimates are 14.1 yum and 13.9 um, respectively for the
high- and low-NA objectives [Fig. 4.5(c) and 4.5(d)]. These estimates are close to the true
depth resolution of 14.1 pm.

4.1.3 Time-course evaluation of a tumor spheroid

The scatterer density estimator is applied to the time-lapse images of an in vitro human
breast cancer spheroid measured up to 28 hours after the extraction from the cultivation
environment (Fig. 4.6). The first and second rows [Fig. 4.6(a) and (b)] show the conventional
OCT and scatterer density image, respectively. It is noted that the estimation window is
relatively large, i.e., 31.2 um (lateral) x 115.8 um (depth), in comparison with the spheroid
size (around 400 pm in diameter), and the estimates at the spheroid periphery are thus not

exactly reliable. Figures 4.6(c) and 4.6(d) show the tissue dynamics images [61] for reference.
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Figure 4.5 Resolution estimates of scattering phantoms (0.227%(v/v)). The first and second

columns are for the high- and low-NA objectives, and the first and second rows show the

lateral and axial resolutions, respectively. The blue background indicates the Intralipid

region.
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Figure 4.6 Time-lapse images of a human breast adenocarcinoma spheroid (MCF7): (a)

conventional OCT, (b) scatterer density images obtained using the DCNN-based scatterer

density estimator, (c) magnitude of the signal fluctuation (LIV), (d) decorrelation speed of
the OCT signal (OCDS,).



18

(a) OCT (b) Scatterer density
25.5
21
m 245 8 .
S
2 . 216 +
5235 { I\ o
Z 225 " E g 11 % ) {
. \*/ <
21-5 T T T T T T T 0.6 T T T T T T T T
0 4 8 12 16 20 24 28 0 4 8 12 16 20 24 28
Time point [hr] Time point [hr]
(c) LIV (d) OCDSe
0.006
&% 34 % 0.005 +
A | el E
% 2 + % { +§+% %0.004 .
o 5}
z 11 Z 0.003
0 T T T T T T T 0-002 T T T T T T T
0 4 8 12 16 20 24 28 0 4 8 12 16 20 24 28
Time point [hr] Time point [hr]

Figure 4.7 Time courses of the average OCT intensity (a), scatterer density (b), LIV (c), and
OCDS, (d) in the central region of the spheroid (lateral 117 pm x axial 144.8 pum).

Figure 4.6(c) presents the “logarithmic intensity variance” (LIV), which is primarily sensitive
to the magnitude of the signal intensity fluctuation, i.e., it is sensitive to the magnitude
of the intracellular motility. Figure 4.6(d) presents the “OCT correlation decay speed at
early delay time” (OCDS,), which reflects the speed of the signal decorrelation. OCDS, has
a large value if there is a rapid motion in the cell. These images are reprinted from our
previous publication [61].

Figure 4.7 shows the time courses of the average OCT intensity (a), scatterer density (b),
LIV (c), and OCDS, (d) in regions of interest (ROI) around the center of the spheroid. The
size of the ROl is lateral 117 um x axial 144.8 um (60 x 20 pixels). The bars in the plots
indicate the standard deviations.

The conventional OCT intensity [Fig. 4.6(a)] does not change appreciably over 28 hours
and the average OCT signal intensity [Fig. 4.7] fluctuates with time and does not have a clear
tendency. Meanwhile, the region with high scatterer density (green) rapidly becomes small
over the first 8 hours [Fig. 4.6(b)]. Additionally, the average scatterer density [Fig. 4.7(b)]
rapidly reduces over the first 8 hours. The low LIV region (red) and high OCDS, region
(yellow to green) became large with time [Fig. 4.6(c) and (d)]. Additionally, the average
LIV gradually reduces with time [Fig. 4.7(c)]], but this reduction is slower than that of the
scatterer density [Fig. 4.7(b)].

The low LIV and high OCDS, are thought to indicate cell necrosis[65, 61]. The main
scatterers in the cell are cell nuclei and cell organelles, and the rapid reduction of the

scatterer density therefore suggests the destruction of nuclei and organelles during necrosis.
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4.2 Discussion

4.2.1 Scatterer diameter of the Intralipid

The scatterers of the Intralipid are the particles of soybean oil and egg lecithin [58, 59,
60]. Assuming the scatterer particles are spherical, the scatterer density (the number of

scatterers per unit volume) of the Intralipid dilution can be computed as

Scatterer density = (4.1)

g
A /3 (d/2)’
where ¢ is volume concentration of the scattering medium and d is the diameter of the
scatterer particle. Using this equation, the diameter of scatterer particle can be computed

from the slope of the relation between the scatterer density and o as

d = y/6/(w slope). (4.2)

In our Intralipid phantom measurements (Section 4.1.2), the slope of the relation be-
tween the scatterer density and o is found to be 0.5533 4 0.0086 um~3/%(v/v), or equiv-
alently 55.33 + 0.86 um—3/(v/v ratio) (mean =+ standard deviation over three attenuations
and two NAs). The diameter of the scatterer particle is thus estimated to be 325.6 nm.
Previously reported scatterer particle diameters of Intralipid vary in the literature; e.c., 25
to 473.9 nm [60], 50 to 400 nm with 225.7-nm mean diameter [58], and 360 nm [59]. The

diameter estimated in the present study is well within the range of reported diameters.

4.2.2 Benefits of numerically synthesized training data set

The present DCNN based estimators were trained by a numerically synthesized data
set. The numerical generation of the training data set has several advantages against ex-
perimentally collecting a training data set.

At first, a massive amount of training data can be obtained with negligible cost. In the
present study, 1,280,000 2D speckle patterns extracted from 80,000 3D synthesized OCT
volumes were used for training (Section ?7).

Second, the training data can have high diversity of the ground-truth fundamental pa-
rameter values. For instance, all the 80,000 synthesized OCT volumes were generated with
different fundamental parameters in the present study. It might make the DCNN-based es-
timator robust. If we achieve the same diversity of the ground-truth parameters with an
experimental data set, 80,000 accurately fabricated phantoms are required, and it is not
realistic.

Third, some of the fundamental parameters are not really controllable in the experi-
ment. For example, the lateral and axial resolutions are defined by the OCT device. And
using massive amounts of OCT devices to prepare the training data set with a variety of
resolutions is not realistic.

Finally, it is noteworthy that some of the fundamental parameters are hard to be accu-

rately controlled in the experiment. As pointed out by Kibler et al., the same recipe of the
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phantom does not always give the same scattering property[? 1. In addition, the resolutions
are affected by the aberrations, dispersion, wavelength-dependent absorption, and so on.

And hence, it is hard to control or know the accurate resolutions in the experiment.

4.2.3 Rationality of the estimation of the signal-strength-independent scatterer den-
sity

The speckle patterns and OCT images are normalized by intensity before being input
to the DCNN-based estimator, and the estimator therefore cannot use the overall signal
strength to estimate the scatterer density. This is consistent with the results shown in Fig.
4.3, where the scatterer density estimates are not sensitive to the probe beam attenuation.

This signal-strength-independent estimation process is reasonable for the following rea-
sons. First, Hillman et al. showed that the contrast of a local speckle pattern has a unique
and monotonical relationship with the ENS, i.e., the number of scatterers per coherence
volume that is an alias of the 3D resolution[2]. This suggests that the ENS can be estimated
from the speckle contrast in principle.

In addition, if we know the size of the coherence volume, we can estimate the scatterer
density (i.e., the number of scatterers per unit volume) from the ENS. The size of the coher-
ence volume can be estimated if the axial and lateral resolutions are known. Kurokawa et
al. showed that these resolutions can be estimated through the spatial correlation analysis
of a local speckle pattern [3].

That is to say, we can estimate both the ENS and the coherence volume size from the
local speckle pattern. Hence, estimation of the scatterer density without information of
the overall signal strength is possible in principle.

In the present study, the DCNN-based estimators successfully estimate the ENS and
the resolutions (Sections 4.1.2 and 4.1.2), which further supports the rationality of the
estimation.

The forgoing discussion gives the idea that the scatterer density can be computed by
combining the speckle contrast analysis of Hillman and the correlation analysis of Kurokawa.
However, it is difficult to accurately compute the speckle contrast and correlation because
of noise in the speckle pattern. One strength of our DCNN-based estimator is that it can
be trained to be robust against noise by adding random noise to the speckle patterns of

the training data set.

4.2.4 Limitation of the current estimators

The current estimation framework has limitations. First, the speckle generator does not
consider the size of the scatterers. The speckle generator uses a 3D numerical field in which
the voxel size is 1.95 um x 1.95 um x 7.24 pm (lateral x lateral x depth), and a single
scatterer correspond to a single voxel. This low accuracy of the scatterer representation

can reduce the accuracy of the estimation.
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The second limitation is that the speckle generator does not account for depth-dependent
signal attenuation. That is to say, the signals in the deeper region are not affected by the
scattering or absorption in the superior region. Although we expect this effect to be small
as the depth of the generated speckle pattern is only 115.8 um, the estimator accuracy
could be further improved by taking this effect into account.

Third, the sensitivity roll-off, depth-dependent variation of noise floor, and confocal
effect [66] were not accounted for in our speckle generator. These factors can affect the
estimation accuracy as it alters the SNR within the estimation window. However, for our
small estimation window whose depth size is 115.8 um, the effects of these factors might
be limited. The estimation accuracy can be further improved by accounting these factors
in the speckle generation process.

Fourth, in the speckle pattern generator, the scatterers are assumed to be static. There-
fore, the jiggle of the Intralipid scatters due to Brownian motion is not accounted for. In
addition to the above two limitations, this discrepancy would partially explain the non-zero
intercept in Fig. 4.3.

Fifth, our study only considers fully developed speckle patterns and does not account
for partially developed speckles. Although this might limit the accuracy and the applica-
bility of the estimators, we believe our current estimators are still reasonable. It is because
several previous studies of OCT are based on the assumption of fully developed speckles,
and they have given reasonable results [1, 67, 2].

We expect further improvement of the speckle generator will increase the accuracy of

the estimators.



Chapter 5

Conclusion

In this study, We demonstrated DCNN-based estimators for the scatterer density, ENS,
lateral and axial resolution, and SNR. The DCNN is trained using fully numerically generated
OCT images (i.e., speckle patterns) and was therefore trained easily using an extremely large
training data set comprising 1,280,000 images. Numerical validation showed the good per-
formance of the estimators. Additionally, validation with the scattering phantoms showed
the feasibility of the estimators in experiments. The scatterer density estimator was also
applied to an in vitro tumor spheroid, and the reduction of the scatterer density during cell
necrosis was visualized.

In conclusion, the DCNN-based estimators successfully extract fundamental parameters
from a local speckle pattern. The scatterer density estimator can be used to quantify a cell
microstructure smaller than the OCT resolution. Furthermore, the resolution estimators
can be used as optimization metrics of image-based adaptive optics or computational
aberration correction and also for the calibration of OCT systems, such as in highly accurate
measurements of the attenuation coefficient.

In the future, we will further improve the present work by deploying the algorithm of
3-dimension convolutional to deal with the 3D speckle pattern to improve model perfor-
mance. Besides, a speckle pattern will also be challenged in this method to evaluate this
model algorithms’ performance on this system in a qualitative way. As revealed in subsec-
tion 4.2.2 and 4.2.4, there is still room to improve it. A further discussion on this board is

also the key to improving this work.
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