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Abstract

During prostate cancer brachytherapy, catheters are inserted into a patient’s
prostate for a highly localized radiation treatment. Accurately placed catheters are
critical for successful treatment and ultrasound images are taken throughout the pro-
cedure to verify their exact positions. However, manually locating catheters on ultra-
sound images is extremely difficult, time consuming, and happens while the catheters
are still in the patient. A fully automatic solution could significantly reduce proce-
dure time and potentially even improve the precision. This thesis introduces a novel
approach that segments 2D ultrasound images using the successful U-Net architecture
to determine catheter candidates. These candidates are then extracted and Fourier
Transformed into the frequency domain. De-convolution is performed directly in the
frequency domain to reconstruct a number of frequency coefficients and remove noise.
Additional features are calculated from the frequency coefficients to supplement the
determined U-Net confidence and candidate location. Altogether, the features from

each catheter candidate are classified by AdaBoost.
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Chapter 1

Introduction

Machine Learning and spectrum analysis in the frequency domain are fundamen-
tal tools in the domains of image and signal analysis. Both have been successfully
utilized separately and together in an attempt to solve most common image anal-
ysis tasks [2, 9, 22, 40, 43, 47]. However, ultrasound images pose a big challenge
to common image analysis techniques due to the amount of noise and a number of
inconsistencies that are not easily removed [27], while especially the medical domain
has a very strong need for accurate predictions [36]. This thesis proposes an approach
combining Machine Learning and spectrum analysis to analyze and annotate medical

brachytherapy ultrasound images.



Figure 1.1: Sample ultrasound image of a prostate during brachytherapy [1].

1.1 Problem Statement and Motivation

Prostate cancer is among the most frequently occurring types of cancer in men [43,
47]. One of the most effective treatment options is brachytherapy, where needles
(catheters) containing a high dose of radioactive material are inserted directly into
the prostate for a highly localized treatment [23, 43, 47]. In an effort to not damage
any healthy tissue and maximize precision, the exact position of these catheters is
closely monitored by a specialist using ultrasound images taken during the procedure.
However, this manual ultrasound image analysis is very time intensive, prone to
human errors, and has to happen while the catheters are inserted into the patient,
which means time is crucial to the patient’s health [23, 43, 47].

The natural properties of ultrasound images are the reason why this task is so



difficult to complete manually. As shown in Figure 1.1, the ultrasound images contain
a substantial amount of speckle noise [27]. While some catheters are noticeable as
bright regions of interest (ROI), there is no clear outline to exactly recognize and
distinguish the bright regions. Further, the number of catheters causes shadows
and artifacts that can appear like catheters, meaning the task at hand is not only
a detection task, but also a classification task to distinguish catheters from non-
catheters [23, 43, 47]. Partly due to both previously mentioned issues, the ultrasound
images also suffer from brightness variance and distortion.

The main objective of this thesis is overcoming these issues by developing a Ma-
chine Learning model to automatically detect and classify catheters in 2D sequential
brachytherapy ultrasound images in a much shorter time span. Layered on top of
another, these annotated images can then be used to reconstruct a 3D model of the
prostate, where true catheter locations and depths can be extrapolated using the 3D

data.

1.2 Approach

Since the underlying task is twofold, the detection of regions of interest that could
be catheters and the subsequent classification between catheters and non-catheters
were done separately. An optimized U-Net [36] model as proposed by Tupor [40]

was trained on ultrasound images to perform pixel-wise classification of ultrasound



()

Figure 1.2: The same sum of two sinusoid functions (a) without noise and (b) with
noise are shown as functions of time. (c) and (d) show the respective constituent
sinusoid function magnitudes of (a) and (b) in the frequency domain as function of
frequency. Adopted from [6].

(d)

images. Every connected group of catheter pixels was considered a region of inter-
est. While U-Net already performs classification, the experiments from Bala [2] and
this thesis indicate, that an alternative classification method based on ROI frequency
domain features is promising with higher prediction confidence. Bala’s results were
promising because when a signal or image is decomposed into its constituent sinusoid
functions in the frequency domain, the relevant components are much easier to rec-

ognize and extract from the unwanted noise as shown in Figure 1.2. Consequently,



each detected ROI was extracted using a kernel and Fourier Transformed into the
frequency domain. Convolution with the extraction kernel was then removed in the
frequency domain based on the image spectrum reconstruction process introduced by
Liu [22]. Multiple meaningful features were generated from the ROIs’ reconstructed
frequency coefficients and supplemented with additional features. This data was then
classified by a simple AdaBoost predictor which appears to significantly outperform

more complex classification methods in this instance, such as Neural Networks.

1.3 Contributions

This thesis proposes a novel twofold model for 2D brachytherapy ultrasound image
segmentation and classification. The first model component uses the existing state-of-
the-art U-Net architecture [36] as implemented and optimized by Tupor [40]. Unlike
Tupor’s approach, the U-Net component is not intended to only deliver ideal and
accurate pixel-wise predictions, but it was meant to suggest as many catheter can-
didates as possible, regardless of them being true catheters. This goal was achieved
by running two U-Net predictors each trained on differently pre-processed data on all
data regardless of the pre-processing method.

During Bala’s [2] experiments, their proposed model had the downside of be-
ing unable to perform ROI detection, limiting it exclusively to classifying manually

annotated data with ROIs in the exactly correct locations. With a much larger



ROI pool than Tupor’s, the set of automatically U-Net extracted ROIs was used for
Bala’s frequency domain analysis method as a second model component to evaluate
their model’s performance under more realistic conditions with fully automatic data.
Throughout the frequency domain analysis process, a number of inaccuracies in Bala’s
research were found, thoroughly discussed, and analyzed in new experiments: The
detected ROIs were extracted from the original ultrasound images using two different
extraction kernels. The subsequent ROI frequency reconstruction in the frequency
domain as proposed by Liu [22], was then modified to be performed with different
combinations of the extraction kernels to determine their impact on the predictions.

Additional supplemental features, such as U-Net confidence of an ROI being a
catheter and location information in the original ultrasound image were added to the
data generated from the ROIs” frequency coefficients. The final numerical dataset
was then classified by an AdaBoost ensemble learner for final predictions with an
accuracy far exceeding the accuracy Tupor’s [40] U-Net model and Bala’s [2] Probing

FCNN can achieve on their own.



1.4 Thesis Overview

The remaining chapters of this thesis are structured as follows:

e Chapter 2 provides an overview of recent research using U-Net based models in

medical imaging and spectrum analysis of images.

e Chapter 3 introduces a deeper review of U-Net as a Convolutional Neural Net-

work, the Fourier Transform, and spectrum analysis in the frequency domain.

e Chapter 4 explains the steps taken to generate a dataset of ROI candidates using
U-Net. It then details the features extracted per ROI for frequency domain

analysis used for the experiments in this thesis.

e Chapter 5 outlines all performed experiments and analyzes their results.

e Chapter 6 concludes this thesis with a discussion about its limitations and also

potential for further research and improvements in the future.



Chapter 2

Related Research

Automatic image segmentation is one of the core disciplines in modern Machine
Learning research due to the large number of possible applications. Self-driving
cars [25], security systems [35], and face recognition [21] are just a few fields where
image segmentation is actively researched for purposes of object detection and clas-
sification.

With an ever growing world population, efficiency in medical procedures is more
important than ever, leading to the introduction of Machine Learning methods to
automate and optimize manual analysis tasks [37]. Especially in medical imaging,
applied Machine Learning methods not only save time, but show highly promising
results in some domains, such as ultrasound image segmentation, where manual anal-
ysis is tedious, time intensive, and error prone [3, 12, 13, 47]. This chapter reviews

multiple related approaches to address these issues which are also further outlined in



Section 1.1. Various recent research based on the renowned U-Net architecture [36]

is discussed, followed by an alternative approach using image spectrum analysis.

2.1 U-Net Ultrasound Image Segmentation

U-Net [36] is among the most popular and successful convolutional neural network
architectures for the medical imaging domain, where even in the case of brachytherapy
ultrasound images only, multiple different research groups applied it independently
since 2020 [40, 43, 47]. The reason for that is U-Net’s unique architecture extracting
local semantic features from repeatedly downsizing the image and putting them in the
global context of the subsequently up-sampled whole image where noise was reduced
due to the up-sampling, allowing it to accurately detect local and global features. Not
only are objects detected accurately, their precise location is also determined and the
model does not need a large sample amount to be trained. All of these factors make
U-Net an excellent choice for medical purposes where both detection and localization
are often a must and samples are scarce [36].

The simplest implementation of the U-Net architecture in this domain was done
by Tupor [40], who focused solely on data pre-processing and hyperparameter-tuning
their U-Net based model. Ultrasound images were cropped to the relevant areas to
avoid false positives and they were contrast enhanced to make regions of interest,

which also happen to be bright spots, more distinguishable from their surroundings.



Lastly, the dropout rate was increased to 50% for improved regularization. All these
improvements led to a 2D accuracy of 79%. When the sequential image slices were
stacked to reconstruct an annotated 3D prostate model and 2D catheter predictions
were clustered to detect 3D catheters, an overall 3D accuracy of 89% was achieved
by Liu et al. [23] based on Tupor’s 2D data.

Zhang et al. [47] approached the task similarly with emphasis on pre-processing
their data. They applied total variation regularization to reduce noise in their dataset.
Additionally, they utilized the attention gate approach proposed by Oktay et al. [31]
where attention gates are used in the U-Net skip connections to reduce false positives
by assigning a lower weight to less relevant background features. While Zhang et al.
did not quantify the accuracy of their 2D predictions, the accuracy in the resulting,
reconstructed, 3D data was 96%, however, their dataset was not as clinically diverse
and challenging as the one used by Tupor [40] and Liu et al. [23].

Wang et al. [43] implemented U-Net almost opposite to the modifications used by
Zhang et al. [47]. Instead of trying to improve the data from U-Net skip connections,
skip connections were omitted entirely to suppress noisy data from the encoder. Fur-
ther, since the models of all three research groups [23, 43, 47] struggled detecting the
tips of catheters, Wang et al. employed a secondary model with modified Vggl6 ar-
chitecture [38] specifically designed to enhance catheter tip detection. Overall, their

3D model achieved an accuracy of 95% for catheter shafts.
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The approach in this thesis builds on the ideas of Tupor [40] to utilize a simple but
optimized U-net implementation with some data pre-processing. Similar to Wang et
al. [43], a second model based on the work from Bala [2] as explained in Section 2.2
is applied in addition to U-Net, but it helps classify all catheters as a whole in 2D

images, not just catheter tips as was the case for Wang et al.

2.2 Image Spectrum Analysis

Spectrum analysis in the frequency domain is an important technique traditionally
used for signal analysis [9, 26]. However, it also has many application in image analysis
for various image manipulation, filtering, and analysis purposes [4, 14, 22, 45].

In most cases, images are analyzed because they are not made up entirely of a
repeating patterns, meaning they are discrete and non-stationary signals. As such,
regions of interest have to be extracted and analyzed locally to avoid interference from
other image regions [4, 14]. While extraction methods like the Gabor transform [34]
already exist, they introduce a different kind of convolution to the extracted image
regions. Liu [22] proposed a novel approach to remove this convolution. Bala [2]
fully utilized Liu’s solution on brachytherapy ultrasound images. They discovered
a number of patterns in the frequency spectrum of catheter regions of interest and
introduced features to capture these properties. Bala then used a Neural Network

to classify regions of interest as catheters and non-catheters using these features.

11



They achieved an accuracy of 74% on 2D images which is lower than the results
of Tupor [40] after the introduction of contrast enhanced images. However, the vast
majority of predictions made by Bala’s model had far more desirable confidence values
than Tupor’s U-Net model, indicating it could potentially enhance a U-Net model.
The one downside of Bala’s proposal is their model only being able to classify, but

not detect regions of interest.

12



Chapter 3

Background

This chapter reviews background materials relevant to the experiments conducted
during this thesis. It starts by explaining why image segmentation is important and
how the Convolutional Neural Network architecture U-Net achieves this goal. Sec-
ondly, it provides a detailed description on the frequency domain, how different func-
tions can be Fourier Transformed for frequency domain analysis, and what valuable

insights can be obtained from doing so.

3.1 Image Segmentation

Thanks to deep learning technology, certain types of images can be automatically
analyzed and labelled based on some object in them. In the context of some domains,
such as medical imaging [36], however, it is highly important to not only know what is

in an image, but where exactly the region of interest is located. Image segmentation

13



Input Image Semantic Segmentation Instance Segmentation

Figure 3.1: Visual difference between semantic image segmentation and instance seg-
mentation of overlapping objects with the same class label. Adopted from [39].

achieves that goal by dividing an image into its various components based on some
criteria [46].

Semantic segmentation is a kind of image segmentation that assigns a class label
to each pixel of an image. When multiple instances of a class overlap without a
clear border, pixel-wise classification does not infer the specific instance of that class
to which the pixel belongs. The finer inference method instance segmentation is
necessary to distinguish objects of the same class inside an image [16]. An example of
the difference between semantic segmentation and instance segmentation is depicted

in Figure 3.1.

14



3.2 Convolutional Neural Networks

Convolutional Neural Networks (CNN) [20] are a specialized group of neural net-
works that are modelled after the brain’s reception of some types of inputs. Biological
neurons in a brain each focus on a small, local subset of stimuli and collectively they
can perceive the whole input. CNNs are widely used to apply that same technique in
image classification and segmentation. As artificial neural networks, CNNs consist of
multiple layers that perform some operations to extract information from the input.
CNNs are centered around the linear convolution operation. Like neurons in a brain,
the convolution operation extracts some useful information from a small region of an
input to detect features that may not have been noticed in the global context of the
entire input. Put together, these features result in a segmented version of the input.

This makes CNNs ideal for data with grid-like topology, such as images [15].

3.2.1 CNN Operations
Convolution Operation

The most important operation CNNs are named after is the convolution operation.
A kernel of pre-determined size containing real weight values is moved over an input
to extract local features by using matrix multiplication. The results from moving
the kernel in increments (called stride) across the entire input form a feature map
quantifying the presence of that specific feature everywhere in the input [15]. An

15
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Figure 3.2: Visualization of a convolution operation on a 2D example input I using
a 3 x 3 kernel K and stride 1. Adopted from [28].

example of this process can be observed in Figure 3.2.
Convolution operations often apply a number of kernels to an input to extract
many feature maps at a time [15, 36]. The goal of training a CNN is optimizing the

weights of these kernels to extract the most relevant feature information [15].

Activation Operation

After convolution operations, CNNs typically apply an activation function on the
convolution output [15]. At their core, convolution operations are linear and cannot
deal with non-linear inputs. Activation functions introduce non-linearity to make
CNNs more robust to linear and non-linear inputs [44].

One of the most popular and to this thesis most relevant activation functions

16



is rectified linear activation (ReLU). It maps negative values in feature maps to 0
and leaves non-negative values unchanged. Despite the simplicity of that change, it
introduces enough non-linearity to feature maps to substantially improve a classifier’s
performance [44].

Another important activation function is the sigmoid function. Some CNN ar-
chitectures use it in the output layer after a 1 x 1 convolution step to map class

probabilities to that part of the output [36].

Pooling Operation

Pooling operations usually down-sample an input to a smaller size by extracting
some summary of each region of an activated feature map [15, 36]. This step helps
extract semantic context and it introduces invariance to small input translations [15].
For the purposes of this thesis, the most pertinent pooling operation is max pooling,

which simply extracts the highest value in that region of activated features.

De-Convolution Operation

As implied by the name, de-convolution or transposed convolution can be seen as
the counterpart to a convolution operation. Each value in a feature map is multiplied
with some kernel of pre-determined size to up-sample and reconstruct an input [36,

40,

17
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Figure 3.3: Schematic presentation of the U-Net architecture outlining the compo-
nents, the data’s path, and used data dimensions. Adopted from [36].

3.2.2 U-Net

Although first proposed 7 years ago, the CNN architecture U-Net designed by
Ronneberger et al. [36] is still a state-of-the-art framework for CNN based image seg-
mentation, with an ever growing number of derivative models [3, 43, 47]. Originally
developed for the biomedical imaging domain, it meets the high demand not only
for accurate classifications, but also precise localization of regions of interest. As a
fully convolutional network [24], U-Net performs pixel-wise predictions, outperform-

ing conventional CNN models in locating regions of interest.

18



U-Net was named after its U-shaped encoder-decoder architecture which can be
seen in Figure 3.3. The encoder contains four steps that contract the data to lower res-
olutions, but with an increasing number of feature maps, to encode semantic informa-
tion about low-level features in the input image. Each step performs two convolution
operations with ReLLU activation and stride 1, before the results are down-sampled by
a max pooling operation with stride 2. In the initial encoder step, the first convolu-
tion operation generates the desired number of feature maps and the first convolution
operation in subsequent steps doubles that number. The so-called bottleneck takes
the encoded data and performs a pair of ReLLU activated convolution operations as an
encoder step would and passes it to the decoder without performing another pooling
operation.

The decoder is more or less symmetric to the encoder and up-samples data to
higher resolutions using information propagated by the feature maps and data re-
ceived directly from the encoder through skip connections to decode high-level fea-
tures and their precise locations. The four steps in the decoder start with a de-
convolution operation to up-sample the image to twice its resolution with only half
the number of feature maps. The up-sampled data is then concatenated with the
appropriately cropped output of the second activated convolution operation in the
corresponding step of the encoder. Each decoder also performs a pair of ReLLU acti-

vated convolution operations of stride 1. The first convolution in each decoder step

19



halves the number of feature maps. Lastly, a final convolution with kernel size 1 x 1
is used to map each pixel of the reconstructed image to a class label, resulting in a
segmentation map of the input [36]. In the case of binary classes, a sigmoid activa-
tion function is used after the final convolution operation to receive class probabilities

instead of class labels [40].

3.3 Frequency Domain

Images are traditionally represented by a 2D matrix where the matrix coordinates
match the image coordinates and matrix entries represent the corresponding pixel
intensity and color. While it is visually more intuitive, this image representation in
the spatial domain is not always ideal for image processing. In addition to better
efficiency, some operations and concepts are far easier to achieve in the frequency
domain [4, 14].

A visual representation of the same one-dimensional signal in spatial and frequency
domain are shown in Figure 3.4 [5]. The three wave functions in blue, green, and
purple are components that result in the red function f if added together. In the
spatial domain, f is a sinusoidal function of time. To get to the frequency domain,
f is transformed to the complex-valued function F' where most insights are usually
gained from the magnitude. Consequently, frequency domain analysis looks at F' as a

function of frequency, showing the magnitude of the component signals as frequency

20
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Figure 3.4: Representation of the different viewpoints from spatial /time domain and
frequency domain on a one-dimensional function (red) composed of three other func-

tions. Adopted from [5].

spectrum [7]. Nonetheless, the complex phase may also provide valuable insights [10].

3.3.1 Fourier Transform

The Fourier Series is a means of approximating any periodic function into a sum
of sinusoid functions. Since trigonometric functions are very well understood and
researched fundamental tools, their properties can be leveraged to gain invaluable
insights that would otherwise be difficult to obtain. Most importantly, a function rep-
resented by a Fourier Series can be completely reconstructed to return from analysis
in the frequency domain to the spatial domain without any information loss [4, 14].

Figure 3.5 shows examples of a periodic function encoded by varying numbers of

21



Square Wave Partial Sum: n=3 Error = 0.10027 ) Square Wave Partial Sum: n=7 Error = 0.051357

15
1 /\ 7\ 4 N A _~_N
A4 NSNS
0.5 05|
0 0
-0.5 -0.5
1 /\ 1
1.5 - L L 15
3 -2 1 0 1 2 3 -3 2 -1 0 1 2 3
15 Square Wave Partial Sum: n=15 Error = 0.026283 15 Square Wave Partial Sum: n=41 Error = 0.010666
1 I\ NN A 1} M
0.5 05|
0 0
-0.5 } -0.5
1 FAN . U A | 1
- \van~ e S G- v -
5L . . L " . " 15 = . . . . . L
-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3

Figure 3.5: Example of Fourier Series approximating a periodic function (red) with
the sum of n sinusoid functions. Adopted from [42].

sinusoid functions.

The Fourier Transform is a logical extension of the Fourier Series for non-periodic
functions that are continuous and integrable with the goal of enabling frequency
domain analysis of those functions. Similar to the Fourier Series, a function f(z)
is encoded as a sum of sinusoid functions. Unlike the Fourier Series, that sum is

multiplied with a weighting function and then integrated, resulting in the transformed
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function F'(u) in the frequency domain, as shown in Equation 3.1 [14].

Flu) = / F(@) - 2 gy (3.1)
The inverse Fourier Transform takes a signal function F'(u) in the frequency do-

main and restores the original signal function f(z) in the spatial domain as shown in

Equation 3.2 [4, 14].

flz) = /_OO F(u) - 2™ du (3.2)

(e 9]

For the purpose of this thesis, we assume f(x) to be in the real number space and
F(u) to be in the complex number space. With that in mind, Euler’s notation [4, 14]
for a complex number ¢ denoted in Equation 3.3 shows how the transformation F'(u)
from f(z) can be written in the characteristic sum of sinusoid wave functions in the

frequency domain.

c=¢e" = cos(0) +i - sin(0) (3.3)

In the case of 2D signal functions f(x,y) from the spatial domain that are con-
tinuous and integrable, the forward and inverse Fourier Transform Equations 3.1
and 3.2 can be extended as shown in Equations 3.4 and 3.5 [4, 14] where u and v are

frequencies along the z-axis and y-axis respectively.
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F(u,v)=/ / flay) - e 2me ) e dy (3.4)

flz,y) = / / F(u,v) - ™) gy dy (3.5)

Since the signal f(z,y) is a discrete image matrix with M rows and N columns in
the case of this thesis, the Discrete Fourier Transform is necessary to handle discretely
sampled input data. Equations 3.6 and 3.7 show, how frequencies are summed across
columns and rows. The resulting Fourier Transform is another matrix of size M x N

containing complex numbers [4, 14].

M—-1N-1
_ flz o~ i2m(ux/M+vy/N) (3.6)
=0 y=0
1 M—-1N-—
f(x7y B - Z Z z27r (ux/M+vy/N) (37)
u=0 v=0

3.3.2 Frequency Domain Analysis

Figure 3.6 visualizes what information the magnitudes of 2D images encode. Two
simple cos functions f and g of different frequencies are shown in (a) and (b), whilst
(c) shows the sum f + g. (d) through (f) show the respective absolute magnitude
values of which there are two per sinusoid function plus an additional one repre-
sented by a dot in the image center. The latter magnitude represents the constant
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Figure 3.6: (a) and (b) show simple sinusoid functions in a 2D image and (c) shows
the combination of those two functions f and g. (d) through (f) show the respective

magnitudes. For visualization purposes, magnitudes are shown as log of the absolute
magnitude values. Adopted from [29].

value added to the sinusoid functions to avoid negative pixel values which cannot be
displayed. (d) through (f) clearly indicate how easy it can be to combine, but also
distinguish component functions in the frequency domain as opposed to the spatial
domain. However, not all images are simple 2D representations of a few sinusoid
functions. More realistic and complex images require far more sinusoid components
to be represented, as shown in Figure 3.7. A notable observation is the many strong

magnitudes in (d) along the diagonal from the bottom left to the top right which are
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Figure 3.7: Examples of more complex 2D images (a) through (c¢) and the corre-
sponding signal magnitudes in the frequency domain shown in (d) through (f). For
visualization purposes, magnitudes are shown as [og of the absolute magnitude values.
Adopted from [29].

necessary to encode the sharp long edges in (a) of the rectangle which are orthogonal
to that same diagonal line. Upon closer inspection, similar patterns can be seen in

the other images and their respective magnitudes [29].

3.3.3 Signal Convolution and De-Convolution

As explained in Section 3.2.1, Convolution is a crucial mathematical operation in

Neural Networks, but it is also a core tool in signal analysis. Let f(x,y) and g(z,y)
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be a continuous function and kernel with respective Fourier Transforms F'(u,v) and
G(u,v). The Convolution Theorem states, that the result h(x,y) of the convolution
f(z,y) ® g(x,y) in the spatial domain can also be obtained from the multiplication
F(u,v) - G(u,v) = H(u,v) in the frequency domain (Equation 3.8), where H (u,v) is
the Fourier Transform of h(z,y), and vice versa, and where ® denotes the convolution

operation (Equation 3.9) [14].

Convolution Theorem

[ y) @ g(z,y) = Wz, y) <= F(u,v) - Glu,v) = H(u,v) (3.8)

f(xy) - g(z,y) = Wz, y) <= F(u,v) @ Gu,v) = H(u,v) (3.9)

In the case of discrete functions, F'(u,v) ® G(u,v) in Equation 3.9 has to be
divided by M N, but the following implications remain the same [14]. Practically ap-
plied, simple multiplication in one domain can be used to avoid computationally more
complex convolution in the other domain utilizing the forward and inverse Fourier
Transform. In theory, this also means convolution in one domain can be reversed
through division in the other domain, but due to noise in observed functions this
de-convolution process is not trivial [22, 33].

Most research focuses on de-convolution through division in the frequency domain
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of a convolution in the spatial domain [18, 19], but Liu [22] developed a novel approach
to inverse convolution entirely in the frequency domain. Similar to later experiments
in this thesis, Liu extracted a region of interest from an image f(z,y) through mul-
tiplication with a Gaussian kernel [7] g(x,y). The impact of that kernel could easily
be removed through division h(x,y)/g(z,y) = f(z,y) in the spatial domain, but then
the image f(z,y) would no longer be restricted to the desired region of interest. In-
stead, they had to perform de-convolution in the frequency domain to restore the
image F'(u,v) = H(u,v) © G(u,v), where @ denotes the de-convolution operation as
inverse to convolution for this thesis. Section 3.3.4 outlines Liu’s approach to solving

this de-convolution problem using an iterative reconstruction process.

3.3.4 Image Spectrum Reconstruction

Liu’s Probing Detector [22] assumes a local region of a function f(x) was extracted
using multiplication with a Gaussian kernel g(x) in the spatial domain resulting in
image h(x). Given are the Fourier Transforms G(u) and H (u) of g(x) and h(z) respec-
tively. With the Convolution Theorem, we know H (u) is the result of the convolution
F(u) ® G(u) and the goal is to iteratively reconstruct each frequency coefficient u
composing the unknown Fourier Transform F'(u) of the extracted region f(x) in the
original image. Figure 3.8 visualizes this process with a one-dimensional example.

(a) shows the frequency coefficient spectrum that is to be reconstructed, in (b) is
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(¢) F(u) © G(u) = H(u)

A\ NN,

(d) ' (e) Remaining H (u)

Figure 3.8: Visualization of the one-dimensional convolution between the Fourier
Transform of a function in (a) and a Gaussian kernel in (b) resulting in (c). The
frequency coefficient with largest magnitude in (d) is identified and its influence on
(c) removed, resulting in (e). Adopted from [22].

the Fourier Transform of the Gaussian kernel, and (c) shows the convolution of both.
Despite some peaks overlapping due to the convolution with the Gaussian kernel, the
largest peak in (c) is assumed to be sufficiently distinguishable and a close estimate of
some frequency u and is saved in the originally empty array F'(u) in (d) at that same

location as approximation. G(u) is then scaled by the magnitude of the extracted
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frequency coefficient and subtracted from H (u), to remove that coefficient’s peak and
reveal peaks correlating to smaller frequency coefficient magnitudes as shown in (e).
By introducing a maximum number of iterations N and extracting the N largest
peaks only, noise frequency coefficients of smaller magnitude are filtered from the
image.

The 2D version of the described algorithm as it was used in this thesis is formalized

as follows:

Input: Image f(z,y), probing location (x¢,yo), window size o.

Output: Reconstructed magnitudes of frequency coefficients F'(u,v) from the

region of interest.

Step 1: Initialize a 2D array F'(u,v) and define the number N of maximum

iterations.

Step 2: Compute a Gaussian kernel g(z,y) given the probing location (zo, yo)

and window size o.

Step 3: Compute the product of f(x,y) and g(z,y), denoted as h(zx,y).

Step 4: Compute the Fourier Transforms H(u,v) and G(u,v) of h(x,y) and

g(x,y) respectively.

Step 5: For each iteration:
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(a) Find the largest magnitude peak in the frequency spectrum of H(u, v) and

store it in F'(u,v).

(b) Scale every element of G(u,v) using the largest frequency coefficient mag-

nitude and store the result in G'(u, v).

(c) Subtract G'(u,v) from H(u,v).

Return: F(u,v).
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Chapter 4

Dataset Generation

This chapter gives a detailed explanation of the provided dataset and how infor-

mative features were extracted before evaluation during the experiments.

4.1 Ultrasound Image Dataset

Prostate ultrasound images of brachytherapy patients were kindly provided by the
Saskatchewan Cancer Agency (SCA) [1]. Overall, their dataset consists of records
from 303 different anonymous patients with each record containing 134 numbered
image slices. Higher numbered slices are closer to the catheter insertion point. Most
images have a size of 692 x 354 pixels. However, 13 records use different image sizes

or have missing data, and thus were discarded.
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Figure 4.1: Visualization of the recording process for the ultrasound images pro-
vided by the Saskatchewan Cancer Agency [1] during prostate cancer brachytherapy.
Adopted from [41].

4.1.1 Ultrasound Image Acquisition

As shown by Figure 4.1, catheters were inserted into a prostate using a placement
grid. Afterwards, an ultrasound probe inside the rectum took 2D image slices of the
prostate. Stacked on top of one another, the 2D ultrasound image slices comprise a
3D model of the prostate and the catheters inside it. While the same placement grid
was used for all patients, the number and pattern of catheters vary between patients.
Each slice contains between 11 and 18 true catheter labels for a mean number of 16
catheters.

Each image comes with four different masks describing the location of the prostate,

catheters, urethra, and rectum. Of those masks, only the catheter labels are used in
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Figure 4.2: Sample ultrasound image from the SCA dataset with catheter ground
truth highlighted in red [1].

the following experiments. These masks were created manually by medical profes-

sionals.

4.1.2 Dataset Challenges

Current brachytherapy ultrasound images pose a number of challenges that make
it difficult to analyze them. Due do the nature of ultrasound images, they contain
speckle noise that blurs regions of interest and distorts them the further away from
the probe they are, as shown by Figure 4.2. Both of those issues combined lead to
a variance in brightness and size of catheters. Not only does this make it harder to
segment images, but it also causes catheters to not be visible at all in some of the
2D image slices. The catheters can also reflect ultrasound waves causing echoes that
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are often indistinguishable from a catheter in the ultrasound image to people without
medical background.

Another issue is the physical shape of the catheters. They are long and thin
needles that may bend inside the tissue, despite the placement grid being used during
insertion. The further inside a body they are, the more their location may deviate
from their original grid position.

Since the dataset was labelled by medical professionals for medical purposes, the
labels are presumably as accurate as they can get. However, the data requirements
for medical and machine learning processes are different. Even if a catheter is just
barely or not at all visible in an ultrasound image, the catheter position was deter-
mined using the neighbouring 2D image slices to add a catheter label at that position
anyway. While that is important for medical purposes, it leads to some ultrasound
image sections labelled as catheter based on 3D information outside of that 2D image
slice. Additionally, the brightness and contrast of entire ultrasound images, but also
individual sections of them, were adjusted per image to ideally facilitate the man-
ual segmentation process. This leads to further variance in contrast and brightness

throughout the dataset and even within individual ultrasound images.
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4.2 FDA Dataset

A number of steps have to be taken to generate a dataset suitable for Frequency
Domain Analysis (FDA) of the provided ultrasound images. First, the ultra-sound
images have to be pre-processed to have a U-Net classifier suggest candidate regions
of interest that could be a catheter. The suggested image coordinates then have the
steps outlined in Section 4.2.3 applied to them to generate meaningful features to
classify that region of interest. Lastly, further supplemental features are added to the

dataset for experiments to be performed on it.

4.2.1 ROI Candidate Generation with U-Net

Even seven years after it was first proposed, U-Net is still the state-of-the-art
image segmentation architecture [36]. Tupor [40] has accordingly chosen a U-Net
based model in their thesis to find catheters in ultrasound images from this very
dataset and their model achieved an accuracy of 79%. For that reason, two different
U-Net classifiers were trained as part of this thesis according to the optimized hyper-
parameter specifications determined by Tupor. The first classifier was trained and
evaluated on a cropped version of the original ultrasound images (original classifier),
while the other one is using the same cropped ultrasound images after their contrast
was enhanced through histogram equalization (contrast classifier) [30].

Tupor only had access to the first 185 records of the ultrasound image dataset and
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they trained as well as validated their model on 2D slices from within the range of 10 to
130 of those records. Other slices were discarded because they contained faulty images
without proper ultrasound readings, or did not show the prostate. The two classifiers
were also trained and evaluated on the image slices 10 to 130 from the records 1 to
185 as Tupor did. The core difference to Tupor’s approach is that the generated list
of potential catheter centroids from the pixel-wise U-Net prediction was not trimmed
to the most likely X candidates, where X is the known number of catheters in that
image. Instead, every single potential candidate was used to generate entries in the
dataset for frequency domain analysis, assuming FDA is better at detecting catheters
as indicated by Bala’s findings [2].

Each predictor classified both original and contrast enhanced image slices 10 to
130 of the records 186 to 303, to avoid any bias the classifiers might have to the images
on which they were trained. Pixel-wise classification used a confidence threshold of
20%. This process resulted in four lists of catheter centroid candidates from ROIs as
those shown in Figure 4.3. Especially in the case of the original classifier predicting
contrast enhanced images and the contrast classifier predicting unaltered images, the
candidate lists contained false positive ROIs. These intentionally poor results add
additional candidates which the more optimized pairings of classifiers, predicting the
types of images they were trained on, did not find. While the odds of these extra

candidates actually being catheters were presumed to be low, this step added a large
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Contrast Classifier Original Classifier

Contrast Enhanced Image

Unaltered Image

Figure 4.3: Sample predictions of the two U-Net models trained on contrast enhanced
data and unaltered data respectively on both contrast enhanced and unaltered images.
Ground truth labels are highlighted in red.

number of negative examples needed to train the subsequent FDA classifier. The
four separate candidate lists were first filtered to remove small regions of interest
with bounding box pizelwidth + pixelheight < 12. The threshold 12 was determined
to remove the smallest of ROIs which in the vast majority of cases are non-catheters of
which a sufficiently large number was already being detected. The few actual catheter
ROIs of that small size are in most cases also detected by a different classifier and
image type pairing. After filtering, the candidate lists were concatenated in the

following order:
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1. Candidates from contrast classifier predicting contrast enhanced images

2. Candidates from original classifier predicting unaltered images

3. Candidates from contrast classifier predicting unaltered images

4. Candidates from original classifier predicting contrast enhanced images

Each element of the resulting ordered list was then called in order, removing all
subsequent list entries with a position within euclidean distance of 3 mm (11.33 pixels)
to remove duplicates. Overall, the mean number of extracted unique candidates from
each image slice was 36, more than twice the mean number of 16 true catheters.
Similar to Tupor’s method [40], each candidate was assigned two different class labels.
The coarse class label states whether the centroid is within 3 mm (11.33 pixels) of a
true catheter centroid and the fine label is true if the centroid is within 2 mm (7.5

pixels) of a true catheter centroid.

4.2.2 ROI Detection Accuracy

Since all candidates were solely determined by the explained U-Net predictors
without being manually supplemented with all true catheters, some true catheters
were not found by the classifiers and did not make it into the candidate list. The
larger number of candidates per 2D image slice are introduced to reduce the risk of

false negatives while increasing the number of false positives. However, the evaluation
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by a more accurate second model and a potential later 3D reconstruction address
the false positives. 92.68% of catheters were detected according to the coarse class
labels and 81.03% of them were detected using the finer class label. Even if the
classification on FDA features had perfect accuracy, it would have to be weighted by
these percentages to reflect the true percentage of correctly identified catheters as

product of detection and classification accuracy.

4.2.3 Frequency Domain Feature Generation

Once coordinates of a region of interest candidate had been determined, a 33 x 33
pixel window was placed around the centroid of that area in the original image extract-
ing an image excerpt using multiplication with a kernel. In Bala’s [2] experiments
this window was a Gaussian kernel g(z,y) resulting in the extracted image region
h(x,y), but for reasons further outlined in Section 5.2, this step was also repeated
with a rectangular kernel d(x,y) resulting in image excerpt A'(z,y). The contents
of the ROI were then placed in the center of an otherwise black 256 x 256 pixel im-
age. Afterwards, the brightness of each pixel in the ROI was normalized to the range
[0,255] to address brightness variance, with 0 denoting a black, and 255 denoting a
white pixel. The kernels and extracted and transformed example ROIs are shown
in Figure 4.4. The resulting images h(z,y) and h'(x,y), the Gaussian kernel g(x,y),

and the rectangular kernel d(z,y) were then transformed into the frequency domain
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g(x,y) = h(z,y) d(z,y) = N(x,y)
Figure 4.4: Gaussian kernel g(x,y) and rectangular kernel d(z,y) used to extract a

region of interest h(x,y) and h'(x,y) respectively from an image f(z,y). Each kernel
extracted a different ROI.

using the Fast Fourier Transform. The transformed images are H(u,v), H'(u,v),
G(u,v), and D(u,v) respectively. With the ROI in the frequency domain, 200 fre-
quency coefficients were iteratively calculated to reconstruct the de-convoluted image
frequency spectrums F(u,v) = H(u,v) @ G(u,v), F'(u,v) = H'(u,v) @ D(u,v), and
F'"(u,v) = H(u,v) ©@ D(u,v). The following is a full overview of Liu’s [2, 22] modified

probing detector algorithm to reflect those modifications:
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Input: Image f(z,y), probing location (g, yo), window size o.
Output: Reconstructed magnitudes of frequency coefficients F'(u, v), F'(u,v), and
F"(u,v) from the region of interest.
Step 1: Initialize 2D arrays F'(u,v), F'(u,v), F"(u,v), and G’'(u,v) and define the
number N of maximum iterations.
Step 2: Compute a Gaussian kernel g(z,y) and a rectangular kernel d(x,y) given
the probing location (zy,yo) and window size o.
Step 3: Compute the products f(x,y) - g(x,y) = h(z,y) and f(z,y) - d(z,y) =
B (zx,y).
Step 4: Normalize h(z,y) and h'(x,y) independently to the range [0, 255].
Step 5: Move the regions extracted with kernels to the center of the respective
image.
Step 6: Compute the Fourier Transforms H(u,v), H'(u,v), G(u,v), and D(u,v)
of h(z,y), K (x,y), g(z,y), and d(x,y) respectively.
Step 7: For each iteration:
(a) Find the largest magnitude peak in the frequency spectrum of H (u,v) and
store it in F'(u,v).
(b) Copy G(u,v) to G'(u,v) and scale every element of G'(u,v) using the
largest frequency coefficient magnitude from (a).

(c) Subtract G'(u,v) from H(u,v).
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Step 8: For each iteration:
(a) Find the largest magnitude peak in the frequency spectrum of H'(u,v)
and store it in F'(u,v).
(b) Copy D(u,v) to G'(u,v) and scale every element of G'(u,v) using the
largest frequency coefficient magnitude from (a).
(c) Subtract G'(u,v) from H'(u,v).
Step 9: Restore H(u,v) as the Fourier Transform of h(z,y).
Step 10: For each iteration:
(a) Find the largest magnitude peak in the frequency spectrum of H'(u,v)
and store it in F"(u,v).
(b) Copy G(u,v) to G'(u,v) and scale every element of G'(u,v) using the
largest frequency coefficient magnitude from (a).
(c) Subtract G'(u,v) from H'(u,v).

Return: F(u,v) and F'(u,v).

Despite calculating frequency coefficients for N = 200 iterations, Bala only used
the frequency coefficients from the first N = 40 iterations [2]. However, the results
shown in Section 5.1 indicate a higher accuracy using a larger number of coefficients.
Consequently, N = 200 frequency coefficients were extracted for each region of inter-
est. Coefficients and subsequently generated data from F'(u,v), F'(u,v), and F”(u,v)

were kept strictly separate, resulting in three different datasets.
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Catheter Non-Catheter

F(u,v)

ROI extracted
with g(z,y) and
convolution with
G(u,v) reversed

F'(u,v)
ROT extracted
with d(z,y) and
convolution with
D(u,v) reversed

F'(u,v)
ROI extracted
with d(z,y) and
convolution with
G(u,v) reversed

Figure 4.5: Plotted locations of the first 50 frequency coefficients of the same catheter
and non-catheter in each of the three datasets. For visualization purposes, all coeffi-
cients are shown as white pixels regardless of the corresponding magnitude values.
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Figure 4.5 visualizes the differences in frequency spectrums of the three different
datasets. A noticeable outlier are both images from F”(u,v) with the many fre-
quency coefficients along or near the z-axis and y-axis. Based on the findings in
Section 3.3.2, this observation is expected, as the corresponding sinusoid waves along
those axes represent the sharp edges of the rectangular kernel d(z,y). Those fre-
quencies are not being removed, as de-convolution in that case was performed with
G(u,v), which does not have those sharp kernel edges. With these near-axes coef-
ficients out of the way, the images in each column are looking much more alike. In
the case of both catheters and non-catheters, most frequency coefficients are located
on or around a line going through the image center, rotated to be orthogonal to
the long edge of bright catheter candidates (Figure 4.4), which is also expected in
accordance with the findings of Section 3.3.2. The core difference between catheter
and non-catheter frequency spectrums appears to be the more structured coefficient
scattering for catheters, while non-catheter frequency coefficients are scattered more
chaotically. The exact scattering patterns vary from ROI to ROI, but they generally
follow the observations made about the shown examples.

To further analyze the calculated frequency coefficients, the four additional fea-
tures distance to center, spectral rotation, spectral deviation, and sector index were
calculated for FDA classification in addition to the magnitude value, as proposed by

Bala [2]. The intent is highlighting and leveraging the differences between catheters
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and non-catheters in their scatter behaviour of their frequency coefficients.

Magnitude

Magnitude is simply the value of a frequency coefficient. Due to the way frequency
coefficients are extracted, the magnitudes of coefficients are an ordered set with the
magnitude from the first iteration being largest. Magnitude values are positive real

numbers.

Distance to Center

This feature denotes the euclidean distance of a frequency coefficient to the center
of the reconstructed image. In Figure 4.5 it is apparent, that all coefficients are in
some way scattered around the center, and the first coefficient is also always exactly

in the center.

Spectral Rotation

Spectral rotation describes the counter-clockwise rotation of a frequency coefficient
from the positive z-axis. Bala measures this feature as angle 6 [2], but for this thesis,
the tuple (sin(0),cos(0)) was added as alternative feature to describe an angle. In
theory, that tuple represents the cyclic properties of an angle better than degrees
because angles like #; = 1° and 6y = 359° would be numerically closer in the tuple

than they are as angles in degrees.
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Spectral Deviation

If the coefficients C', Cs, and C3 are from three successive iterations, the spectral
deviation angle 0, for C} is defined as 180° — #,. 6, is the clockwise rotation angle at
Cs from line C1C5 to line C5C5. As with spectral rotation, this feature was added as

angle 6 and also as tuple (sin(f), cos(h)).

Sector Index

The sector index is an aggregated version of spectral rotation. A circle was arbi-
trarily divided in 16 evenly sized sectors and frequency coefficients are assigned one

of these indices based on their spectral rotation.

4.2.4 Final Dataset

The final comprehensive tabular dataset consists of an entry for each region of
interest. With 3 non-rotation based FDA features and both rotations represented by
3 features each, ROIs are described with a total of 9 FDA features per iteration. This
results in 200 x 9 = 1800 frequency domain features, the fine and coarse class labels
for whether or not it is a catheter, and the following 6 supplemental features that

Bala did not use [2].
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Slice Index

The index of the 2D image slice is included because slices closer to the insertion
point more closely resemble the pattern on the placement grid. Machine learning
methods could use it to weigh the importance of knowledge about commonly used

catheter patterns.

Position in Original Image

Similar to the slice index, the position of the region of interest in the original ultra-
sound image is important to learn frequently used catheter patterns on the placement
grid. Additionally, it provides information about the amount of distortion and speckle
noise at that location in the image because both get worse further away from the ultra-
sound probe. Due to the radial property of the given ultrasound images, the centroid
location is encoded in polar coordinates as (d,¢). Here, d denotes the distance to
the center of the probe and ¢ denotes the centroid’s angular offset from the posi-
tive x-axis, where the origin is the probe location. For reference, euclidean centroid

coordinates are also included in the dataset for a total of four location features.

U-Net Confidence

Since the U-Net predictor already performs a full prediction based on Tupor’s [40]

model, U-Net confidence values of a ROI being a catheter can provide useful insights.
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Chapter 5

Experimental Results and Analysis

This chapter describes all experiments performed throughout this thesis research
and analyzes their respective results.

Since the datasets detailed in the previous chapter contain a large number of data
entries, the experiments only used a randomly sampled subset of slices and all their
corresponding regions of interest across all patients to represent the performance
of the model in a more realistic setting. Entire slices were used to have rotation
invariance to the line along which frequency coefficients are scattered as explained in
Figure 4.5. Experiments based on the datasets generated for this thesis are run on
2,000 random slices across all patients which is around 76,000 regions of interest.

All experiments were validated using 5-fold cross validation. Unless otherwise
specified, all listed accuracy values show the mean accuracy of this cross validation.

Datasets were always split into training and testing data using stratified sampling.
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Dataset splits were based on a shared random seed within the scope of each experi-
ment to avoid variance in results caused by (dis-)advantageous dataset splits for the
compared predictors by assuring identical dataset splits for each predictor.

The 5x2 paired t-test method proposed by Dietterich [8] was used for all signifi-
cance tests. Significance tests were always performed on the more refined classifiers

trained on fine class labels. The used « level of significance was o = 0.05.

5.1 Probing FCNN Comparison

Bala’s [2] experiments have shown, that their frequency domain analysis (FDA)
features provide meaningful information that facilitate predictions with a confidence
far higher than that of the U-Net based model by Tupor [40]. Inspired by this success,
their experiments were repeated within the scope of this thesis with the exact same
dataset, but using simpler off-the-shelf classifiers from the scikit-learn library! to
compare their performance to Bala’s neural network [32].

First of all, a Decision Tree as simplest possible predictor and AdaBoost [11] as en-
semble learner were tested on Bala’s [2] dataset of FDA features from various numbers
of iterations NV to evaluate their Probing FCNN under the same circumstances. This
dataset used by Bala themselves is comprised of 38,310 ROI entries. Both classifiers

used default scikit-learn [32] hyper-parameters. From each iteration, this experiment

Thttps://scikit-learn.org/stable/index.html
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used all 5 features because preliminary experiments with smaller feature maps as ap-
plied by Bala yielded poorer results. The results shown in Table 5.1 indicate that a
simple Decision Tree performs just slightly worse than Bala’s Probing FCNN, with
accuracy slightly increasing from 73.87% by about 2% as iterations are increased
from the N = 40 used by Bala to the N = 200 for which they generated features.
AdaBoost’s accuracy increases at a similar rate with features from more iterations,
indicating that features from iterations beyond 40 do in fact improve predictions,
contrary to Bala’s claim [2]. Moreover, even the lowest AdaBoost accuracy of 80.38%
with data from 40 iterations is far higher than the 74% of Probing FCNN, implying
a neural network may be unnecessarily complicated to classify data represented with
these features.

Applying the insights gained from this first experiment, all further experiments
used FDA features from N = 200 generations. Since a single Decision Tree did
not make predictions as well as the ensemble learner AdaBoost, that predictor was
replaced with Random Forest [17] as another ensemble method. Once hyperparameter
tuned, AdaBoost used 100 estimators and reached a mean accuracy of 82.9% with
Random Forest using already optimal default scikit-learn [32] hyper-parameters close
behind at 81.82% on Bala’s dataset, exceeding Tupor’s highest achieved accuracy of
79% [40]. Due to the higher accuracy and faster computation times, AdaBoost was

used for all further experiments.

o1



Iterations Probing FCNN [2] Decision Tree AdaBoost [11]

40 0.74 0.7387 0.8038
20 0.7339 0.8037
100 0.7501 0.8197
150 0.7589 0.8206
200 0.7585 0.8244

Table 5.1: Comparison on Bala’s dataset of Probing FCNN [2] accuracy to mean
accuracy from 5-fold cross validated tests on the same dataset with a Decision Tree
and AdaBoost [11] using features from various numbers of iterations.

5.2 Impact of ROI Extraction Kernel

In their thesis, Bala describes how regions of interest of an ultrasound image
are extracted with a Gaussian kernel g(z,y) [2]. Once converted to the frequency
domain, the convolution with the Fourier Transform of a Gaussian kernel G(u,v)
is then removed during the extraction of frequency coefficients. However, a careful
inspection of their source code revealed that they applied a rectangular kernel d(z, y)
for ROI extraction instead of a Gaussian kernel, while still removing the hypothetical
convolution with the Fourier Transform of a Gaussian kernel G(u,v) during frequency
coefficient reconstruction. Nonetheless their method generates data that allows for
very precise classification of regions of interest as shown by the previous section and
their thesis. This observation raises the questions why the predictions are that good
and how the outcome would change if a Gaussian kernel had been applied to extract
ROIs. Additionally, how would the predictor perform if the rectangular kernel was

used for ROI extraction and again later to remove convolution with it in the frequency
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Coarse Label Fine Label

F(u,v) = H(u,v) © G(u,v)  0.8684 0.8853
F'(u,v) = H'(u,v) @ D(u,v) 0.8622 0.8837
F"(u,v) = H'(u,v) @ G(u,v) 0.8641 0.8902

Table 5.2: Mean accuracy from 5-fold cross validated tests comparing AdaBoost pre-
dictions based on reconstructed frequency coefficients F'(u,v), F'(u,v), and F”(u,v)
as defined in Section 4.2.3.

domain.

To answer these questions, AdaBoost was trained to compare the predictions based
on reconstructed frequency coefficients F'(u,v), F'(u,v), and F"(u,v) where H(u,v)
denotes the Fourier Transform of an ROI extracted with a Gaussian kernel g(z,y)
and H'(u,v) denotes the Fourier Transform of an ROI extracted with a rectangular
kernel d(z,y) and G(u,v) and D(u,v) are the Fourier Transforms of these kernels. @
denotes the de-convolution operation as defined in Section 3.3.4. The results shown
in Table 5.2 indicate that mean accuracy is very similar with both the coarse and
fine class labels. Using Dietterich’s [8] 5x2 paired t-test method to compare these
results leads to the p-values 0.4005 when comparing F'(u, v) and F’(u,v), 0.6364 when
comparing F'(u,v) and F"(u,v), and 0.7339 when comparing F(u,v) and F"(u,v),
far exceeding the commonly applied level of significance a = 0.05. That means the
null hypothesis - no significant difference in predictions from the tested predictor pair
- cannot be rejected for any pair and there is most likely no significant difference

between AdaBoost predictions on the three datasets. F'(u,v) and F'(u,v) are similar
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as was expected, because the concept of the used de-convolution process from Liu [22]
is removing the convolution with the extraction kernel, resulting in the reconstructing
of the same image in two different ways. A possible explanation for why F”(u,v)
yields just as good or better results is the fact that the Fourier Transformed kernels
G(u,v) and D(u,v) are actually very similar when compared in the frequency domain.
Another potential cause could be that the noisy and blurred nature of ultrasound
images is similar to the effect applying a Gaussian kernel to an ROI would have even
when extracting it with a rectangular kernel. By performing de-convolution using
the Fourier transform of a Gaussian kernel, some of the Gaussian-like noise already
present in ultrasound images [27] that otherwise would not be removed by the de-
convolution method may also be removed producing meaningful data for predictions.

Regardless of the reason, all further experiments used data generated without
applying a Gaussian kernel during the window extraction step for consistency with

Bala’s method.

5.3 Feature Map Selection

Once the choice of predictor and method for dataset generation were finalized, ex-
periments were conducted to evaluate the additional features that were added beyond

what Bala [2] had used.
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5.3.1 Angle Representation

The calculated angles from frequency coefficients for spectral rotation and devia-
tion were expressed both in degrees and as tuple of sin(f) and cos(8) of the respective
angle #. While degrees are easier for humans to interpret, they do not represent the
periodic properties of angles very well, whereas a tuple of sin and cos of an angle does
because both functions are also periodic and describe the unit circle. AdaBoost was
trained using these representations separately and together. The experiment results
in Table 5.3 indicate only marginal mean accuracy differences when angles were rep-
resented by the tuple sin(f) and cos(6) of an angle 6 as opposed to degrees, or both
at once. This suspicion was confirmed after performing another significance test to
compare the fine label classifiers using different angle representations and to compare
using the tuples to using both angle representation. The calculated p-values were
0.5576 and 0.5247 respectively, with both values well above a@ = 0.05 meaning it is
quite likely that all three classifiers have no significant differences [8]. Considering
each dataset entry contains 400 angles, spectral rotation and deviation angles for each
frequency coefficient iteration, the 400 features representing those angles in degrees
were omitted in the following experiments to reduce computation time and the large

feature map.
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Angle Representation Coarse Label Fine Label

sin(0) And cos(0) 0.8690 0.8909
Degrees 0.8684 0.8901
Both 0.8688 0.8911

Table 5.3: Mean accuracy from 5-fold cross validated tests evaluating AdaBoost pre-
dictions using angles represented in number of degrees, as tuple of sin(f) and cos(f)
of the respective angle, and with both representations.

5.3.2 Location Information

In regards to the location of each ROI, two different ideas were evaluated. The first
experiment with results shown in Table 5.4 tests that the predictor is not just learning
coordinate patterns from the location features, but is leveraging both location and
FDA features for better predictions. A predictor was trained on just the FDA data
and scored against another predictor trained solely on slice index, coordinates, and
U-Net accuracy.

The results for the FDA data only predictor align with the findings from Sec-
tion 5.1: With a more coarse class label, accuracy is lower than 82.9%, which was
expected because Bala’s dataset used the exact center of ROI ground truths as center
of the extracted ROI [2]. The center of the U-Net determined ROIs can be offset by
up to 3mm (11.33 pixels) from the ground truth center in the coarsely labelled ROIs.
On the other hand, the predictor trained on finely labelled ROIs has a higher accuracy
of around 84.11%, even though the ROIs are still more coarse than for Bala’s data.

This improvement is likely caused by the larger training set.
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Coarse Label Fine Label

FDA Features Only 0.8142 0.8411
No FDA Features 0.8582 0.8763
Both 0.8692 0.8913

Table 5.4: Mean accuracy from 5-fold cross validated tests verifying AdaBoost pre-
dictions with FDA features only, excluding FDA features, and with all features.

Ignoring all FDA features, the predictor achieved a higher mean accuracy than
with only FDA features. Simply learning coordinate patterns of ROIs combined with
the U-Net confidence for the center of that ROI candidate appears to be a viable
strategy. A 5x2 paired t-test further confirmed this observation with the p-value of
0.0004 [8]. It is so far below o = 0.05 that a significant difference can safely be
assumed. Combining all data, however, improves the accuracy substantially using
both the coarse and the fine class labels, as supported by another 5x2 paired t-test
with a p-value of 0.0005 well below o = 0.05.

The next step was about comparing the model on ROI locations in cartesian and
polar coordinates to see which representation is more beneficial in this domain. The
differences in accuracy shown in Table 5.5 using only features from one coordinate
system are marginal with polar coordinates appearing to facilitate slightly better
predictions, but a significance test was necessary. As expected, the 5x2 paired t-test
resulted in a p-value of 0.4207 above the a = 0.05 threshold and a significant difference
is very unlikely. Using both coordinate systems together seems to be another marginal

improvement, but a 5x2 paired t-test comparison of the classifier using both location
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Location Representation Coarse Label Fine Label

Cartesian Coordinates 0.8655 0.8894
Polar Coordinates 0.8673 0.8902
Both 0.8687 0.8906

Table 5.5: Mean accuracy from 5-fold cross validated tests evaluating AdaBoost pre-

dictions using ROI locations represented in cartesian coordinates, polar coordinates,
and with both.

representations to the one using polar coordinates surprisingly leads to a p-value of
0.0466, meaning the classifiers are not substantially identical. Consequently, neither
coordinate features were omitted to fully utilize the higher value of both coordinate

representations.

5.4 Final Test Results

ROI candidates are generated by multiple U-Net models and there is no guarantee
that all true catheters are actually included in those candidates. As mentioned in
Section 4.2.2; it is important to consider the percentage of true catheters detected
among those ROIs and to weigh classification accuracies accordingly. Using the coarse
ROI classification, 92.68% of true catheters are among the candidates. Weighting the
best cross-validated mean accuracy of 86.92% determined in the previous experiments
with this percentage leads to an overall detection rate of 80.56% for this combined
U-Net and FDA model classifier. In the case of fine ROI classification, only 81.03%

of true catheters are detected and with an accuracy of 89.13% for fine predictions this
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results in an overall detection rate of 72.77% for the combined model classifier.
Since ROI predictors trained on fine labels have consistently far higher accuracy
than those trained on coarse labels, a last experiment was performed training a pre-
dictor on fine class labels, but testing it on coarse labels. This improves the accuracy
of predictions on the coarse labels by over 1% to 87.94%. Leveraging the high accu-
racy of fine labels combined with the higher percentage of true catheters among the
coarse ROI candidates leads to a final 2D combined U-Net and FDA model classifier

accuracy of 81.5%.
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Chapter 6

Conclusion

Prostate cancer is one of the most common types of cancer and yet, its brachyther-
apy treatment relies heavily on difficult and error prone manual segmentation of ul-
trasound images [43, 47]. This thesis proposes a fully automatic novel approach that
combines two individually successful models in this domain, leveraging the benefits
of both to help overcome their respective disadvantages. An optimized U-Net [36]
implementation performs pixel-wise predictions on unaltered and contrast enhanced
2D prostate ultrasound images to generate a pool of regions of interest that could
be catheters. This pool is purposely large to minimize the number of false negatives
with the trade-off of increasing the number of false positives as false positives can
later be removed when evaluated by the second predictor or during 3D reconstruc-
tion [23]. Every ROI is then extracted using a Gaussian and rectangular kernel and

Fourier Transformed into the frequency domain. A modified version of Liu’s [22]
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spectrum reconstruction method is applied to remove convolution and noise from the
transformed ROIs. A number of relevant features are calculated from the extracted
frequency coefficients as proposed by Bala [2]. These features are combined with the
previously determined ROI centroid’s U-Net confidence, location, and slice index and
finally predicted by an AdaBoost predictor.

Optimized AdaBoost predictions have a 2D accuracy of 89.13% and 86.92% for
ROI centroids within 2 mm and 3 mm of ground truth catheter centroids respectively.
Due to false negatives in U-Net predictions, the overall accuracy of correctly iden-
tified and classified catheters is 72.77% and 80.56% for 2 mm and 3 mm tolerance
respectively. When trained on fine 2 mm tolerance data and tested on coarse 3 mm
tolerance data, the overall 2D model accuracy improves to 81.5%, exceeding the 2D

accuracies 79% and 74% previously achieved by Tupor [40] and Bala [2].

6.1 Limitations and Future Work

Despite highly accurate AdaBoost predictions, the overall 2D model accuracy
is reduced by the still substantial percentages of 18.97% and 7.32% false negatives
during U-Net [36] ROI candidate generation for fine 2 mm and coarse 3 mm tolerance
respectively. The reasons are most likely twofold. As explained in Section 4.1.2,
some catheters are obscured while still being labelled catheters. Beyond these hard

to detect catheters, U-Net is generally expected to make some errors.
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Since the original catheter grid insertion positions are known, this knowledge could
be passed to the model once at the beginning or during a brachytherapy session.
An increasing number of additional ROI candidates could be added to the U-Net
generated pool in the area around each expected catheter grid position depending on
the 2D image slice index (catheter depth) where deeper slices add more candidates as
the catheter location could deviate more from the original grid position. This would
essentially eliminate false negatives during that part of the model and also preserve
the potentially valuable U-Net confidence as AdaBoost prediction feature. While it is
not given that AdaBoost will correctly classify these hard to detect catheters with the
same accuracy it has for the U-Net detected catheters, even a single correctly classified
ROI that U-Net could not detect would improve the accuracy of the proposed model.

A more drastic approach would be replacing the U-Net model component entirely
with an alternative method to generate ROI candidates more reliably, such as the
one explained above. However, losing the U-Net confidence as feature for the pro-
posed AdaBoost predictor may negate some or all of the benefit of finding more false
negatives.

The proposed AdaBoost predictor was applied to three different datasets based on
different combinations of ROI extraction kernels and subsequently used kernels during
spectrum reconstruction, however, it was optimized on only one of these datasets.

Future research should optimize AdaBoost on each dataset individually, especially in
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regards to the number of iterations N during the spectrum reconstruction process.
The underlying case where the used N = 200 is optimal possibly requires that many
frequency coefficients, because some coefficients are not from the original image, but
convolution from the extraction kernel due to the mismatched kernel combination.
The other two datasets using matching kernel combinations may not need as many
iterations and might even have noise introduced from too many iterations. In that
context, it may be worth exploring entirely new combinations of kernels for ROI
extraction and spectrum reconstruction.

The most logical next step for the proposed model is utilizing the 2D predictions
to reconstruct a 3D prostate model and evaluate catheter detection in 3D space.
The 3D reconstruction method by Liu et al. [23] could natively input 2D data from
the proposed model and they indicated an expected accuracy improvement of up
to 95% in their 3D predictions due to higher 2D prediction accuracy and the lower
number of false negatives compared to the currently underlying 2D predictions from
Tupor [40]. With clinically diverse underlying data provided by the Saskatchewan
Cancer Agency [1, 23] leading to more robust predictions, the theoretical 3D accuracy
of that magnitude would put the model on par with or ahead of the results from Wang

et al. [43] and Zhang et al. [47].
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