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SUMMARY

Prostate cancer (PCa) is one of the most frequently seen cancer types in Turkey
and the World among males. Ultrasound (US) is a commonly preferred imaging
technology in PCa diagnosis and treatment. There are two types of US methods for
prostate imaging. Transrectal ultrasound (TRUS) provides better images for prostate
size inference, but the procedure is very discomforting for the patients. The second
type is the abdominal ultrasound (AUS) technique which is much more practical.

There is only a limited image analysis method in the literature on prostate
volume estimation from AUS images. Existing work for AUS prostate segmentation
requires initialization by experts, and it was not verified with an extensive image set.

In this study, novel methods were developed that use AUS images to
automatically locate the prostate region and estimate the prostate volume. AUS and
MR images were collected and manually marked by experts, to produce the ground
truth data. The obtained measurement results were analyzed using scientific techniques
to investigate the applicability of the proposed method for practical clinical work.

Due to the AUS-related problems, classical object localization and segmentation
methods would not produce acceptable solutions for the volume estimation problem
on AUS images. Hence, original localization and volume estimation methods needed
to be developed. The methods proposed in this study can be explained under three
headings. The main idea of the first method is to use the unrelated structures in the
AUS images to help locate the prostate. Original techniques were developed for the
second method similarly, which aims to estimate the volume of the prostate by contour
extraction. In the third method, a novel deep learning architecture was proposed which
detects four points on prostate contour which are used in clinical practice. Since the
data set is too small for any deep learning training step, our second and third methods
were patch-based. Also, using the local and the global information by using such a
method was aimed. It was shown in our experiments that this patch-based

methodology worked very well with our AUS images.

Key Words: Biomedical image analysis, Prostate, Deformable Part Models,

Machine Learning, Active Shape Models, Deep Learning.



OZET

Prostat kanseri, Tiirkiye'de ve Diinya'da erkekler arasinda en sik goriilen kanser
tirlerinden biridir. US, prostat kanserinin tan1 ve tedavisinde siklikla tercih edilen
teknolojilerden biridir. Prostat goriintiileme igin iki tip US yontemi vardir. TRUS,
prostat boyutu ¢ikarimi igin daha iyi goriintiiler saglar, ancak uygulama prosediri
hastalar i¢in ¢ok rahatsiz edicidir. Ikinci tip, ok daha pratik olan AUS teknigidir.

AUS goruntulerinden prostat hacmi tahmini konusunda literatiirde sadece bir
goriintii analiz yontemi vardir. AUS prostat segmentasyonu i¢in bahsedilen ¢alisma,
uzmanlar tarafindan baglatilmasini gerektirir ve kapsamli bir goriinti seti ile
dogrulanmamustir.

Bu calismada, prostat bolgesini otomatik olarak konumlandirmak ve prostat
hacmini tahmin etmek i¢in AUS goriintiilerini kullanan yeni yontemler gelistirilmistir.
Kesin referans verilerini iiretmek i¢in AUS ve MR goriintiileri uzmanlar tarafindan
toplanmis ve manuel olarak isaretlenmistir. Elde edilen 6l¢iim sonuglari, 6nerilen
yontemin pratik klinik ¢aligma i¢in uygulanabilirligini aragtirmak i¢in bilimsel
teknikler kullanilarak analiz edilmistir.

AUS ile ilgili problemler nedeniyle, klasik nesne konum tespiti ve bolutleme
yontemleri, AUS gorintilerinde hacim tahmini problemi igin kabul edilebilir
cozlmler Gretmeyecektir. Bu nedenle 6zgin konum ve hacim tahmin yontemlerinin
gelistirilmesine ihtiya¢c duyulmustur. Bu calismada Onerilen yontemler ii¢ baglik
altinda agiklanabilir. Ilk ydntemin ana fikri, prostatin yerini belirlemeye yardimci
olmak i¢in AUS goriintiilerindeki ilgisiz yapilari kullanmaktir. Kontur ¢gikarimi ile
prostat hacmini tahmin etmeyi amagclayan ikinci yontem icin de benzer sekilde orijinal
teknikler gelistirilmistir. Uglincti yontemde, klinik uygulamada kullanilan prostat
konturu iizerinde dort noktay1 tespit eden yeni bir derin 6grenme mimarisi Onerilmistir.
Veri seti herhangi bir derin 6§renme egitimi adimi i¢in ¢ok kii¢iik oldugundan, ikinci
ve liclincli yontemlerimiz yama tabanhidir. Ayrica bdyle bir yontem kullanilarak yerel
ve global bilginin kullanilmas1 hedeflenmistir. Bu yama tabanli metodolojinin AUS

goriintiilerimizle ¢ok iyi ¢alistig1 deneylerimizde gosterildi.

Anahtar Kelimeler: Biyomedikal goriintii analizi, Prostat, Bicim Degistirebilen

Parca Modelleri, Makine 6grenmesi, Aktif Sekil Modelleri, Derin (")grenme.
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1. INTRODUCTION

1.1. Motivation

According to GLOBOCAN [GLOBOCAN, 2020], PCa is the second most
prevalent cancer in men worldwide in 2020 and the most prevalent cancer in men
worldwide for the last five years. As shown in Figure 1.1 [GLOBOCAN, 2020], PCa
Is the second in the number of new cases for the year 2020 worldwide among men of
all ages. Figure 1.2 [GLOBOCAN, 2020] shows that PCa is the fifth in the number of
deaths for the year 2020 worldwide among men of all ages.

As shown in Figure 1.3 [HSGM, 2017], PCa is the second most prevalent cancer
type in Turkey in 2017 among men of all ages, according to HSGM [HSGM 2017].
Benign prostatic hyperplasia (BPH) is another common prostatic disease that affects
most of the male population, especially as they age [Liu et al., 2020]. BPH generally
results in lower urinary tract symptoms (LUTS) [Chughtai et al., 2016] and reduces
life quality [Thorpe et al., 2003] while increasing health costs [Barry et al., 2001].

Luni
1 435 943 (14.3%)

Other cancers

3538 086 (39.14%) Prostate

1414 259 (14.1%)
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Figure 1.1: Estimated number of new cases in different cancer types for 2020. Values
are worldwide, males, of all ages.
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Figure 1.2: Estimated number of deaths in different cancer types for 2020. Values are
worldwide, males, of all ages.
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Figure 1.3: Prevalence of different cancer types in Turkey for 2017. Values are
males, of all ages.

Prostate volume is a straightforward instrument during the diagnosing and
management process of PCa and BPH. Literature shows an inverse relationship
between prostate size and the incidence and aggressiveness of PCa [Yamashiro et al.,
2021]. Prostate-Specific Antigen (PSA) value was used to detect and manage PCa but

was not a proven reliable diagnostic tool. PSA Density (PSAD) appeared as a more



valuable tool by adjusting PSA with gland volume [Dunn et al., 2017], [Yu et al.,
1998].

Table 1.1: Applications where prostate volume and/or boundaries are used.

Application Parameter of Interest
Diagnosis

PSA density Volume
Assessment of benign disease Volume
Treatment

Prostate brachytherapy Boundaries
High intensity focused ultrasound Boundaries
Cryotherapy Boundaries
Transurethral microwave therapy Volume
Resection of benign tissue Volume
Follow up

Hormonal treatment Volume

Accurate prostate volume measurement is essential for diagnosing cancer and
determining the most effective treatment strategy [Wasserman et al., 2020]. It is also
essential in diagnosing and managing BPH [Garvey et al., 2014], [Wasserman et al.,
2015]. National American Urological Association guidelines for surgical management
of BPH include examining prostate volume measurement prior to surgery [Foster et
al., 2018]. Table 1.1 represents applications where prostate volume and/or boundaries
are used [Pathak et al., 2000].

1.2. Problem Definition

The importance of accurate prostate volume measurement in diagnosing and
managing prostatic diseases requires a more straightforward and reliable measurement
process. There are many imaging techniques used in clinical practice to measure
prostate volume. Commonly used techniques are US, MR, and CT [Turkbey et al.,
2009]. Compared with others, US provides real-time imaging with lower costs. Also,

US is portable and harmless, unlike other imaging techniques [Ghose et al., 2012].



Table 1.2: Advantages and disadvantages of TRUS and AUS images.

Advantages Disadvantages

TRUS | ¢ Better contour representation | e Causes patient discomfort
e The prostate is in a fixed ¢ Not for general purpose
position

e Shows only prostate

AUS | e Easy and fast to apply e LowSNR
e Can be used for general ¢ Includes other anatomical
purpose structures

e No discomfort for the patient | e The prostate is represented
smaller

e The prostate is not in a fixed

position

There are two frequently used US techniques in prostate imaging, TRUS and
AUS. TRUS imaging is more commonly used due to its better imaging quality with a
higher signal-to-noise ratio (SNR) and a larger view of the prostate with no other
anatomical structures. Figure 1.4 shows examples of an AUS and a TRUS image, and
one can see these differences. Besides these good sies of TRUS imaging, it is difficult
in practice and causes patient discomfort. AUS is an easy-to-use alternative imaging
technique where TRUS is not applicable. The advantages and disadvantages of TRUS
and AUS images are represented in Table 1.2.



Abdominal Ultrasound Transrectal Ultrasound
Image Image

Figure 1.4: Sample AUS and TRUS images from the transverse plane. Prostate
contours are given in orange dashed lines.

Generally, experts measure the prostate volume from medical images manually,
but manual measurement results in high intra-expert and inter-expert differences
caused by factors like imaging quality, personal experience, and human error [Choi et
al., 2009]. Manual volume measurement is also time-consuming in the daily routines
of clinicians.

Recent developments in automated prostate volume measurement systems show
that the guidance of automated systems is possible where needed. As an imaging
technique that did not get the attention it deserved in prostate volume measurement
studies, AUS can be an excellent alternative to other imaging techniques with the
guidance of automated systems.

1.3. Background

1.3.1. AUS Examination

Linear, sector, convex or wideband transducers with 2 to 5 MHz frequencies are
used for adults' AUS imaging of the prostate gland. [Tyloc et al., 2016] The patient is
positioned on the back during an examination. A well-filled urinary bladder is needed

for a correctly performed examination. First, the transducer is applied transversely



above the pubic symphysis. The largest section of the prostate is searched to measure
the width (W) and the height (H). Then the transducer is turned by 90° to obtain the
sagittal section and measure the length (L) of the prostate. The acquisition methods
from different planes are shown in Figure 1.5. To approximate the volume of the

prostate, experts commonly use the standard ellipsoid formula,

_W.H.Lm

G (1.1)

where W, H, and L are the width, the height, and the length of the prostate.
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Figure 1.5: AUS image acquisition from different planes.

1.4. Outline

The rest of this thesis is structured as follows: Section 2 gives a literature review
of AUS prostate segmentation studies. Section 3 proposes the DPM-based prostate
localization method. Section 4 explains the size inference approach by using a patch-
based segmentation method. In Section 5, a novel deep model is introduced, used in
standard ellipsoid-based size inference. Section 6 concludes the study and gives future

work.



2. LITERATURE REVIEW

Prostate volume measurement on US images is primarily performed by prostate
segmentation on TRUS images. To the best of our knowledge, there is only one study
on prostate segmentation on AUS images [Betrouni et al., 2005], apart from our
previous work [Albayrak et al., 2015], [Albayrak et al., 2017a], [Albayrak et al.,

2017b]. Therefore, this section will review prostate segmentation on TRUS images.

2.1. Contour and Shape-Based Methods

Automated prostate segmentation studies began with edge-based methods.
Edge-based methods often use filters to extract edges from medical images. However,
these algorithms needed to be supported by other methods and texture information due
to the broken edges caused by low SNR values of US images.

Laplacian filtering was used in edge-based image segmentation methods.
Aarnink et al. used a nonlinear Laplacian filtering-based method to determine the
prostate contour from TRUS images [Aarnink et al., 1994]. They reflected the strength
of an edge located by the Laplacian operator by the value of the gradient of the image
at that location. Combining this information they constructed an edge intensity image.
They performed edge enhancement techniques on the edge intensity image and then
linked edge boundary edges by interpolation techniques.

[Liu et al., 1997] used a Radial Bas-Relief (RBR) technique to outline the
prostate border. A bas-relief image is made by superimposing the positive image
slightly onto the negative image and printing it as one image. The resulting image is
simplified into a pattern of lines and flat tones. This work gives an incomplete border
of the prostate where post-processing is needed. To obtain a smooth and complete
border, [Kwoh et al., 1998] proposed to use the harmonics method on the incomplete
border results of the RBR method. The harmonics method uses Fourier transforms to
remove noise and encode a smooth boundary. Another problem with US images is the
local differences in the visibility of the prostate border due to the orientation of the
border sections, according to the US probe. [Aarnink et al., 1998] proposed to detect
gray level transitions by using multiple scales of resolution in different stages to
improve edge detection and localization. Using different filters in different stages,

[Pathak et al., 2000] proposed a method to apply a sticks filter to enhance contrast and



reduce speckle noise. They smoothed the resulting image using an anisotropic
diffusion filter in the second stage. They used some basic prior knowledge of the
prostate at the final step, such as shape and echo pattern, to detect the most probable
edges. Detected edges are manually linked, and by this means, patient-specific
anatomical information is integrated.

Deformable models were a solution to the broken boundary problem of US
images and were used in prostate-segmentation studies. Deformable models provide a
complete contour. Its internal forces preserve the shape information while the external
forces place in the best position representing the prostate border of the image. Active
contour models (ACM) or snakes were proposed in [Kass et al., 1988] and they were
used in literature commonly. Snakes were easy to implement and produced smooth
contours. However, they needed reliable edge information and good initialization.
Snakes change their shape towards the nearest salient contour through energy
minimization. The energy consists of internal and external energy which forces the
snake to salient image features like edges and puts the snake near the desired local

minimum, respectively. Figure 2.1 represents snake energy minimization steps.

(a) (b) (c)

Figure 2.1: Snake energy minimization steps. (a) Initial snake position (dotted line)
defined near the contour. (b) Iteration step of snake energy minimization. (c) Final
snake position.

[Knoll et al., 1999] proposed a technique for elastic deformation restriction of
snakes to particular object shapes. The technique used 1D dyadic wavelet transform-
based localized multiscale contour parameterization as a multiscale boundary curve
analysis tool. Since ACM needs initialization, many studies initialized the model with
a few points on the prostate boundary which are selected by the user. 2D US slices

were used in the literature to create a 3D volumetric image of the prostate and obtain



a better volume estimation. In [Ladak et al., 2000a] and [Wang et al., 2003], initialized
a discrete dynamic contour (DDC) on a 2D TRUS slice from four points selected by
the user. The DCC then refines the initial boundary to fit the prostate automatically.
They propagated the estimated boundaries on 2D slices to obtain a 3D segmentation.
[Nanayakkara et al., 2006] also initialized a DDC model from four seed points selected
by the user. A fuzzy inference system is used to measure the reliability of points being
on the boundary by using the information of small regions from inside and outside the
boundary near the point. Zaim et al. proposed to replace the external energy of ACM
with an energy map of a dot-pattern feature that detects dot-like patterns that normally
appear within the prostate [Zaim et al., 2007a].

Similar to ACMs, deformable meshes deform towards the desired boundary
starting from an initial location, under the influence of internal and external forces.
Internal forces provide a smooth surface and external force drives the mesh towards
the boundary. [Ghanei et al., 2001] creates the 3D volume image from 2D US slices
using bilinear interpolation. The user initialized the 3D surface by drawing initial
contours on a few 2D US images. The model is deformed by the movement of its
vertices under internal and external forces. Internal forces were based on local
curvature, while external forces were based on volumetric data by applying an
appropriate edge filter. Using edge maps to drive the deformation of the model had
weaknesses due to the characteristics of US images.

Level sets were introduced by Osher et al. and used in many medical image
segmentation studies. A level set expands starting from a seed point in a direction
normal to the desired curve surface. It stops where the intensity difference is highest
in local. Kachouie et al. deformed an elliptic level set based on a velocity function
derived using the first and second statistics of the TRUS image histogram [Kachouie
et al., 2006].

Active shape models (ASM) were proposed to include prior shape information
to the deformable model framework [Cootes et al., 1994]. That prevented the final
segmentation results vary widely from the shape of the desired anatomical structures.
Studies in literature extended ASM to overcome weaknesses like inaccuracy in large-
scale variations and difficulty in extension to 3D. Using the Gabor filter bank to
characterize prostate boundaries in a multiscale and multi-orientation fashion, [Shen
et al.,, 2003] proposed a hierarchical shape deformation strategy. The Gaussian

operation included in the Gabor filter bank removed the noise in US images while



multi-orientation filters provided edge directions. The hierarchical shape deformation
strategy was enabled by the multiscale filters of the Gabor filter bank. That approach
increased the robustness and accuracy of the system. Utilizing more than one model
enables one to address the weaknesses of models and the characteristic challenges of
US images. For this purpose, [Yan et al., 2010] proposed to use a partial active shape
model (PASM) with a discrete deformable model (DDM). Their system estimated the
shape prior by the PASM which uses some parts of the contour with salient boundary
features. They used a point distribution model (PDM) and perpendicular normal vector
profiles to obtain contrast variations to determine salient boundary points by
discarding shadow regions. Then the DDM searched for the final boundary in a multi-
resolution, energy minimization framework under the guidance of the shape prior. In
Figure 2.2 (a) the normal vector profiles with two candidate points and (b) a contour

with salient points in red are shown [Yan et al., 2010].

Figure 2.2: Representation of partial active shape model. (a) Normal vector profiles
with two candidate points. (b) A contour with salient points in red.

Most of the model-based approaches were semiautomatic due to the model
initialization problems. [Gong et al., 2004] proposed a solution for this problem with
deformable superellipses. This model was fitted to manual prostate contours outlined
by experts, and then with simple parametric deformations, it could fit the prostate
shape efficiently. They developed a robust Bayesian segmentation algorithm based on

the superellipses model.
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2.2. Region-Based Methods

Intensity distributions of the prostate region are the focal point of region-based
methods. Chan et al. proposed to use region-based statistics for the energy
minimization during the propagation of the level set [Chen et al., 2001]. This method
addressed the absence of strong edges problem presence of white noise and made the
implementation of prostate segmentation in 3D easier.

Fan et al. applied the level set method to segment 3D US prostate images which
consist of transverse, sagittal, and coronal images of the prostate [Fan et al., 2002].
They first used a fast discrimination method to extract the prostate region according to
the intensity likelihood. Then they integrated the region information instead of the
image gradient into the level set method. Another approach exploits small regions to
create a reliability measure for a pixel on the boundary. Using shape and intensity
priors, Yang et al. proposed to segment 3D ultrasound volumes in a level set
framework [Yang et al., 2006]. They stacked 3D manual segmentations and used
min/max flow to obtain a smooth 3D surface. In a Bayesian interface, they integrated
the nonlinear shape model and the nonparametric intensity prior to defining a region-

based energy function for the propagation of the level set.

Figure 2.3: Representation of graph cut segmentation. On the left, user input of
constraints, and on the right, graph cut segmentation result.

Another solution to the absence of strong edges problem is the graph-partition
algorithm. In graph-partition algorithms, pixels or pixel groups are defined as nodes
while the gradients between pixels are defined as costs. The graph is then partitioned
by minimizing the cost function. Zougqi et al. proposed a graph-partition framework
where pixels were the nodes and the edges were the edge discontinuity penalties
[Zouki et al., 2008]. Two special nodes were built from the object and the background

by the selection of the user: the source and the sink. The max-flow algorithm increased

11



the flow from the source to the sink. The edges corresponding to the minimum cost
graph were the optimal segmentation. Figure 2.3 represents user input of constraints

on the left and graph cut segmentation result on the right [Zouki et al., 2008].

2.3. Classification-Based Methods

Classifier-based methods create a training set by assigning a class label to each
object, such as pixel or region, with supervision. The classifier is then trained with
features created from the training set and learns to assign a class label to an unseen
object. Many different classifiers were used in the literature like neural networks and
support vector machines (SVM). Besides determining the classifier, the main
challenge of classification-based studies is the extraction of the best features for the
task.

Figure 2.4: Feature extraction process for the classification.

Zaim employed spatial, texture, and gray-level information to train a self-
organizing map network [Zaim, 2005]. Zaim et al. then used an SVM for the
classification of prostate and non-prostate tissue [Zaim et al., 2007b]. They proposed
using multi-wavelet decomposition for feature extraction. They extracted overlapping
windows and used their entropy and energy of symmetric, orthonormal, and second-
order wavelet coefficients. The feature extraction process is shown in Figure 2.4 [Zaim
et al., 2007Db].

[Yang et al., 2016] also used a patch-based feature learning framework. Patient-

specific anatomical features were extracted for each voxel, and a kernel support vector
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machine (KSVM) was trained. The trained KSVM was used to localize the prostate of
the new patient.

Hybrid network structures were used in many studies for better classification
performance and less computational time. Dokur et al. proposed a hybrid neural
network that consists of three hidden layers for the segmentation of TRUS images
[Dokur et al., 2002]. They called the proposed network intersecting spheres (InS).
They extracted features by using the discrete cosine transform (DCT) of pixel
intensities in the ROI. The hybrid network structure is shown in Figure 2.5 [Dokur et
al., 2002]. The first hidden layer consists of genetic algorithms (GAs) where each node
forms a closed region which is represented by a hypersphere (HS).

A A A -

[ WINNER TAKES ALL

Figure 2.5: Hybrid network structure.

The similarity of textures in prostate and non-prostate regions, and the variation
of textures of the same tissue at different zones of the prostate, challenge many
classification algorithms. As a solution, Akbari et al. Proposed to use a wavelet support
vector machine (W-SVM) and a static shape model together [Akbari and Fei, 2012].
A set of W-SVMs was employed to adaptively collect texture priors of the prostate.
The textures of different tissues were then classified by the W-SVM set using wavelet
transform features. After the feature extraction step, shape statistics were incorporated
into a shape model to modify the segmentation. Several aspects of the features were
extracted by several wavelet transforms. Textures that are ambiguous in some regions

or planes are classified by feature extraction from three planes.
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2.4. Deep Learning-Based Methods

Deep learning methods moved the feature extraction process from the human
side to the algorithm side. Promising results in deep learning studies inspired experts
in many areas to use deep learning in their studies. [Yang et al., 2017] exploited
recurrent neural networks (RNNS) to infer prostate shape by exploring shape priors
sequentially. For this method, they previously created dynamic sequential ultrasound
images from static ultrasound images. They also adopted a multi-view fusion strategy
to merge shape predictions observed from different perspectives. To segment the
prostate during a real-time ultrasound scan, [Anas et al., 2018] deployed an RNN that
received current and previous frames as input. The proposed network structure used
both immediate and distant past frames to improve the detection of the prostate shape
while increasing the robustness to imaging artifacts. [Ghavami et al., 2018] used an
adapted U-Net [Ronneberger et al., 2015] architecture with interoperative TRUS
images for 2D slice segmentation and 3D volume segmentation. Most studies on
medical images needed solutions to overcome the data limitation problem, like
integrating supervision mechanisms into deep models. [Lei et al., 2019] proposed a
deep supervision strategy with a hybrid loss in different stages to overcome the data
limitation problem. 3D original TRUS and multiple filtered images were used as
multichannel samples to train the proposed network to enhance performance. Although
deep learning structures are powerful tools to learn multi-level features, directly
applying them causes poor localization of prostate boundaries due to redundant
features extracted because of the characteristics of TRUS images. To overcome the
occasion, [Wang et al., 2019] proposed deep attentive features generated at each layer
by learning the complementary information of the low-level detail and high-level
semantics in multi-layer features. They claimed that deep attentive features represent

prostate characteristics better.

2.5. Hybrid Methods

Hybrid methods combine different segmentation methods to exploit different
advantages of different methods. Combining contour, shape, region, or classification
information makes these methods robust to imaging problems such as artifacts or noise

and improves segmentation accuracy.
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Shape and texture features were modeled and used together in literature by many
researchers. The creation of the texture and shape models varied among different
studies. Zhan et al. created a texture space by using 2D rotation invariant Gabor filters
for each of the two panes of 3D US prostate images [Zhan et al., 2003]. They classified
the texture space into the prostate and non-prostate regions via a kernel support vector
machine (KSVM). They used the classified features as an external force in a
deformable model framework to segment the prostate. In their consequent work [Zhan
et al., 2006], they proposed to train a Gabor SVM (G-SVM) which consists of a Gabor
filter bank and a KSVM, for each local patch of the surface. The schematic
representation of the G-SVM is shown in Figure 2.6 [Zhan et al., 2006]. The Gabor
filter bank of the G-SVM extracted Gabor texture features around the corresponding
voxel. Then the pretrained KSVM gives a label indicating the likelihood of the voxel
belonging to the prostate. Subsequentially, the deformable model is forced to the
prostate boundary by the label of G-SVM. The process is carried out until

convergence.
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Figure 2.6: Schema of Gabor-Support Vector Machine.

Cosio proposed a robust initialization of an ASM with position and grayscale
information of TRUS images followed by optimization with a multi-population
genetic algorithm [Cosio, 2008]. The initialization of the ASM was done with a binary
image created by a Bayes classifier from a Gaussian mixture model of position and

grayscale including three Gaussians, prostate, non-prostate, and halo around the
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prostate. The optimization was done by finding the optimum combination of pose and
shape parameters by a multi-population genetic algorithm.

[Ghose et al., 2013] proposed an approach based on multiple mean parametric
models obtained from principal component analysis (PCA) of shape and posterior
probabilities in a multiresolution framework. The model parameters were modified
with prior knowledge to achieve optimal prostate segmentation. The posterior
probabilities of the prostate region were determined from random forest classification
and used for building, initialization, and propagation of the appearance model.

The uncertainty of the predictions in deep learning-based methods can be
reduced by using prior knowledge. [Karimi et al., 2019] propose to train a CNN
ensemble to identify uncertain segmentations and create a segmentation uncertainty

map. They then utilize the shape-prior to improve uncertain segmentations.
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3. PROSTATE LOCALIZATION FROM AUS
IMAGES BY USING AN SVM BASED
GRAPHICAL MODEL

3.1. Motivation and Problem Definition

Automated prostate segmentation studies showed that prostate segmentation on
TRUS images needed an initialization, even though the prostate is the only organ
shown. Edge-based studies filtered falsely detected edges after the initialization of the
edges roughly [Pathak et al., 2000]. Deformable model-based studies initialized the
contour from manually outlined samples [Shen et al., 2003] or user selection of several
points on the contour [Ladak et al., 2000b].

To study AUS images, localization of the prostate is even more crucial because
it involves other anatomical structures, and it has many characteristic challenges.
Detection of the prostate location provides prior knowledge for prostate segmentation
studies. Besides, utilizing anatomical structures other than the prostate would enhance
the localization results.

3.2. Proposed Method

In this study, a prostate localization method is proposed that utilizes the organs
and tissues other than the prostate on AUS images. The proposed method is based on
DPM, which allows modeling the group of anatomical parts included in an AUS
image. An early version of DPM called pictorial structures is shown in Figure 3.1
where a face is modeled [Fischler et al., 1973]. DPM yields global results for a given
image while working locally. DPM optimizes its location on a given image according
to the appearance and the context energy starting from an initial location. The
appearance energy of the model is obtained from the image information at the locations
of each part, while the context energy is obtained from the spatial relations between
the parts of the model. DPM was used in literature in many object detection
frameworks. Figure 3.2 shows an example of DPM on a car and a person model
[Felzenzswalb et al., 2010].
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Figure 3.1: An early version of the DPM model called pictorial structure. This is an

example of a face model.

Figure 3.2: DPM samples on a car and a person model. Their corresponding
appearance energy maps are given on the lower part.
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It was observed that a machine learning system trained with image windows of
a single anatomical structure is not adequate to detect the location of the structure. The
low SNR and uncertainty of AUS images cause this problem. Therefore, performing
the localization process with the help of neighboring structures is more appropriate
and it produces better results than a system that will work by considering only the
prostate. The DPM method is quite suitable for solving this multi-part localization
problem. Figure 3.3 shows the overall representation of the proposed system.

Five structures were determined including the prostate to apply the DPM-based
method as a solution to the problem. Figure 3.4 shows these structures for the
transverse (a) and the sagittal (b) AUS images. The first structure is shown in a yellow
window and appears as bright waves. The second structure is the bladder which is
shown in a green window. The third structure is the shiny tissue between the prostate
and bladder and is shown with a blue window. The fourth structure is the prostate, and
the fifth structure is shown in a white window, and it is the shiny tissue under the

prostate.

Figure 3.4: Anatomical structures determined for the DPM-based method.
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Figure 3.5: The DPM design for the proposed system. m4, ..., m,, represent the parts of the DPM. The function SP(mi, mj) gives the spatial
relation value between parts m; and m;. Context energy e, is the sum of spatial relation values between neighboring parts. SC (1, m;) function
gives the score value obtained by a machine learning system for the location of m; on image I. Appearance energy e, is the sum of score
values.



Assume M = {m,, m,, ...,m,} is a localization of the parts of the DPM where
m; represents the location of the i®" part and M is the optimal localization. The
proposed DPM optimizes its location from M to M on an image I, by using (3.1) where,

@ represents the parameters learned from the training data.
M= argml\?xP(MH, ?) (3.1

The function, P(M|I, @) consists of the appearance e,,,, and the context e,y
energies modeled as a Gibbs distribution which is given in (3.2). In this formula, z is

a normalizing constant.

_(eapp +econt)

P(M|I1,Q) = — (3.2)

Figure 3.5 shows the DPM design for the proposed system. my, ..., m,, represent
the parts of the DPM. The function SP (mi, mj) gives the spatial relation value between
parts m; and m;. Context energy e, is the sum of spatial relation values between
neighboring parts. SC(I,m;) function gives the score value obtained by a machine
learning system for the location of m; on image I. Appearance energy e, is the sum
of score values. Computation of the appearance and the context energy, e, and ecop;
is explained in the following sections.

Levenberg-Marquardt algorithm [Marquardt, 1963] (LMA) was used to
optimize (3.1). LMA is a gradient descent algorithm that works locally, and it is more

successful than commonly used gradient descent algorithms with complex models.

3.2.1. Computation of the Appearance Energy

A score map was created for each structure and it was used to compute the
appearance energy, eq,,, of a localization, M of the model. For this purpose, a support
vector machine (SVM) was trained for each structure. The training was done with
feature vectors extracted from image windows of the training data. Feature vectors of
image windows, including entirely one of the structures, were considered positive
samples of that structure, while feature vectors of image windows with only a part of

the structure or no structure were considered negative samples.
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Given an unseen image, a score map for each structure was created using each
of the trained SVMs. For this purpose, feature vectors from image windows at
successive locations were extracted using the sliding window method. Each SVM
outputted a score value for each of the feature vectors. The score values were added to
the location of the center of the image window in corresponding score maps. Scores of
more than one window size around the mean values of the training data are created,
and the highest score is chosen. We saved these window sizes to use later while

calculating the context energy, which is explained in the following section.
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Figure 3.6: Creation of HOG feature vectors. Implementation of the sliding window
method.

The score maps were then used to compute the appearance energy, The

€app-
computation of eg,,, is explained in (3.3), and it is the total of the score map values at

the locations of each structure.

Capp = Z SC(,my) (3.3)

The histogram of oriented gradients (HOG) method was chosen as the feature
vector extraction method. HOG was created by summing the gradients of the image

into bins according to the orientations of the gradients. The image window was masked
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with an operator which computes the gradient. The Sobel operator was used for this
purpose. As shown in Figure 3.6, the image window was divided into blocks and cells,
and the gradient values were summed and normalized considering the cells. The
histogram was created according to the orientations of the gradients with these
normalized values. The feature vector of the image window was obtained by
concatenating the histograms of each block.

1x.y)

Figure 3.7: Integral image representation. Each location on an integral image is the
sum of the top and the left locations.

While creating the score maps, many overlapping image windows were created
with the sliding window method. We used the integral image method to avoid the
recurring calculation of gradient values [Viola and Jones, 2001]. As shown in Figure
3.7, the value of each location is the sum of the top and the left locations. We can

quickly obtain the sum of a region by using integral images, as explained in Figure
3.8.
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Figure 3.8: Integral image region sum calculation. Given an integral image, the sum
of region D is easily obtained. Here, point 1 is the sum of A, point 2 is the sum of A
and B, point 3 is the sum of A and C, and point 4 is the sum of A, B, C, and D.
Hence, we can obtain the sum of D as point 4 + point 1 — (point 2 + point 3).

Due to AUS images' structural challenges, a model that learns only one structure
would not detect locations as accurately as a model with more than one cooperating
structure. Considering independent score maps of 5 different structures shown in
Figure 3.9, one can see many maximums, including actual and false locations.
Especially structures with similar characteristics like bladder and prostate may be

represented as false maximums in each other's maps.

"
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Figure 3.9: Sample score maps for a given AUS image. a) Locations of five
structures from manual annotations. b) Score maps for the structures from top to
down.

DPM overcame the challenges caused by the false maximum locations on the

score maps by gathering different structures in a model. Since DPM works locally, the
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initialization of the model was essential. Methods like initializing the parts from the
maximums of the score maps or clustered score maps do not work properly because of

the false maximum locations problem mentioned above.

3.2.2. Computation of the Context Energy

The context energy of the DPM was calculated considering the distance,

orientation, and size relationships between its parts, as shown in (3.4) and (3.5).

€cont = Z SP(mi'mHl) (3-4)

SP(m;,miyq) = a. fa(my,myyq) + B fo(my,miyq) + 6. fs(my, myyq) (3.5)

In (3.5), a, B, and § are the weights of the distance, the orientation, and the size
terms, respectively. (3.6), (3.7), and (3.8) show the computation of the distance, the
orientation, and the size terms of the context energy.

In (3.6), d; ;11 is the ratio between the distance between the i*" and the (i + 1)**
parts, and the sum of the distances between all parts. Using this ratio instead of using
only the distance value made the system robust to distance values varying from sample

d

to sample. u¢ and o represent the mean and the standard deviation values of the

distance term according to the training data.

(dijs1— #d)z

fa(mymq) = (GT (3.6)
fo(my,miy) = (O”J(r;())zﬂ) (3.7)
fs(ml,mm)—(s”as)f ] (3.8)

In (3.7), 0; 441 is the orientation between the i*" and the (i + 1)*" parts. u* and
o® represent the mean and the standard deviation values of the orientation term

according to the training data.
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In (3.8), s;;41 is the ratio between the size of the i** and the (i + 1)*" parts. u®
and o represent the mean and the standard deviation values of the size term according
to the training data. As mentioned in the previous section, each part's size at each

location was determined while creating the score maps.

Figure 3.10: The initial and the final locations of the DPM. The blue dots and
numbers represent the initial locations of the parts, while the red dots and numbers
represent the final locations of the parts. The windows show the final estimated size
value for the anatomical structures.

Figure 3.10 shows sample initial and final locations of the DPM. Numbered blue
dots represent the initial locations of DPM parts. Numbered red dots and red windows
represent the final locations and estimated sizes, respectively. Here one can see that
the initial locations determined according to the score maps are faulty because the
score maps were created considering only single parts of the DPM. On the contrary,
with the enhancement of the DPM, one can see that the final locations are more

accurate, and the window sizes are proper.
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Figure 3.11: DPM optimization on synthetic images. Blue dots and numbers
represent the initial locations, while red dots and numbers represent the final
locations for the parts. The red windows represent the final estimated sizes.

Experiments on synthetic images showed the effect of the context energy of the
DPM. As shown in Figure 3.11, synthetic images with more than one similar structure
were created as in AUS images. Blue dots and numbers represent the initial locations
of the DPM, while red dots and numbers represent the final locations. Though score
maps of the parts include high scores for similar structures, the context energy of DPM
moved them to accurate locations.

Since the system works locally, the initialization of the locations of the parts was
essential. Initializing parts from the wrong locations affected the model's energy and
caused the model to move to the wrong locations. In some cases, the optimization
needed more loops to move all parts to their optimal location. In Figure 3.11-d, one

can see that part number 5 needed more loops to move its optimal location.

Figure 3.12: Sample cluster maps of an AUS image. Each of these cluster maps was
created by clustering the score map of the corresponding part.

To solve the initialization problem, multiple initializations of the parts of the
DPM were proposed. For this purpose, cluster maps with k clusters were created from

the score maps, and each of the n parts of the DPM was initialized from the centers of
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the k cluster. This way, n*

initializations and optimizations were done, and the
localization with the best score was chosen as the final localization. Although n
initialization seems like a very high number for the optimization method, it could be
completed quickly because the LMA algorithm is efficient. As mentioned before, n
(i.e., the number of parts) was 5. k was chosen as 10 due to the experiments. Figure

3.12 shows the clustering maps obtained from the score maps of an AUS image.

3.3. Experiments

140 transverse AUS images from different patients were used for the
experiments. The size of the images was between 295x470 and 380x610 pixels. Our
dataset consisted of healthy and diseased patient samples. Experts outlined the
anatomical structures determined as the DPM parts on all images. We used ten-fold
cross-validation to validate the system.

The proposed DPM-based system achieved a higher accuracy by utilizing more
than one anatomical structure instead of only an anatomical structure. As we
mentioned in our previous study [Albayrak et al., 2015], only 55.7% of the detected
prostate centers were inside actual prostate contours when only feature maps of an
individual structure were used. With the use of DPM, this value achieved 83.5%.

When only a feature map of the prostate was used, the average distance between
the detected and marked centers was 2.1 cm. The value decreased to 1.08 cm with the
use of the DPM-based system. Figure 3.13 compares the SVM-based system that
detects only the prostate and the proposed DPM-based system. A boxplot is shown for
each of the systems with the distance values in cm between the detected center and the
actual prostate center. The red mark inside the box represents the median, the edges of
the box are the 25" and the 75" percentiles, and the plus signs are the outliers. One
can see that the proposed system has smaller distance values than the SVM-based

system and the SVM-based system’s results are not consistent.
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Figure 3.13: Comparison of the SVM-based and DPM-based systems’ results. The
red mark inside the box represents the median, the edges of the box are the 25" and
the 75" percentiles, and the plus signs are the outliers.

Figure 3.14 shows sample results from the DPM-based localization method. In
the figure, blue dots and numbers represent the initial locations of the part centers,
while red dots and numbers represent the final locations of the part centers. The red
windows represent the estimated size values. Considering the initial part locations
determined using the SVM-based score maps and the final part locations determined
by the DPM-based system, one can see the effect of the DPM-based system on better

localization of the parts.
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Figure 3.14: Sample results of the DPM-based localization method. Red dots and numbers represent the detected prostate centers while the red
windows represent the estimated size values.



4. PROSTATE SIZE INFERENCE BY PATCH-
BASED SEGMENTATION

4.1. Motivation and Problem Definition

Building a fully automated AUS prostate size inference system requires working
with raw images that include several anatomical structures and the prostate. Thus, such
a size inference system should be able to learn both object-level and lower-level
features. By this means, it should detect both prostate location and boundary using
global and local information.

A deep convolutional neural network (DCNN) is a promising tool for
simultaneously learning intermediate features and final tasks from raw AUS images.
The need for massive data makes using DCNN compelling in complex tasks like
contour extraction or segmentation. Insufficient data may result in over-fitting during
training due to the significant number of parameters. This problem arises primarily in
domains where collecting data or hand labeling is very expensive or complicated, such
as medical image analysis [Careniro et al., 2011].

4.2. Proposed Method

A patch-based deep learning system was proposed for prostate segmentation and
size inference. A DCNN for each plane was trained with patch-based training data
extracted from corresponding AUS images. For an unseen image, trained DCNNs were
used to create contour maps. Then, the proposed system extracted the final contours
from the contour maps, yielding the segmentation results. The final contours were used

for the size inference. The general schema of the system is represented in Figure 4.1.
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Figure 4.1: The schema of the patch-based segmentation system. Complete contours were obtained from manually annotated four points on the
prostate contour. Training image patches were extracted from centering locations on different layers around or inside the contour. A DCNN for
each plane was trained. During segmentation, image patches were extracted from several locations in a sliding window manner. Trained DCNNs
classified these patches and contour maps were created according to the classification results. Final contours obtained from the contour maps and
size inference were done from the final contours.



4.2.1. Segmentation

To train the segmentation system, complete contours corresponding to the
training images were needed. Since the training data included expert markings of only
the four points which represent the width and the height of the prostate, a method to
create complete contours was proposed. Complete contours were created with the help
of the expert markings by assuming that the prostate contour is a joint of four different

ellipses between the four expert markings.

Figure 4.2: Creation of the training contours using expert markings. The horizontal
axis of the prostate was assumed as the shared horizontal axis of four different
ellipses.

As shown in Figure 4.2, four different ellipse sections were fitted to the four
expert markings. The horizontal line between the expert markings of prostate width
was assumed as the intersection of the horizontal axes of the four ellipses. Vertical
axes of the ellipses were normal to the horizontal axes from the expert markings of
prostate height.

A multi-task learning process was proposed which uses image patches to learn
the complete contours created from the expert markings. Three different tasks were
chosen to learn distance, orientation, and curvature values for each image patch

location according to the prostate contour or center.
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Figure 4.3: Determination of class intervals for the distance task. Different layers
were created by scaling the contour down or up. Training data was created using
patches centering many different locations on the layers and the distance class labels
were determined according to the layer a patch center was on.

The distance task learned the distance of a patch center to the closest contour
point. Several concentric contour layers were created by scaling up or down the
prostate contour. Distance values were quantized into several classes according to
being on any of these layers. Figure 4.3 shows three sample points, p;, px, and p,, on
three different layers. The labels of these three points, I}, [}, and [}, were determined
according to the layer the corresponding point is on. For the given example in Figure
4.3, assuming the innermost layer's label is 1, the respective values for I}, [}, and I3,
will be 6, 4, and 1.

Figure 4.4: Determination of class intervals for the orientation task. 360 degrees were
guantized into several classes equally to determine class intervals. The orientation
value of a patch center was obtained as the angle between the line segment from the
patch center to the prostate center and the horizontal axis.

Given P as the line segment between the prostate center and a patch center point,
p;, the orientation task learned the angle between P and the x-axis. Figure 4.4 shows

three sample points, p;, px, and p,, with different angle values, a, f, and vy,
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respectively. Angle values were quantized into several classes for the determination of

the corresponding labels [Z, [2, and [2,.

Figure 4.5: Determination of class intervals for the curvature task. The curvature
value of a patch center was determined as the radius of the circle on which the patch
center and two neighboring locations on the same layer. Curvature values were
quantized into several classes according to the training data.

The curvature value of three points was calculated as the circle's radius on which
these three points are. The curvature task learned the curvature of a given patch center
point. Figure 4.5 shows the curvature values, ry, r,, and r3, of 3 different points, p;,
Pk, and p,,, on three different layers. Two neighbor points on the same layer with the
patch center point were used to calculate the curvature value for the patch center.
Curvature values, 1y, r,, and r; were quantized into several classes to obtain the
corresponding orientation task labels, 7, I3, and [3,.

We proposed a patch-based design to overcome AUS images' data scarcity and
structural problems. Because of the structural problems of AUS images, using single
small patches that do not completely contain any structure did not provide enough
information about the location of the patch center. Using patches bigger than the
prostate provided similar information from different locations, which is redundant.
Combining image patches of smaller and larger sizes was a solution to the problems
that arise while using image patches of the same size. Thus, this study proposes to use
image patches which are concatenations of sub-patches of different sizes. For this
purpose, sub-patches with different sizes were created where smaller sizes do not
contain the whole prostate, and bigger sizes contain the whole prostate. These sub-
patches were then resized to equal size and concatenated. Figure 4.6 shows the patch

creation process.
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Figure 4.6: The patch creation process. For a given location on an AUS image,
patches of different sizes centering the location were created. Each of the patches
was resized to the same size and concatenated.

For the training phase, image patches from transverse and sagittal planes
centering locations on previously determined layers were extracted, and two different
DCNNSs were trained for each of the planes. Figure 4.7 shows the creation of k training
patches centering several locations on each of m layers and training of DCNN. Here,
P' = {pi, ...,pL} is a group of patches on i** layer and it contains the training data

with label i.
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Figure 4.7: Representation of the training phase. Represents extraction of k training patches centering several locations on each of m layers and
training of the DCNN.



For the test phase, windows that contain the whole prostate were manually
extracted from transverse and sagittal AUS images of the test data. From these
windows, patches were created, centering locations in a sliding window manner. Each
of the patches was classified by the corresponding trained DCNN, and a contour map
was created according to the classification results of the DCNN. Figure 4.8-a shows
an example of a contour map on a transverse AUS image.

To obtain an initial contour from the contour map, the locations classified on the
contour were used. Several ellipses were fitted to 10 degrees slices of these locations.
These ellipse slices were concatenated and formed the initial contour. The final
contour was obtained by fitting a new ellipse on the initial contour. The final contour
was used to make size inference. Figure 4.8-b shows an example of the initial and the

final contours in yellow and red, respectively.

Figure 4.8: Samples of a contour map and a contour. a) A contour map that was
created by the classifications of the DCNN. White dots show the expert markings. b)
The yellow partite contour is the contour obtained considering the contour map, and

the red ellipse is the final contour.

For the learning process, we used Caffe [Jia et al., 2014] implementation of
AlexNet [Krizhevsky et al., 2012]. The architecture of AlexNet is shown in Figure 4.9.
DCNN optimization was done by Stochastic Gradient Descent. We used the web-based
user interface, Digits of NVIDIA, during training, and we used the command line

interface of Caffe during the test phase.
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Figure 4.9: Architecture of AlexNet.

4.2.2. Size Inference

The standard ellipsoid formula which was given in (1.1) is commonly used in
clinical practice by experts to measure the size of the prostate by using the width,
height, and length values of the prostate. The proposed system also used the standard
ellipsoid formula given in (1.1) for size inference. For each patient sample with a
transverse and a sagittal AUS image, the two final contours which are ellipses from
two planes were used to obtain the values of the ellipsoid that represents the prostate.
Width and height values were obtained from the final contour of the transverse images,
and length values were obtained from the final contour of the sagittal images. To obtain

these three values, the endpoints of the axis of the ellipses were used.

4.3. Experiments

90 AUS patient samples with transverse and sagittal images were used for the
experiments. Ten-fold cross-validation (TFCV) was applied where each fold has 81
training and 9 test patient samples. In each fold, training data was created for the 81
transverse and 81 sagittal images, and two different DCNNs were trained for the
transverse and the sagittal data. Test data was created for the 9 transverse and the 9

sagittal images of the test phase in a similar way.
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Figure 4.10: Sample segmentation results for transverse and sagittal images. The top
row shows contour maps and segmentation results for two transverse images, while
the bottom row shows contour maps and segmentation results for two sagittal
images. White dots are the expert markings. The yellow partite contour is obtained
considering the contour map, and the red ellipse is the final contour.

The test data extraction process was done in a sliding window manner. Since the
proposed algorithm aimed not to localize the prostate but infer its size, we used a
window smaller than the whole AUS image, which includes the entire prostate, to
extract test data. The contour maps shown in Figure 4.10 were created in this way.

We obtained the final contour using the method explained in Section 4.2.1.
Sample segmentation results are represented in Figure 4.10 where the top row shows
examples from transverse and the bottom row shows examples from sagittal images.
Table 4.1 represents the chamfer distance values between expert markings and the
location estimations of the proposed system for each fold of the TFCV. The chamfer
distance values were obtained according to the four points representing the prostate's

height and width on transverse images.
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Table 4.1: Chamfer distance values between experts and the system. The chamfer
distance values were obtained according to the four points representing the prostate's

height and width on transverse images.

Chamfer Distance for Chamfer Distance for
Fold transverse images sagittal images
cm (pixel) cm (pixel)

1 2.22 (8.7) 0.39 (15.7)

2 0.28 (10.1) 0.34 (12.1)

3 0.25 (8.7) 0.45 (15.2)

4 0.26 (10.6) 0.39 (15.8)

5 0.18 (6.1) 0.29 (10.3)

6 0.26 (7.5) 0.47 (13.3)

7 0.28 (10.4) 0.54 (20.1)

8 0.25 (8.4) 0.33(11.5)

9 0.16 (7.8) 0.50 (24.5)

10 0.20 (7.8) 0.44 (17.7)
Mean 0.23 (8.61) 0.41 (15.62)

Size inference was made according to the volume of the prostate in cm3. The

standard ellipsoid formula in (1.1) was used for the volume calculation. The difference

values between volumes calculated from expert markings on AUS and MR images and

contour estimations of the proposed system are given in Table 4.2. Each row shows

the mean of the comparison results for the corresponding fold. It is supposed that the

difference between folds is due to the data scarcity problem in our experiments.

The ratio of volume estimations of expert markings on AUS images — system,

expert markings on MR images — system, and expert markings on AUS images —

expert markings on MR images are represented in Table 4.4. Each row shows the

average of a fold.
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Table 4.2: Difference between volume estimations. VValues are of expert markings on

AUS images — system, expert markings on MR images — system, and expert

markings on AUS images — expert markings on MR images in cm3. Each row shows

the average of a fold.
Fold AUSexpert - MRexpert - AUSexpert -
AUSgystem (€m?) | AUSgystem (€cm?®) | MReypert (cm?)

1 111 16.1 12.6

2 9.7 7.3 7.0

3 8.8 7.7 6.9

4 14.3 151 9.7

5 3.6 5.3 4.2

6 8.0 6.1 6.4

7 11.9 12.5 3.7

8 7.5 8.3 4.4

9 9.8 9.2 4.6

10 5.2 6.7 6.9
Mean 8.9 9.4 6.7

Table 4.3: Mean values of the difference. VValues are between the volume
estimation values of expert markings on AUS images, expert markings on MR

images, and system estimations on AUS images. Red represents the highest value
while green represents the lower value.

AUSexpert MRexpert AUssystem
(cm?3) (cm?3) (cm?3)
AUsexpert
6.7 8.9
(cm®)
MRexpert
6.7
(cm®)
AUSsystem
8.9
(cm?)
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Table 4.4: Ratio of volume estimations. Values are of expert markings on AUS

images — system, expert markings on MR images — system, and expert markings on

AUS images — expert markings on MR images. Each row shows the average of a

fold.
Fold AUSexpert - MRexpert - AUSexpert -
AUSgystem (cm?) | AUSgystem (cm®) | MReypert (cm?)

1 1.44 1.49 1.06

2 1.34 1.01 1.30

3 1.53 1.34 1.12

4 1.31 1.26 1.26

5 0.89 0.91 1.04

6 1.12 0.99 1.13

7 1.68 1.65 1.19

8 1.24 1.21 1.06

9 1.66 1.85 1.03

10 1.09 1.08 1.12
Mean 1.33 1.28 1.13
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5. STANDARD ELLIPSOID FORMULA BASED
PROSTATE VOLUME ESTIMATION FROM
AUS IMAGES BY USING A NOVEL DEEP
MODEL

5.1. Motivation and Problem Definition

From surveying literature, one can see that automatic prostate volume estimation
is mainly done by using segmentation algorithms. However, in the case of this study
where AUS images are used, there are problems such as low SNR values, artifacts,
and incomplete contours, making complete contour detection on AUS images
challenging for even state-of-the-art techniques. These problems can be tackled by
using a more straightforward method similar to manual estimation methods.

Most prostate volume estimation studies present an end-to-end solution that is
not compatible with experts' everyday workflow. To trust an automated system's
results, clinicians need to know how they are produced [Wang et al., 2021]. It is not
easy for everyone to examine the results of an end-to-end system due to its
complexness [Murphy et al., 2021]. These systems should be transparent and
explainable to experts [Sunarti et al., 2021]. Combining human and artificial
intelligence would outperform fully automated systems or humans [Rundo et al.,
2020].

Experts use the standard ellipsoid formula given in (1.1) to calculate prostate
volume after manually marking transverse and sagittal images. Thus, a system that
allows standard ellipsoid-based calculation with manual intervention would benefit

clinical applications.

5.2. Proposed Method

In this study, a prostate volume estimation system was proposed that obtains the
parameters of the standard ellipsoid formula (1.1), which are the width, the height, and
the length of the prostate, and uses it to estimate the volume of the prostate. The system
detected four ellipsoid points from the transverse and two ellipsoid points from sagittal
images and obtained the parameters. The proposed method allowed both manual

intervention and fully automatic use by producing intermediate and final results.
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Intermediate results were the diameter endpoints, and the final result was the volume
of the prostate. We proposed an image patch voting-based system like our previous
work in Section 4, with some fundamental differences in creating patches and learning

the model.

P (T ()

P'Z (T’(x‘}'))

Py (Tj(x, }’))

P4 (T](XIY))

Figure 5.1: Patch extraction process. An example of a given point T/ (x, y) on a
given transverse image T/. System extracts four patches from different scales
centering (x, y). These patches are downsized to the smallest scale and the

quadruplet patch, PQ (Tf (x, y)) is created.

5.2.1. Patch Extraction

The patch extraction process in this work was different from the patch extraction
process of the previous work with the use of sub-patches. The patches extracted from
different scales were called quadruplet patches, and instead of being combined, each
of them was inputted individually to a model explained in the following section. Patch
extraction process is represented in Figure 5.1. The utilization of the patches was also
different from the previous system. In this case, each quadruplet patch voted for each
of the diameter endpoints of the prostate.

Quadruplet patches of the training data were created, centering randomly chosen
locations from a normal distribution around diameter endpoints. For the test data,
evenly spaced locations in a sliding window manner were chosen as the centers of the

quadruplet patches. Sample patch centers for training and test patches on transverse
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and sagittal images are shown in Figure 5.2. Many quadruplet patches were created

from each image which means the data was augmented.

Figure 5.2: Locations chosen for the quadruplet patch centers. Green dots are expert
markings, and red dots are patch centers. a) Training patch centers on a transverse
AUS image. b) Training patch centers on a sagittal AUS image. c) Test patch centers
on a transverse AUS image. d) Test patch centers on a sagittal AUS image.

5.2.2. Quadruplet Network

Several studies in the literature with different types of quadruplet networks have
been popular in re-identification or similarity learning studies [Chen et al., 2017]. In
these studies, quadruplet networks were trained with four images where two of them
were from the same class, and others were from different classes. Pairs in the same
class were learned as positive, while pairs in different classes were learned as negative.
Greater inter-class and less intra-class variation were achieved by calculating a
quadruplet loss while identifying images.
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Figure 5.3: The proposed quadruplet model, QDCNN. The model comprises four
DCNNs with a joint classifier layer and a joint loss. k is the number of outputs which
is 8 for the QDCNNT, which is for transverse images, and 4 for the QDCNNs, which

is for sagittal images.

In this study, a novel quadruplet model called Quadruplet Deep Convolutional
Neural Network (QDCNN) was proposed, through which quadruplet patches vote for
the diameter endpoints [Albayrak and Akgul, 2022]. The model is represented in
Figure 5.3. Four ResNet18 DCNNs comprised a QDCNN, with a joint classification
layer and a joint loss. Each quadruplet network got each of the corresponding
quadruplet patches as input. The QDCNN learned to predict distance and orientation
classes relative to each diameter endpoint for a given quadruplet patch center by multi-
task classification. Two different QDCNN structures were trained for this purpose.
QDCNNT for the transverse plane had 8 outputs, and QDCNNs for the sagittal plane
had 4 outputs.

Assuming the transverse image, T/ of the j'* patient with four diameter

endpoints e;, e,, ez, and e, and sagittal image, S/ with two diameter endpoints, es and

eg, Where e; € R?. A quadruplet patch PQ (Tf (x, y)), centering a given point T/ (x, y)

on a transverse image, T’ is composed of four equal-size patches P, (Tf (x, y)),
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P, (Tf (x, y)), P; (Tf (x, y)), and P, (Tf (x, y)) of different scales. A quadruplet patch
PQ (Sf (x, y)), centering a given point S’ (x, y) on a sagittal image, S’ is composed of

four equal-size patches P; (Sf (x, y)), P, (Sf (x, y)), P; (Sf (x, y)), and P, (Sf (x, y))

of different scales, similarly.

PQ(T/(x.))

Figure 5.4: Quantization of class label values. For a given point T/ (x,y), on a
transverse image T’ where four diameter points (ey, e,, e, e,) exist, measurement of
distance (a) and orientation (b) class values are shown. Classes or eight different
tasks are predicted for this transverse image case.

Two functions, c¢; and ¢, were defined to obtain distance (cd) and orientation
(co) classes, respectively. For a given point T/ (x,y) on a given transverse image T/,
cdij(x, y) = cq(T/(x,),e;), and coij(x, y) = ¢o(T/(x,¥),€;) where i=1,..,4.
Similarly, for a given point S/(x,y) on a given sagittal image S/, cd{(x,y) =
ca(S7(x,y),e;), and coij(x, ¥) = ¢,(S7(x,¥),e;) where i = 5,6. That is, QDCNNr

had four classification tasks and QDCNNs had two classification tasks. Figure 5.4
represents the calculation of the orientation and distance class values.
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Patch extraction for the training phase was done from normally distributed
random locations around diameter endpoints of each transverse and sagittal AUS

image of training patient samples. During the training of QDCNN+, n quadruplet
patches, PQ (Tf (xl,yl)), .., PQ (Tf (xp, yn)) were extracted from each of the m

transverse training images, T2, ..., T™. These quadruplet patches were then input to the
QDCNNT for the training process. Figure 5.5 represents this process. Training of the
QDCNNs was done in a similar way.

Figure 5.6: Creation of voting maps.Voting arcs (without thickness) are shown for a
sample transverse image. b) Red dots are locations of expert markings, and green
dots are the detected locations of the diameter endpoints. c) The voting maps for the
diameter endpoints, e;, e,, e3, e,.

5.2.3. Prostate VVolume Inference

Prostate volume inference was made by the image patch voting method. A voting
space with the same resolution as the input image was created for this purpose. Each
quadruplet patch voted for each diameter endpoint at the voting space. During the
voting process, cd and co values were created for each quadruplet patch which goes
through QDCNN+t or QDCNNs depending on whether it was extracted from a
transverse or a sagittal AUS image. VVoting was done along an arc where the arc center

was the patch center. The radius of the arc was given by cd, and the orientation of the
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arc was given as co. The arc's thickness and length were given by the median and the
range of the distance and orientation class intervals. This voting process ended with a
voting map for each of the diameter endpoints of a given AUS image, where the peak
was the location estimation of the diameter endpoint.

In Figure 5.6-a, voting arcs are shown red, and the detected diameter endpoints
are green. The thickness of the arcs is not represented in this sample to show the arc
locations better. Figure 5.6-b shows the detected locations with red dots and the expert
markings with green dots. The voting maps for each of the diameter endpoints are
shown in Figure 5.6-c. These maps were convolved with a Gaussian smoothing map
to suppress the noise.

For a given test patient sample with a transverse image T/ and a sagittal image
S7, quadruplet patches were extracted centering evenly spaced locations in a sliding
window manner. Each quadruplet patch was classified by the corresponding QDCNN
and by this means votes for the distance and the orientation class values. The voting
mechanism is shown in Figure 5.7 on a transverse AUS image T’. For the voting

process of a location (x,y), the trained QDCNNrt got the quadruplet patch
PQ (Tf (x, y)) which centers the location and produced eight outputs. These outputs

were the cd — co pairs for each of the endpoints. VVoting was done for each location,
and voting maps for each endpoint were created. The peaks of the voting maps were
determined as the final locations of the corresponding endpoints. Endpoint locations
for the sagittal image S/ was obtained similarly and the volume was calculated by

using the standard ellipsoid formula.
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5.3. Experiments

5.3.1. Dataset

The dataset consisted of 305 AUS patient samples, where each sample had a
transverse and a sagittal AUS image. 75 of these also had MR images of transverse
and sagittal planes. Several experts annotated these AUS and MR images during
medical treatments. To train and test the system, we used the AUS annotations. We
used the MR annotations as the gold standard.

251 of 305 AUS images and 73 of 75 MR images were annotated by two
different experts at two different sessions to compare the proposed system's
estimations with expert estimations and obtain intra-expert and inter-expert volume

estimation differences. To represent the width, the height, and the length of the
ellipsoid, we defined three functions, Dy, (M(Tf)), Dy (M(Tf)), and D, (M(Sf)),
respectively. M represents a measure on a transverse (T7) or a sagittal (S/) image. To
compare the differences, we calculated the mean absolute value difference (MAVD)
between two different measurements M; and M, as given in (5.1). When both

measurements are from AUS images, N = 251, and when one is from MR images,
N =73.

N

1 I,

MAVD(M,,M,) = NZWI -1/
j=1

where

Vso =V (Dw (Me(19)), Dy (Me(17)), D, (5(17))) (5.1)
and

V = width. height.length.m /6

Intra-expert and inter-expert MAVD values of manual volume estimations from
AUS and MR images are shown in the top eight rows of Table 5.1. The average
prostate volumes considering the annotations on MR images was 25.9 cm?3 Table 5.2
shows the standard deviation of absolute value differences (SDAVD) values for Table
5.1. The image type (IT = AUS, MR), the expert ID (e = expl,exp2), and the
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annotation session ID (k = mark1, mark2) are represented by the column and the

row headings as ITk.

The average intra-expert MAVD value for MR images was 2.81 (@) cm?,

3.46+4.01

while it was 3.73 ( ) cm?® for AUS images from Table 5.1. Human experts'

volume estimations on the same modality images can vary at different marking
sessions, even for the MR modality, which is the gold standard. Due to low SNR values
and structural problems, a greater intra-expert MAVD value is expected.

Between different modalities, MR and AUS, the average intra-expert MAVD

7.70+7.20+8.67+7.96+7.15+8.05+6.93+7.38
8

was 7.63 ( ) cm®. We can see that manual

annotation on AUS images cause greater MAVD values, considering MR as the gold
standard.
Greater values for intra-modality and inter-modality comparisons occurred when

inter-expert MAVD values were examined. For MR-MR and AUS-AUS comparisons,

4.96+4+5.48+4.79+4.92 5.194+5.44+4.76+4.89
) and 5.07 (

) cm? inter-
4 4

average values of 5.03 (
expert MAVD values were obtained, respectively, from Table 5.1. Thus, for both MR
and AUS modalities, manual annotations by different experts cause greater MAVD
values. One can infer from Table 5.1 that manual annotations of different experts have

a high MAVD between AUS and the gold standard, where we obtained an average of

8.06 (

&36+712+643+706+953+908+968+926) Cﬁﬁ
P .

One can see the difference between different expert volume estimations from the
comparisons of estimations from manually marked images. Same experts also marked
different positions at different marking sessions. It was inferred from these results that
the guidance of the automated system is expected to enhance the experts' consistency

and stability of the volume estimation results.

5.3.2. QDCNN Results

The proposed system was evaluated by TFCV. Each image was resampled to a
40 pixel/cm scale using the pixel sizes available from the US device to eliminate scale
differences between images.

In Table 5.1, the first row of the second part shows the MAVD values between

(486+452+508+537)

the QDCNN system and the experts. An average of 4.95 MAVD
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was obtained which was smaller than the inter-expert MAVD (5.09 cm®) when the
system's volume estimations were compared with the expert volume estimations on
AUS images.

The proposed system's volume estimations ranked among inter-expert
comparisons on AUS images. Considering Table 5.2, one can generally see small
standard deviation values for small absolute value differences for both manual and
automated measurements. Thus, the proposed system'’s estimations can be considered
as stable as the manual estimations.

When the proposed system's volume estimations are compared with expert

volume estimations on MR images, to evaluate the system's volume estimations

concerning the gold standard, one can obtain 6.22

7.10+6.55+5.37+5.86
( ) cma3 average

MAVD, which is less than both the intra-expert (7.63 cm3) and inter-expert (8.06 cm3)
average MAVD between different modalities (AUS-MR). It was inferred that, under
the guidance of the proposed system, experts could possibly produce more consistent
and accurate volume estimations.

A baseline system was implemented that accepted inputs of 300 x 600 pixels
AUS images and produced the diameter endpoint locations as output. By this means,
the proposed system's performance was compared against traditional deep learning
systems. A modified version of the state-of-the-art DenseNet121 was used to produce
the endpoint locations. The baseline system had a single-network and non-voting
structure in contrast with the proposed system. Data augmentation was done by
random cropping during training of the baseline system. Table 5.1's last row compares
the proposed system with the baseline system. One can numerically see the proposed
system'’s image-patch voting mechanism's advantage. The average MAVD between

(792+727+597+577)

the baseline system and experts on MR images was 6.73 cm?® and

the average MAVD between the baseline system and experts on AUS images was 6.25

(662+6J3+579+6A6

: ) cm?®. It was concluded that the image-patch voting technique

improved the overall results.
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Table 5.1: MAVD values. Intra-expert and inter-expert MAVD values in cm?® for AUS and MR images is given in top part, and it is symmetrical.
The MAVD values between the proposed system, the baseline system, and the experts are given in the bottom part. Green cells show the smallest
(best), and red cells show the highest MAVD values.

MEAN Ausmm’kl Ausmarkz Ausmarkl Ausmarkz MRmarkl MRmarkZ MRmarkl MRmarkZ

expl expl exp2 exp2 expl expl exp2 exp2
Ausya? 5.19 544 7.70 7.20 6.36 7.12
AUSTE? 476 4.89 7.96 6.43 7.06

AuspEs 5.19 4.76 4.01 7.15 8.05
AUSHES? 5.44 4.89 4.01 6.93 7.38
MR 7.70 4.96 548
MRn> 7.20 4.79 4.92
MR 6.36 6.43 7.15 6.93 4.96 4.79

MR 7.12 7.06 8.05 7.38 5.48 4.92

AUSpN 486 452 5.08 5.37 7.10 6.55 5.37 5.86
AUSg; 6.62 6.13 5.79 6.46 7.92 7.27 5.97 5.77
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Table 5.2: SDAVD values for Table 5.1.

MEAN  Ausiai!  Auspsi®  Auspsi'  Auspsf?  MRpet MRAZEZ MRpSK! MRS
Auspey! 5.38 8.35 6.97 6.29 5.32 5.33
Ausy? 5.03 7.70 8.05 7.21 5.88 5.75
AuspR 5.38 5.03 7.56 7.49 6.73
Ausy? 8.35 7.70 7.56 6.92 6.50
MR 6.97 8.05 6.01 5.92
MRyi2 6.29 7.21 4.83 5.16
MR 5.32 5.88 7.49 6.92 6.01 4.83
MRJ2 5.33 5.75 6.73 6.50 5.92 5.16
AUSon 5.70 5.05 5.46 8.12 7.88 6.51 5.25

AUSp 7.46 7.12 5.98 * 7.36 7.09
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Table 5.3: Ratio values. The average sample-wise volume estimation ratio for inter-expert and intra-expert results from AUS and MR images is
given in the top part, and it is symmetrical. The ratio values between the proposed system, the baseline system, and the experts are given in the
bottom part. Green cells show the ratio values closest to 1 (best), and red cells show the ratio values farthest to 1.

RATIO Ausmarkl Ausmarkz Ausmarkl Ausmarkz

expl expl exp exp2
Ausgsy! 112 111
Auspe 1.12 11
AUS™Markl 1.12 1.12

exp2
AUS™k2 1.11 1.11

exp2
MRz
MR;";*;F
MR;’;“P’%;
MR:’;;:Q
AUSgoN

AlUSgL

mark1 mark2
M Rexpz M Rex p2

1.27 1.34




The average sample-wise volume estimation ratio for inter-expert and intra-
expert results from AUS and MR images is given in the top part of Table 5.3. The
bottom part of the table shows the average sample-wise volume estimation ratio
between the proposed system, the baseline system, and experts. Green cells show the

ratio values closest to 1 (best), and red cells show the ratio values farthest to 1.

5.3.3. Ablation Study

Three different models and a subset of the dataset were used for the ablation
study. Patches with pixel sizes (64 x 64) and (128 x 128) was used, and a ResNet-
18 was trained for the transverse and another one for the sagittal plane for each of these
patch sizes. A twin deep convolutional neural network (TDCNN) was also trained for
the transverse and another one for the sagittal plane. A TDCNN consists of two
DCNNSs and gets two patches with sizes (64 x 64) and (128 x 128) pixels similarly
to the QDCNN, which gets four patches. The model outputs the cd and the co values
for each endpoint.

Patch sizes that are smaller than the prostate sizes were used in the data set for
the ablation study. Thus, one can observe the effect of the quadruplet patch structure,
which consists of smaller and larger patches than the prostate.

When the volume estimations of these individual ResNet-18 networks and
TDCNN were compared with the volume estimations of experts on AUS images, an
average of 13.5 cm3 MAVD was obtained between experts and these models for the
64 X 64 ResNet-18 network, 11.4 cm3 for the 128 x 128 ResNet-18 network, and
8.92 cm3 for the TDCNN. MAVD values between two different markings of two
experts and five different models are shown in Figure 5.8 as a bar chart. The models
of the ablation study are the first three models. The fourth model is the baseline model,
and the last model is the model of the proposed system. The proposed system,
QDCNN, had the best MAVD values, which showed the effect of the quadruplet
patches and the quadruplet model. TDCNN had better MAVD values than single
networks, but it cannot achieve the MAVD values of the baseline system. These
MAVD values of the TDCNN showed that using patches only smaller than the prostate

is not enough to obtain results ranging among experts.
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Figure 5.8: MAVD values between experts and models. MAVD values between two
expert markings at two different marking sessions and five models are represented.
Each group of bars shows the comparison of a model and expert markings at
different sessions.

Convolutional neural networks can be used as feature extractors [Jogin et al.,
2018]. Good classification results can only come from good features. Thus, deep
classifiers can also be used as good feature extractors. To examine the feature
extraction ability of the proposed QDCNN, the outputs of the last layer before the
classification layer of the network was visualized as a feature vector. t-SNE graphs
[Van der Maaten et al., 2008] were used for 2D visualization of the feature vectors of
the distance task for the QDCNN, the individual 64 x 64 ResNet-18, and the
individual 128 x 128 ResNet-18. Two examples of t-SNE graphs for each network
are shown in Figure 5.9. Each point represents a feature vector, and its colors represent
different distance classes. The color charts show the association between colors and
class numbers. Classes with smaller numbers represent short distances, and larger ones
represent long distances. As shown in the figure, class values are nicely separated from
others and grouped mainly for the small distances for the QDCNN. Single-scale
networks cannot achieve the same grouping. These visual results indicate the quality

of the features extracted by the proposed network.
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Figure 5.9: t-SNE graph samples. Two examples of t-SNE graphs are represented for
each of the QDCNN, the 64 x 64 ResNet-18, and the 128 x 128 ResNet-18
networks for the distance task. Each color represents a distance class label and each
dot represents a feature vector for the distance task.
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6. CONCLUSION AND FUTURE WORK

6.1. Conclusion

According to data from both the world and Turkey, prostate cancer is one of the
most common types of cancer in men. As with other types of cancer, early diagnosis
of prostate cancer is very important for treating the disease. Ultrasound technology is
one of the most frequently used imaging techniques in both the diagnosis and treatment
process of prostate cancer. US technology offers two alternatives for prostate imaging:
TRUS and AUS. Although the TRUS method produces very reliable results, it is not
suitable for early diagnosis or frequent use during treatment because it is
uncomfortable for patients. Although the AUS method is a more preferred technique
for patients, it has problems in manual and automatic image analysis since the noise
ratio of the images produced is higher than the TRUS technique, and the prostate area
is small on the images.

This thesis has aimed to propose techniques for prostate volume measurement
on AUS images that can provide efficient data acquisition opportunities for patients
and specialists in the early diagnosis and treatment of prostate-related diseases like
PCa or BPH. Due to the high noise and varying structure of AUS images, the
application of known medical image processing techniques to this problem by
improving them with original techniques is the creative side of the study.

This thesis study proposed three main methods for the localization of the prostate
and prostate volume measurement. The first one is a unique technique that uses DPM
to locate the prostate center on the AUS image. The proposed method for finding the
prostate center from AUS images is designed to solve the problem that the noise in
AUS images is too high and the prostate center and shape vary significantly in the
image. Thanks to the customization of the DPM technique for this area, it has been
ensured that all features on the image contribute to the prostate region's detection by
using the local features of not only the prostate region but also other prominent parts
of the image. The experiments performed on the created dataset have shown
numerically that quite good improvements are achieved compared to the classical
methods that only use local features in feature extraction and then classification.

The main contribution of this method to the literature was the DPM-based design

that turns the disadvantages that arise because of the character of images like AUS
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images that include many other anatomical structures. Another contribution was the
use of a machine learning technique together with the DPM-based design, thus
providing a solution to the problems of AUS-like images like low SNR and artifacts,
by combining local and object-level information.

The second method developed a deep learning-based contour finding technique
to be made around the prostate center obtained in the first stage. Since the mentioned
techniques are applied for both transverse and sagittal AUS images of the same patient,
the prostate volume is estimated in 3D, and the result obtained can be compared with
MR data, which is known as the gold standard. A deep learning-based system, which
has been preferred recently, has been used for segmentation and size measurement for
prostate size measurement from AUS images. Although deep learning systems have
given successful results in many areas, they generally cannot produce good results in
the case of direct application in studies involving medical images. The main reason for
this is the scarcity of training data, the most basic need for deep learning techniques.
Although the dataset created for this study is the largest known so far, it was impossible
to use it directly for deep learning because the number of patients was less than
thousands. Therefore, a unique hybrid solution has been developed in which deep
learning and other techniques are used together. This technique aims to estimate the
distance of local particles on the image from the contour instead of directly finding a
contour in a given AUS image. Since only image fragments are used instead of the
whole image, tens of thousands of training image fragments can be created from a
dataset of a few hundred samples. The distance estimations obtained are used for
prostate size estimation thanks to a more classical ellipse fitting technique. When the
results obtained by using cross-validation techniques are examined thanks to this
unique method developed, it is seen that it is close to obtaining a size error difference
as much as the marking differences between experts.

The second method contributed to the literature with its hybrid design that
gathered a deep learning technique with a patch-based map creation strategy. The
method also proposed the extraction of a partite contour from the map as another
contribution.

Most radiology measurement systems are designed in an end-to-end fashion.
Expert in the loop solutions that are more compatible with experts’ normal workflow
is complicated with these kinds of designs. To know how the results were produced is

important for the experts to trust an automatic system. Examining the results of an end-
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to-end system is not easy to understand and explain for many. The operations of these
systems should be transparent to experts to be explainable.

The third method proposed an image-patch voting system to automate the
commonly used ellipsoid formula-based prostate-volume-estimation method by
addressing the explainability issues mentioned above. The method follows the
classical prostate volume estimation prosses outputting intermediate results for manual
intervention and final results for automatic use. Experts can see the detected endpoints
of the ellipsoid diameters and change the endpoint positions if necessary, providing
explainability and confidence in the final measurement results.

The effectiveness of the image-patch voting method was verified against a
common baseline model which gets image windows containing the whole prostate and
outputs the diameter endpoint location estimations. An ablation study was also done
to show the effect of the proposed data creation method and the proposed model.

Since some of the sample patients had both AUS and MR images, the proposed
system’s AUS volume estimations were compared with the gold standard. By
comparing both the proposed system and experts to the gold standard, it was shown
that the proposed system’s volume estimations fall within the expert estimations. The
markings made by two experts in two different marking sessions showed unignorable
intra-expert and inter-expert MAVD values in the estimations made on both the same
and different modalities. On the other hand, the MAVD values of the proposed system,
which were less than inter-expert MAVD values on AUS images and intra- and inter-
expert MAVD values on different modalities, indicate the good level of guidance
ability of the proposed method. The system can help to enhance expert volume
estimations’ stability and consistency.

The main contribution of the third method was an expert-in-the-loop technique
that works with raw AUS images. Another contribution was the novel use of a
QDCNN with a unique voting mechanism.

6.2. Future Work

The methods proposed in this work as solutions to the prostate localization and
volume estimation problems on AUS images may be applied to other modalities. Many
tasks in medical image analysis need localization as a prerequisite. The variation in

anatomical structures and the existence of more than one anatomical structure in a
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medical image make the localization process a challenge for automatic methods. The
DPM-based method proposed in this work provides a localization technique that also
turns the disadvantage of multiple organ existence into an advantage. The image-patch
voting-based mechanism with a novel deep model proposed in this work removes the
necessity of the localization step as a prerequisite for the detection of any part of any
anatomical structure. In future work, these proposed methods might be applied to other
modalities.

The proposed methods may be strengthened by implementing their mechanisms
to work with more than one AUS slice. Implementing the DPM-based method with
more than one slice from different planes would provide 3-dimensional information
that would yield a better localization. Using more than one slice for the patch-based
deep learning methods proposed in this work would provide more information for the
learning models and enhance the results. Using more than one slice would be a good
solution to the problems of differentiating different anatomical structures and the
existence of artifacts by giving the system the shape and scale information of the
anatomic structures from different imaging layers.

Different learning methods might provide solutions to the localization and
volume estimation problems on AUS images. The following paragraphs will explain
graph convolutional network (GCN) [Kipf and Welling, 2016], deformable
convolutional network [Dai et. al., 2017] (DCN), and generative adversarial network
[Goodfellow et. al., 2014] (GAN) structures as three sample methods that would
provide solutions to the mentioned problems.

GCN is one of the graph neural networks that were proposed to implement neural
networks with data of graph-based structures. GCN generalizes the convolution
operation from gird data to graph data. As shown in Figure 6.1, in 2D convolution the
neighbors of a node are ordered and have a fixed size whereas in graph convolution
the neighbors of a node are unordered and variable in size [Wu et. al., 2020].
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Figure 6.1: Difference between 2D convolution and graph convolution. (a) In 2D
convolution, the neighbors of a node are ordered and have a fixed size. (b) The
neighbors of a node are unordered and variable in size in graph convolution.

GCN would be a good solution to the localization problem on AUS images and
other modalities where more than one anatomical structure exists. GCN provides
solutions to many graph-based problems that can be formulated as node classification,
graph classification, node clustering, link prediction, and influence maximization.
Different anatomical structures, parts of anatomical structures, or both of them on
different slices might be represented as a graph. The localization problem might be
formulated as one of the mentioned problem settings according to the graph definition
chosen. The formulated localization problem then might be solved by using a GCN
that utilizes both the representation power of graphs and the learning ability of
convolutional networks.

The shape and size variation in anatomical structures on medical images
challenge medical image analysis studies. DCN implements two modules that enhance
the geometric transformation modeling capability of CNN, namely deformable
convolution and deformable Rol pooling. Deformable convolution allows free form
deformations of the sampling grid, by adding offsets to the regular grid sampling
locations of the standard convolution. Rol pooling similarly adds an offset to each bin
position in the regular bin partition of the previous Rol pooling, enabling adaptive part
localization for objects with different shapes. Figure 6.2 represents the deformable
convolution [Dai et. al., 2017]. DCN would be a good model to learn the anatomical
structures on AUS images and other modalities where variations exist that challenges

regular CNNs.
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input feature map output feature map

Figure 6.2: Representation of deformable convolution.

GANSs are a kind of generative model. A generative model can generate new data
instances by modeling the distribution of the data. A GAN model consists of two parts,
the generator, and the discriminator. The generator learns to generate fake data that the
discriminator can not distinguish from real data. The discriminator learns to detect fake
data and penalizes the generator for generating implausible data. The generator and
the discriminator incorporate learning to generate and detect fake data, respectively.
The representation of the GAN model is given in Figure 6.3. By using GANs the
image-patch voting map creation mechanisms in the proposed methods might be
enhanced by generating a voting map for each image patch and gathering the patch-

based voting maps together by adding vote values.

Discriminator loss

GENERATOR DISCRIMINATOR

Random input

Generator loss

REAL IMAGES

Figure 6.3: Representation of the GAN model.
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